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Abstract

FEmission allowances are policy-created financial assets whose return dynamics
depend on regulatory scarcity, market surplus, energy-market stress, and trad-
ing activity. This paper estimates a two-state time-varying transition probability
Markov model for European Union Allowance futures returns using Refinitiv
Workspace data. The transition law depends on four observable variables: a
market-implied EUA price-state proxy, official TNAC, Dutch TTF gas volatility,
and an EUA futures activity proxy. The gate is aligned to the next trading day’s
return, and TNAC values enter only from their public release dates onward. On
the common estimation sample from May 15, 2019 to May 28, 2026, the full gate
improves fit within the Gaussian Markov family by log likelihood and AIC, but
not by BIC, and heavy-tailed GARCH-family benchmarks remain stronger by
both AIC and BIC. Common-sample one-step-ahead ranking results are mod-
estly favorable to the Markov score, but fixed train-validation-test splits with
tail thresholds fixed from the training sample do not establish real-time forecast-
ing dominance over GARCH, and post-crisis VaR calibration remains weak. The
contribution is therefore interpretive and associative: observable policy surplus,
energy volatility, and activity variables help explain variation in EUA regime-
transition probabilities, while heavy-tailed volatility models remain important
density-forecasting benchmarks.

Keywords: carbon allowances, EU ETS, regime switching, policy design,
energy-market stress, market activity



1 Introduction and literature review

Direct carbon pricing is now a material macro-financial institution, not merely an
environmental-policy instrument. The World Bank Group reports that direct carbon
pricing covered nearly 30 percent of global greenhouse-gas emissions across 87 imple-
mented policies and mobilized more than USD 107 billion of public revenue in 2025
(World Bank Group 2026). Within that architecture, the European Union Emissions
Trading System (EU ETS) remains the most important laboratory for stochastic-
process research because it combines a liquid exchange-traded allowance market with
a legally engineered supply schedule, intertemporal banking, auctioning, compliance
demand, and repeated policy intervention. Its allowance price is therefore neither a
standard commodity price nor a purely financial asset price. It is the market value of a
policy-created compliance right whose scarcity is jointly determined by the cap, bank-
ing incentives, fuel-switching margins, regulatory credibility, and the expectations of
both compliance and financial traders.

The institutional environment has also changed materially in the most recent phase
of the EU ETS. The 2023 reform under Directive (EU) 2023/959 strengthened the cap
trajectory, revised free-allocation and Market Stability Reserve (MSR) rules, expanded
the system to maritime transport, and created a separate ETS2 for buildings and road
transport (European Parliament and Council of the European Union 2023; European
Commission 2026a). These reforms matter for return modeling because they make
the allowance market more forward looking: as the cap tightens, market participants
price not only current emissions demand but also the credibility and timing of future
scarcity. Pahle et al. (2025) describe this setting as the emerging “endgame” of the
EU ETS, in which the path toward climate neutrality and a near-zero long-run cap
may generate new frictions in allowance banking, liquidity, expectations, and price
formation. Consequently, the empirical object in a carbon-market stochastic process
is not simply volatility persistence; it is the law of motion of returns under a changing
market design.

The Market Stability Reserve is central to this problem. It adjusts auction supply
in response to the total number of allowances in circulation (TNAC), and the Euro-
pean Commission publishes the TNAC annually as the key surplus indicator used
for MSR operation (European Commission 2025, 2026b). The MSR, was designed to
absorb historical surplus and increase resilience to demand shocks, but the literature
shows that it can stabilize or destabilize the market depending on banking behavior,
expectations, and the interaction between quantity rules and price formation (Perino
et al. 2022; Borghesi et al. 2023). This is the first reason why a regime model for EUA
returns should not be purely latent. If the policy rule changes future allowance supply
in response to an observable surplus measure, then the transition between low- and
high-stress return states should plausibly depend on observable policy-state variables.

A second reason is that EUA returns are tightly connected to short-run energy-
market economics. The allowance price is influenced by the relative cost of coal- and
gas-fired generation because fuel switching changes emissions demand and marginal
abatement costs. Bai and Okullo (2023) show that the EU ETS allowance price
responds systematically to gas and coal prices and that allowance-cost pass-through
in major European power markets is economically substantial. This matters for the



present paper because the 2021-2022 European energy crisis made gas-market volatil-
ity an explicit stress channel for carbon prices. A model that ignores gas-market
turbulence can still fit volatility ex post, but it cannot explain whether stress-state
transitions are being triggered by energy-market pressure that is observable before the
next return is realized.

A third reason is the increasing financialization of carbon allowances. EUA futures
are used by compliance firms, utilities, commodity traders, asset managers, and risk
managers. Demiralay et al. (2022) treat carbon futures as an emerging asset class and
show that they can provide hedging and diversification value, although the hedging
relationship is time varying and deteriorated during the COVID-19 episode. More
recently, Wei et al. (2025) examine the financialization of the EU ETS and show that
external financial and commodity-market factors affect the system differently across
quantiles. This literature motivates the inclusion of market-activity variables such as
EUA futures volume. Trading activity is not only a liquidity control; it can proxy
the intensity with which information, hedging demand, and speculative pressure are
incorporated into the allowance market. For that reason, volume may influence regime
persistence even when it is not the primary source of a price shock.

The econometric literature on carbon prices has long documented that allowance
returns are non-Gaussian, heteroskedastic, and regime dependent. Seifert et al. (2008)
show that carbon prices behave differently from standard commodities. Benz and
Trueck (2009) and Daskalakis et al. (2009) document non-normality, jumps, and
derivative-pricing implications. Gronwald and Ketterer (2012) link large price moves
to jump-like dynamics and news, while Li et al. (2016) demonstrate the relevance of
regime-switching jump diffusion for allowance derivatives. This stream establishes why
a single-regime Gaussian diffusion is an inadequate benchmark, but it also creates a
higher burden for new work. Since heavy tails, jumps, and volatility clustering are
already known facts, the novelty of a new carbon-market process cannot come from
rediscovering them.

The methodological distinction is therefore important. Markov-switching models
provide a natural way to represent unobserved shifts in return distributions (Hamil-
ton 1989). Time-varying transition probability models extend this idea by allowing
transition probabilities to depend on observable state variables (Filardo 1994). In the
EU ETS setting, this distinction is economically meaningful. A latent Markov model
can label high- and low-volatility states after observing returns, but it does not tell
the reader whether those states are connected to policy surplus, energy-market stress,
or trading activity. A policy-state gated Markov process instead asks whether these
observables alter the probability of remaining in or moving into the high-stress state.
The transition law, rather than only the conditional variance, becomes the object of
economic interpretation.

Recent work reinforces the importance of interpretable state variables. Fuchs et al.
(2024) construct a market-based measure of carbon price uncertainty from EUA
options and show that uncertainty is high, persistent, and affected by major climate-
policy events. Cepni et al. (2025) further show that the persistence of carbon-price
uncertainty varies over time and is linked to carbon-policy uncertainty. Eksi et al.
(2025) estimate a partial-information regime-switching model for EU ETS prices



through October 2024, confirming that richer state inference is useful in allowance
markets. These modern contributions strengthen the case for regime-based modeling
and highlight an unresolved issue: the transition specification itself should be explicitly
connected to the policy and market variables that define the EU ETS.

This paper addresses that gap by estimating a two-regime time-varying transi-
tion probability model for EUA futures returns. The transition law depends on four
observable state variables motivated by EU ETS economics and market functioning: a
market-implied EUA price-state proxy, official TNAC, Dutch TTF gas volatility, and
an EUA futures activity proxy. The contribution is interpretive rather than causal.
First, the paper places policy-related and market-activity variables directly in the
transition equation instead of treating them only as ex post narratives for latent
states. Second, it estimates the model on a Refinitiv EUA futures panel rather than on
public ETF proxies. Third, it evaluates the specification against latent-regime, nested-
gate, and stronger volatility benchmarks, including Student-t GARCH, GJR-GARCH,
and EGARCH, while separating common-sample regime interpretation from held-out
validation. Fourth, it translates coefficient estimates into scenario-based changes in
transition probabilities and stress-state occupancy, with accompanying uncertainty
intervals.

This framing deliberately avoids an exaggerated claim. The purpose of the model is
not to impose a causal interpretation on TNAC, gas volatility, or trading activity, nor
to claim automatic dominance over every volatility benchmark. It is to test whether
these observable variables are associated with economically interpretable variation in
the timing and persistence of return regimes. If they are, then the model contributes
a policy-state interpretation that a reduced-form volatility recursion cannot provide.

The remainder of the manuscript proceeds as follows. Section 2 states the eco-
nomic channels and hypotheses. Section 3 develops the stochastic process. Section 4
describes estimation and forecast evaluation. Section 5 presents the data construction
and empirical sample. Section 6 reports the empirical results. Section 7 concludes.

2 Economic channels and hypotheses

Emission allowances are regulatory compliance rights, not ordinary commodities. Their
price is formed by the interaction of a legally fixed supply path, compliance demand
from covered installations, intertemporal banking, fuel-switching incentives, and the
trading behavior of financial intermediaries. This institutional structure makes the
conditional distribution of EUA returns inherently state dependent. When the market
expects future scarcity, a small change in policy credibility, energy costs, or hedg-
ing demand can move the allowance price sharply. When the market is perceived as
well supplied, the same shock may be absorbed by banked allowances and produce a
weaker return response. The relevant economic object is therefore not only the level of
volatility, but the probability that the market moves into, remains in, or exits a stress
state.

The policy channel is centered on the cap, auction supply, allowance banking, and
the Market Stability Reserve (MSR). The total number of allowances in circulation
(TNAC) is the official surplus measure used to guide MSR, operation, while auction



volumes and cancellation rules affect the expected quantity of allowances available to
the market (European Commission 2025, 2026b; Perino et al. 2022; Borghesi et al.
2023). These rules create a feedback channel from observed surplus to expected future
supply. A high TNAC may signal weak current scarcity, but it may also activate expec-
tations of future supply withdrawal through the MSR. Conversely, a low TNAC may
imply immediate scarcity but less future MSR intake. Hence the expected sign of the
TNAC effect on return regimes is not imposed mechanically; it is an empirical question
about how the market prices surplus, banking value, and future policy adjustment.

Energy-market conditions provide the second channel. EUA demand is linked to
the marginal emissions intensity of power generation because gas, coal, and power
prices affect fuel switching and short-run abatement incentives (Bai and Okullo 2023).
In normal periods, changes in fuel prices may be reflected gradually through expected
compliance demand. During energy stress, however, gas-price volatility can transmit
rapidly to EUA returns because it changes both the expected use of fossil generation
and the uncertainty surrounding marginal abatement costs. Dutch TTF gas volatility
is therefore interpreted as an observable energy-stress variable rather than as a generic
commodity control.

Market activity provides the third channel. EUA futures volume reflects the inten-
sity of compliance hedging, speculative trading, portfolio rebalancing, and information
incorporation in a financialized carbon market (Demiralay et al. 2022; Wei et al. 2025).
High volume need not imply a one-day shock; it can instead indicate that many par-
ticipants are updating positions under common policy or energy information. For this
reason, trading activity may affect regime persistence by making the high-stress state
more self-sustaining, even after the initial shock has passed.

Let B; denote the policy-surplus state, represented empirically by TNAC and
related surplus information; let A; denote auction-supply and MSR-related supply
conditions; let F; denote energy-market conditions; let D; denote policy-event infor-
mation; and let M; denote market-activity and macro-financial controls. A compact
state vector is

Y, = (By, Ay, By, Dy, My)' (1)
In the empirical specification, this broad vector is represented by four observable
transition-gate variables: a rolling EUA price-state proxy, official TNAC, 21-day annu-
alized Dutch TTF gas volatility, and EUA futures log volume. The price-state proxy
summarizes the relative position of the allowance price, TNAC captures the offi-
cial policy-surplus state, gas volatility captures energy-market stress, and log volume
captures the intensity of trading and information processing.

The empirical channel summary is as follows. A low-stress regime is expected
when surplus conditions are stable, energy volatility is moderate, and trading activ-
ity is consistent with ordinary hedging and liquidity provision. A high-stress regime
is expected when policy-surplus information, energy-market turbulence, or trading
activity changes the market’s assessment of future scarcity. The proposed model does
not require these channels to move returns in the same direction; it requires only that
they alter the transition probabilities between return states.

Four hypotheses organize the empirical design.



H1: Regime dependence. EUA returns are sufficiently heavy-tailed and state
dependent that a single-regime Gaussian return model is an inadequate benchmark.
H2: Policy-state association. Official policy-state information, especially TNAC
and the market-implied EUA price-state proxy, is associated with changes in the
probabilities of entering and exiting the high-stress regime.

H3: Energy and activity channels. TTF gas volatility and the EUA activity
proxy add incremental transition information beyond the market-implied price-state
proxy and TNAC alone.

H/: Diagnostic value. A gated Markov process improves the interpretation and
classification of EUA return regimes relative to a purely latent Markov model and
simpler nested gates, even if heavy-tailed volatility models remain competitive for
reduced-form density fit.

These hypotheses deliberately separate density fitting from economic state iden-
tification. The purpose of the proposed process is not to replace every volatility
benchmark, but to test whether observable policy, energy, and market-activity
variables help explain the law of motion of EUA return regimes.

3 Policy-regime stochastic process

Let S; denote the EUA futures price, X; = log S, and let r;41 = 100(X¢y1 — X3t) be
the daily log return measured in percent. The economic channels in Section 2 suggest a
regime-dependent return process rather than a single invariant diffusion. Because the
contribution of the paper is empirical and discrete-time, the estimated specification
begins directly with a state-dependent daily observation equation rather than with a
continuous-time jump-diffusion representation.

Following the logic of Markov-switching and time-varying transition probability
models (Hamilton 1989; Filardo 1994), the baseline daily model is a two-state Markov
normal process with state-dependent conditional moments,

Tt+1 | (Zt+1 = ja ft) ~ N(/”'j70-]2')a .7 € {Oa l}a (2)

where
Fi=o0(rs,Gs: s < t)
is the information set observed by the end of trading day t. In the empirical application,
daily gate variables are treated as end-of-day observables, so the forecast target is
always the next close-to-close return r;y; rather than the same-day return r;. The
states are labelled by volatility, with oy < o7; state 0 is therefore interpreted as the
low-stress regime and state 1 as the high-stress regime. This labelling restriction is
important because the latent-state likelihood is otherwise invariant to a relabelling of
the two regimes.
Let the active gate be

Gy = (8¢, T4, Gt,0r)', (3)
where 5; is the standardized market-implied price-state proxy, 7; is standardized
TNAC, g, is standardized Dutch TTF gas volatility, and 9; is the standardized EUA



activity proxy. The transition law is

Piot = Pr(Zs1 = 0| Zy = i,Gy) = A(aio + 005, + 007 + 69, + b§g>@t) . ie{0,1},
(4)

where A(z) = (1 + e *)~!. Since there are two states, p;1+ = 1 — pjo+ and the time-¢

transition matrix is )
Poo,t L — Poo,t
Fi(Gr) = <p10,t 1 —p1o,t> ' (5)

The coefficients have direct economic meanings because all gate variables are standard-
ized. In the first row, a negative coefficient lowers low-state persistence poo + and raises
the probability of entering the high-stress state. In the second row, a negative coef-
ficient lowers the exit probability pi1p+ and therefore increases high-state persistence.
This is the key difference from a purely latent Markov model: the transition proba-
bilities are not fixed constants inferred only from returns, but functions of observable
policy surplus, energy stress, and trading activity.

The filtering recursion gives the likelihood and the state probabilities used in the
empirical section. If m; ; = Pr(Z; =i | F;) denotes the filtered probability, the one-step
predicted probability for state j is

1
Eiar1e =Pr(Zey1 =j | Fy) = Zﬂ'i,tpij,t' (6)
i=0

After observing r;y1, Bayes’ rule updates the filtered probability as

fj,t+1\t ¢(Tt+1§ﬂjaaj2')

1
Zz:o f&t+1|t ¢(7”t+1§ e, U?) 7

(7)

Tjt+1 =

where ¢(-;u,0%) is the normal density. Equations (6)—(7) show how covariate-
gated transition probabilities and realized returns jointly determine the high-stress
probability plotted and evaluated later.

The one-day predictive density is the normal mixture

1
p(reer | Fi) = Zgj,t-&-llt G(riy1; p15,07). (3)
j=0
Thus the predictive mean and variance are

1 1
2 2 2
mi+1 = ij,t-i—lht,ujv Vt+1 = ij,t+1|t(0j + ﬂj) — Myyy- (9)
j=0 j=0



For a left-tail probability level a, the predictive quantile g4 ¢4+1 solves

1
o, - My
ij,t-s-utq)(M) =q, (10)

g
=0 I

where ®(-) is the standard normal distribution function. The corresponding expected
shortfall of returns is

1
1 Jo,t+1 — Hj
ESa+1 =~ DG (1) — 05 0(zr000)] sz = . (1)
J=0 J
These formulas explain why the proposed model can be evaluated both as a density
model and as a policy-state classifier.
Finally, for scenario analysis, the gate can be frozen at a given value G. The implied
long-run high-stress share of the resulting two-state transition matrix is

po1(G)
wi(G) = 2o (@) + 1= pia ()’ po1(G) =1 = poo(G). (12)
This quantity converts transition coefficients into interpretable policy-state compar-
isons. For example, moving TNAC, TTF gas volatility, or the EUA activity proxy from
a low to a high percentile changes P;(G) and therefore changes both the probability
of entering stress and the persistence of stress once it begins. The empirical model is
therefore not merely a volatility mixture; it is a regime process whose transition law
is conditioned on observable features of the EU ETS market environment.

4 Estimation and forecast evaluation

The model is estimated on the policy-enriched common sample for which EUA returns
and all active gate variables are observed jointly. Let

Z="{to,to+1,...,tmax — 1}

denote this estimation index set, with sample size n = |Z|, beginning on May 15, 2019
in the empirical application. The timing convention is deliberately forward-looking:
the standardized gate Gy = (8¢, 7t, gt, U;)’ is observed at time ¢ and is used to determine
the transition probabilities for Z; ;. The realized return r;4; is then evaluated under
the predictive mixture distribution implied by the filtered probabilities and the policy-
state gated transition matrix. This convention prevents the transition variables from
being interpreted as ex post labels of the return state.
For a parameter vector

0 = {0, p11, 00,01, aoo, @10, boo, bio},



where ,

bio = (045,045 058 045
for the full gate and the appropriate subvectors are used for the nested specifications,
the log likelihood is obtained from the Hamilton filter described in Section 3:

1
00) = log | > & ri1e(O)d{reas pj o7} | - (13)
j=0

tel

The filtered probabilities are initialized with diffuse probabilities and updated recur-
sively. The standard deviations are restricted to be positive, and the two regimes are
labelled after estimation so that oy < o1. This labelling makes state 0 the low-stress
regime and state 1 the high-stress regime throughout the empirical analysis.

The likelihood is non-convex, so estimation uses a repeated-start design. All
Markov-family specifications are estimated with the statsmodels BFGS optimizer
using 20 search repetitions. The latent two-state benchmark uses a maximum of 1000
iterations, while the covariate-gated specifications use a maximum of 2000 iterations.
The optimizer tolerance is the package default gradient tolerance, the reported covari-
ance matrix is the inverse-Hessian-based covariance returned by the optimizer, and
failed starts are handled by the repeated-search routine.

The estimation strategy uses maximum likelihood and compares a nested sequence
of models on the same common sample. The first benchmark is a Gaussian iid model,

Ti41 = H+ 041, et+1 ~ N(0,1),

which tests whether a single unconditional return distribution is sufficient. The sec-
ond benchmark is a latent two-regime Markov normal model with constant transition
probabilities. The other Markov specifications introduce observable gate variables
progressively:

GV =),  GP=GLR), G =GuTa), G = (5,7, G 0)

This nesting is central to the interpretation argument. A scarcity-only gate tests
whether a price-based state proxy is sufficient. Adding TNAC tests whether official
policy surplus carries incremental information. Adding TTF gas volatility tests the
energy-stress channel. Adding the EUA activity proxy tests whether market participa-
tion affects regime entry or persistence after policy and energy variables have already
been included.

The four baseline gate variables are pre-specified on economic grounds.

Reduced-form volatility benchmarks are included to separate two different notions
of model quality. The Gaussian and Student-t GARCH(1,1) models are estimated as

Te41 = o+ g1 zig, hiy1 = w + agj + SBhy, (14)

where z;y1 is either standard normal or standardized Student-t with degrees of
freedom v. In addition, the empirical comparison includes Student-t GJR-GARCH



and Student-t EGARCH specifications. These models are strong density benchmarks
because they are designed to absorb volatility clustering, leverage-type asymmetry,
and heavy tails. They are not direct substitutes for the gated Markov specification
because they do not map regime probabilities to observable policy, energy, and activity
variables.

All models are evaluated first by common-sample likelihood and information
criteria,

AIC = —20(f) 4+ 2k,  BIC = —2((0) + klogn, (15)
where k is the number of estimated parameters and n is the number of return obser-
vations. The relevant comparison is not only whether the proposed gate improves on
volatility benchmarks in density fit, but whether it improves on the latent and nested
Markov specifications as economically meaningful state variables are added. A gated
model that fails this nested comparison would have weak interpretive content even if
it generated plausible narratives.

Forecast and risk measures are computed from the one-step predictive distribution.
For the policy-state gated Markov model, the reported quantities are the predictive
mean my41, predictive variance vy, the 5 percent Value-at-Risk go.05¢+1, and the
corresponding expected shortfall ESj g5.¢+1 from Equations (9)—(11). For the GARCH
benchmarks, the same quantities are computed from the conditional innovation dis-
tribution and the fitted conditional variance. This gives a fair density and tail-risk
comparison while preserving the distinction between reduced-form volatility forecasts
and policy-state probabilities.

The second evaluation dimension is stress-state classification. Define absolute-tail
and left-tail indicators by

[?bs = 1{|r¢| > qo0.00(|7]) }, I},Eft = 1{r: < qo.05(r)}. (16)

The gated Markov model is scored by the one-step-ahead predicted high-stress prob-
ability Pr(Z; = 1 | F;_1), whereas the volatility benchmarks are scored by their
one-step-ahead conditional volatility. The reported area under the ROC curve (AUC)
measures whether large realized stress days receive higher scores than ordinary days.
The top-decile hit rate reports the fraction of tail days contained in the highest decile
of each model score. In held-out validation, the absolute-tail and left-tail thresholds
are fixed from the corresponding training sample to avoid future information in the
event definition. To complement those ranking statistics, the analysis also evaluates
Brier scores, predictive log scores, VaR hit rates, Kupiec unconditional-coverage tests,
expected-shortfall comparisons, and block-bootstrap intervals for pairwise held-out
score differences.

Finally, the fitted transition law is translated into policy-state scenarios. For each
active driver, the driver is moved from its 10th to its 90th percentile while the other
gate variables are fixed at their medians. The resulting transition probabilities po1 (G)
and p11(G), together with the implied high-stress share w; (G) in Equation (12), sum-
marize the economic effect of TNAC, gas volatility, scarcity, and volume on regime
entry and persistence. Event-window measures are used only as supporting evidence:
for each policy or market event, the largest absolute return in a seven-day window
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is recorded and compared with a conservative 2.5-standard-deviation threshold. The
main empirical claim therefore rests on common-sample nested model comparison,
state classification, and interpretable transition scenarios rather than on isolated event
narratives.

5 Data and empirical design

The empirical analysis is built from a Refinitiv Workspace panel designed to separate
three objects that are often mixed in carbon-market studies: the EUA return series to
be modelled, the policy-state variables that can move the transition law, and supple-
mentary market variables. The primary allowance series is the continuous EUA futures
contract with RIC CFI2c1. The expanded market-state panel also contains Brent oil
futures, WTI crude oil futures, Dutch TTF gas futures, German power futures, API2
coal, a European utilities index, Euro Stoxx 50, VSTOXX, and EUR/USD. Table 2
reports the Workspace identifiers, start dates, and observation counts. The longest
price histories begin in early 2015 and run through May 30, 2026; the common estima-
tion sample is shorter because all active transition variables must be jointly available
and correctly timed with the next EUA return.
Let S; denote the cleaned EUA futures price. Daily returns are computed as

7t = 100{log(S;) — log(S;—1)}, (17)

so the reported regime means and standard deviations are in percent per trading day.
The descriptive statistics use the longer aligned Refinitiv return span whenever the
relevant price is available. The regime-switching comparison uses the policy-enriched
common sample from May 15, 2019 to May 28, 2026, where EUA returns, the market-
implied price-state proxy, official TNAC, Dutch TTF gas volatility, and EUA trading
activity are observed jointly. This distinction is important: the long sample documents
unconditional carbon-return properties, while the common sample is the valid sample
for estimating the time-varying transition process in Section 3.

The active state vector is constructed to match the timing convention of the
stochastic process. The gate Gy = (84, 7¢, ¢, U¢)’ is observed at date ¢t and is used to
determine the transition distribution of Z;; before ryy; is evaluated. In the imple-
mented design, the target return is shifted forward by one trading day so that each
row contains the gate observed at date ¢ and the realized return from ¢ to the next
trading day. These four baseline gate variables are the pre-specified specification used
for the main results. The price-state proxy s; is a rolling percentile of the EUA futures
price, interpreted as a market-implied relative price-state index rather than an external
policy scarcity measure. For a rolling window of length Ly, it can be written as

L
1 s
St = f Z 1{St7£ S St}, (18)

8 p=1

which places the current allowance price between 0 and 1 relative to its recent history.
The empirical analysis sets Ly = 252 trading days. Official TNAC is measured in

11



Table 1 Construction of the active policy-state gate variables

Variable Construction Interpretation in the transition
gate
Price-state proxy st Rolling percentile of the EUA  Market-implied relative EUA
futures price price state and banking value
TNAC 7¢ Official TNAC in millions of Policy surplus and MSR-

allowances, carried forward relevant market balance
between publications
TTF gas volatility g; 21-day annualized volatility Energy-market stress and fuel-

of Dutch TTF gas returns switching uncertainty
EUA log volume vt log(1 + Vi) from CFI2Zcl Trading intensity proxy; lagged
ACVOL_UNS and contract-matched alterna-

tives are checked separately

millions of allowances and is carried forward only from its public release date onward,
because TNAC is an annual policy-state variable rather than a daily market price
(European Commission 2025, 2026b). Table 3 reports the publication-date audit used
in the gate construction. Dutch TTF gas volatility is the 21-day annualized standard
deviation of TTF log returns,

gr = V252sd{rr e PRy (19)

and captures short-run energy-market stress. EUA trading activity is measured by log
futures volume,

vy = log(1+ V), (20)
where V; is the observed EUA futures activity field. In the baseline specification, V; is
taken from Refinitiv RIC CFI2Zc1 field ACVOL_UNS, which gives the broadest feasible
common sample. Because that field is a December-contract activity proxy rather than
a contract-matched continuous-return series, it is interpreted as a practical activity
proxy rather than a contract-exact series. Each active regressor is standardized on the
common estimation sample,

Ty = 3 Tt € {St77—tvgt,vt}7 (21)

so that the transition coefficients in Section 6 are comparable across policy surplus,
energy stress, and market activity.

Additional market and policy variables are retained as supplementary evidence
rather than active baseline gates. German power volatility, API2 coal volatility, Euro-
pean utilities volatility, EUR/USD volatility, MSR, threshold indicators, estimated
MSR intake, and regulatory-event windows are used for robustness-oriented inspection
only. The baseline gate is deliberately parsimonious: it contains one market-implied
price-state variable, one official policy-state variable, one energy-stress variable, and
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Table 2 Refinitiv Workspace download status for the expanded
market-state panel

Series RIC Start  Observations
EUA continuous futures CFI2cl 2015-01-02 2926
Brent oil futures LCOc1 2015-01-02 2945
WTI crude oil futures CLc1 2015-01-02 2872
Dutch TTF gas futures TRNLTTFMc1 2015-01-02 2929
German power futures DEBMc1 2017-04-24 2319
API2 coal OTRAPI2Mc1°2  2015-01-02 2141
European utilities index . SX6P 2015-01-02 2929
Euro Stoxx 50 .STOXX50E 2015-01-02 2928
VSTOXX .V2TX 2015-01-02 2903
EUR/USD EUR= 2015-01-02 2976

one market-activity variable. This design avoids an overfitted transition equation while
preserving the economic channels required by the hypotheses.

The data-cleaning procedure is designed to make the timing convention explicit.
First, raw Workspace series are sorted by date, converted to numeric values, and
screened for non-positive prices before log returns are computed. Second, market-state
variables are aligned to the EUA trading calendar; missing daily market variables are
not mechanically forward-filled, while official policy variables are carried forward only
from their public release dates. Third, the gate at date t is paired with the next trad-
ing day’s return so that the transition law is genuinely forward looking at the row
level. Fourth, the common estimation panel is formed by retaining only observations
for which the forward return and all active gate variables are available. The event-
window indicators are then added after the common sample is formed, so they support
supplementary checks without defining the baseline transition mechanism. This pro-
cedure is intentionally conservative on volume handling: alternative activity fields are
kept separate and compared explicitly rather than filled or merged ad hoc.

The resulting design links the empirical data directly to the econometric claim
of the paper. The descriptive sample is used to show that EUA returns are heavy-
tailed and volatile enough to require regime-sensitive modelling. The policy-enriched
common sample is used to test whether observable market design, energy stress, and
trading activity improve transition-state identification. The principal limitation is the
low update frequency of official policy variables relative to daily returns; however,
this is a feature of the EU ETS policy architecture rather than a data-processing
defect. The empirical question is therefore whether this low-frequency official policy
information, when combined with daily energy and trading variables, is sufficient to
improve the interpretation of EUA return regimes.

6 Empirical results

The empirical results are organized around the economic logic of the model rather
than around the order in which individual tables and figures are produced. The evi-
dence is developed in four connected steps. First, the EUA return series is shown
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Table 3 TNAC publication timing and first-use audit on the common sample.

Publication date TNAC year TNAC (million) First gate date used Last gate date used

Gate days in sample

2019-05-15 2018 1654.9098 2019-05-15 2020-05-07
2020-05-08 2019 1385.4962 2020-05-08 2021-05-14
2021-05-17 2020 1578.7724 2021-05-17 2022-05-12
2022-05-13 2021 1449.2142 2022-05-13 2023-05-12
2023-05-15 2022 1134.7947 2023-05-15 2024-05-31
2024-06-03 2023 1111.7365 2024-06-03 2025-05-30
2025-06-01 2024 1148.0496 2025-06-02 2026-05-28

249
259
255
256
267
252
251

to be too asymmetric, tail-sensitive, and clustered to be adequately summarized by
a single Gaussian return law. Second, the transition gate is assessed as an inter-
pretable mechanism linking policy scarcity, energy-market stress, and trading activity
to movements between low- and high-stress regimes. Third, the fitted state probabili-
ties are evaluated as stress-ranking and density objects. Fourth, the held-out evidence
is used to discipline the strength of the forecasting claim. This structure separates
three distinct claims: the presence of regime dependence, the economic interpretability
of the transition variables, and the more demanding question of real-time predictive
superiority.

6.1 From unconditional non-normality to latent stress regimes

The descriptive evidence in Table 4 provides the first reason for using a regime-sensitive
specification. Over the aligned Refinitiv sample, the EUA proxy has an annualized
mean log return of 21.59% and an annualized volatility of 42.81%. Its daily returns are
mildly left-skewed, have excess kurtosis of 4.35, and produce a 5% expected shortfall of
about —6.14%. These features indicate that the allowance return distribution contains
both large downside observations and non-Gaussian tails. The comparison with energy
and financial variables reinforces this interpretation. Dutch TTF gas is substantially
more volatile, with annualized volatility of 74.41% and a 5% expected shortfall of
about —10.73%, while Brent, WTT, utilities, Euro Stoxx 50, volatility, and EUR/USD
series show that EUA futures are embedded in a broader energy-financial system. The
basic empirical environment is therefore not a one-factor carbon market in isolation,
but a policy-created asset exposed to scarcity, energy shocks, macro-financial risk, and
trading conditions.

The time-series evidence in Figure 1 shows that this non-normality is dynamic
rather than purely marginal. EUA prices rose strongly after 2018, were sharply repriced
during the 2021-2022 energy crisis, corrected during the later allowance-price draw-
down, and then experienced further recovery and adjustment episodes. Large positive
and negative returns are temporally clustered, and the filtered and one-step-ahead
predicted high-stress probabilities concentrate around the 2022 energy shock, the 2024
allowance-price drawdown and rebound, and the early-2026 adjustment. The filtered
probability describes the state associated with the return just observed, whereas the
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Table 4 Summary statistics for Refinitiv market series.

Series Obs. Ann. mean Ann. vol. Skew Ex. kurt. ES 5%
EUA proxy 2896 21.5916 42.8108 -0.3063 4.3504 -6.1444
Brent oil 2909 4.6007 40.3404  -1.1848 17.2974 -6.0516
Crude oil 2763 18.5271 46.5316 0.6981 34.2154 -6.3534
Dutch TTF gas 2858 1.9858 74.4108 0.7361 12.7036  -10.7310
API2 coal 612 -12.4832 35.1932 0.4418 11.9892 -5.0623
European utilities 2897 4.2596 17.5224  -1.4247 16.9675 -2.6281
EuroStoxx50 2895 5.8514 18.9186  -0.8006 10.7326 -2.9145
VSTOXX 2859 -16.0713 113.8845 0.7229 4.2616  -14.3719
EURUSD 2975 -0.2442 7.7844 0.1377 2.2592 -1.0678

predicted probability is the timing-correct score used in the ranking exercises below.
Thus, the state sequence is interpreted as a compact representation of clustered market
stress rather than as independent evidence of forecasting dominance.

Distributional evidence in Figure 2 leads to the same conclusion from a different
angle. The empirical histogram has a sharper center and fatter tails than a Gaussian
density, and the Q-Q plot shows visible tail departures from normality, especially on
the downside. A two-regime mixture provides a parsimonious way to combine ordinary
low-stress observations with a high-volatility component. This link between clustered
stress probabilities and fat-tailed returns is the main support for H1: the Gaussian
iid benchmark is not an adequate description of EUA futures returns, and regime
dependence is an empirically relevant feature of the data.

6.2 Information added by the policy-state transition gate

Once regime dependence is established, the next question is whether observable pol-
icy and market variables improve the transition law. The model comparison in Table
5 gives a clear within-family answer but also imposes an important boundary on the
interpretation. Moving from the Gaussian iid model to the latent two-regime Markov
normal model lowers the AIC from 8442.40 to 8198.23, confirming that regime depen-
dence is essential. The price-state-only gate does not improve the latent benchmark
on the common sample, with an AIC of 8201.58. The improvement begins when policy
and market-state information is added: including TNAC lowers the AIC to 8192.02,
adding Dutch TTF gas volatility reduces it to 8182.67, and the full specification
with the EUA activity proxy reaches 8176.34. This nested progression supports the
transition-gate argument within the Gaussian Markov class.

The same evidence also prevents overstatement. The full gate is selected by log
likelihood and AIC, but not by BIC. Its BIC is 8253.19, compared with 8231.17
for the latent Markov normal benchmark and 8248.55 for the policy-plus-gas gate.
Heavy-tailed GARCH-family models are stronger unconditional density engines, with
AIC/BIC pairs of 8116.46/8143.90 for Student-t GARCH and 8116.35/8149.29 for
GJR-GARCH Student-t. The appropriate claim is therefore not that the full gate
dominates all volatility models. Rather, observable policy, energy, and activity vari-
ables add interpretable transition information within a Gaussian regime-switching
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Table 5 Common-sample model comparison for EUA futures returns.

Model Log likelihood AIC BIC
Gaussian iid -4219.2019  8442.4038  8453.3826
Latent two-regime Markov normal -4093.1171  8198.2342  8231.1707
Scarcity-only Markov gate -4092.7905  8201.5810  8245.4963
Scarcity + TNAC Markov gate -4086.0097  8192.0193  8246.9134
Policy + gas-vol Markov gate -4079.3366  8182.6731  8248.5461
Proposed policy-gated Markov normal -4074.1707 8176.3413  8253.1931
GARCH(1,1) normal -4081.2826  8170.5651  8192.5228
GARCH(1,1) Student-t -4053.2289  8116.4577  8143.9048
GJR-GARCH(1,1) Student-t -4052.1771  8116.3541  8149.2906
EGARCH(1,1) Student-t -4053.2855  8118.5710  8151.5075

representation, while heavy-tailed conditional-volatility models remain harder density
benchmarks.

The economic role of the gate is clarified by the construction of the state variables
in Figure 3. The price-state proxy summarizes relative EUA price pressure, TNAC
and MSR intake represent slowly updated official surplus information, Dutch TTF
gas volatility captures the dominant energy-stress channel, and the Refinitiv activity
proxy captures changes in allowance-market trading intensity. These variables are not
redundant controls. They represent different channels through which a policy-created
commodity-financial asset can enter, remain in, or exit a high-stress state.

At the parameter level, Tables 6 and 7 show that the two regimes are separated
primarily by risk rather than by expected return. The lower-stress state has an esti-
mated daily mean of about pg = 0.077% and a daily standard deviation of about
o9 = 1.788%. The higher-stress state has a similar mean, about u; = 0.024%, but
a much larger daily standard deviation of about o1 = 3.790%. This is the pattern
expected from a stress-state model: the high regime is not a high-return state, but a
high-uncertainty state. The benchmark volatility coefficients are reported separately
so that the interpretation of Markov transition risk is not conflated with reduced-form
GARCH variance dynamics.

The transition coefficients provide the main associative interpretation of the gate.
Because the logistic transition law is written for Pr(Z;y1 = 0| Z; = i,-), a negative
slope in the 0 — 0 equation lowers low-state persistence and raises the probability
of entering stress. TNAC and gas volatility both have negative 0 — 0 slopes, so
higher values are associated with greater pressure to move from the low-stress state
to the high-stress state. The activity proxy behaves differently. Its 0 — 0 slope is
positive, while its 1 — 0 slope is negative, which is more consistent with a stress-
persistence channel than with a simple stress-entry trigger. The price-state proxy is
also asymmetric: a higher relative EUA price level is associated with more stress-entry
pressure through the 0 — 0 equation, but faster exit from stress through the 1 — 0
equation.

Scenario calculations in Table 8 make these coefficient signs economically readable
by moving each driver from its 10th to its 90th percentile while holding the remaining
drivers at their medians. TNAC is the clearest policy-state channel in point-estimate
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Fig. 3 Observable policy-state variables used in the baseline design. The scarcity panel is a unit-
interval rolling price-state proxy. The TNAC and MSR panel is in millions of allowances. The energy
panel reports 21-day annualized volatilities. The activity panel reports log(1+ V%) from Refinitiv RIC
CFI2Zc1 field ACVOL_UNS, with shaded regulatory-event windows shown as supplementary context.

terms: when TNAC rises from 1,111.7 to 1,654.9 million allowances, the low-to-high
transition probability increases from 0.83% to 21.05%, and the implied stress-state
share rises from 7.76% to 31.60%. This is economically meaningful, but it must be
interpreted cautiously because TNAC changes only at annual publication dates. The
gas-volatility channel is stronger and more precisely estimated. When Dutch TTF gas
volatility rises from 0.34 to 1.39, the low-to-high transition probability increases from
2.07% to 25.20%, and the implied stress-state share rises from 8.68% to 47.69%. The
activity proxy again points to persistence rather than entry: moving it from 9.64 to
10.56 lowers the low-to-high transition probability from 7.59% to 2.78%, but raises
high-stress persistence enough to increase the implied stress-state share from 11.24%
t0 30.69%. Finally, the market-implied price-state proxy lowers the implied stress share
from 26.16% to 15.29% across its 10th-to-90th percentile shift, confirming that its role
is asymmetric rather than a monotone scarcity effect.
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Table 7 Estimated parameters of benchmark GARCH-family models.

Table 6 Estimated parameters of the covariate-gated

two-regime Markov normal model. Entries report estimates
with delta-method standard errors in brackets.

Estimate
Symbol Meaning [s.e]
aoo transition intercept, 0 — 0 3.064 [0.361]
alo transition intercept, 1 — 0 -1.528 [0.507]
bé%) scarcity slope, 0 — 0 -0.725 [0.342]
bg%) scarcity slope, 1 — 0 1.165 [0.431]
b\7) TNAC slope, 0 — 0 -1.316 [0.339]
7 TNAC slope, 1 — 0 0.773 [0.520]
bé%) gas-volatility slope, 0 — 0 -1.222 [0.385]
b9 gas-volatility slope, 1 — 0 0.142 [0.347]
bgé) volume slope, 0 — 0 0.452 [0.250]
b{?)  volume slope, 1 — 0 11.332 [0.469]
140 low-stress mean, percent 0.077 [0.059]
1 high-stress mean, percent 0.023 [0.178]
) low-stress s.d., percent 1.788 [0.054]
o1 high-stress s.d., percent 3.790 [0.176]

GARCH(1,1) GARCH(1,1) GJR-GARCH EGARCH
Symbol Meaning normal Student-¢ Student-¢ Student-¢
m constant mean, per- 0.062 0.070 0.0580 0.0570

cent

w variance intercept 0.126 0.107 0.0930 0.0470
aq shock loading 0.091 0.074 0.0530 0.1660
Y1 asymmetry loading - — 0.0280 -0.0220
61 persistence loading 0.893 0.911 0.9200 0.9760
v Student-¢ d.f. — 7.684 7.6990 7.3140

The uncertainty quantification in Table 9 narrows these scenario interpretations.

The gas-volatility effect remains the strongest channel, with a stress-share increase
of 0.3901 and a confidence interval from 0.1323 to 0.6336. The TNAC point estimate
is positive, but its stress-share interval crosses zero, which is consistent with the low
effective number of official policy updates. The activity effect is also delicate: its point
estimate raises the stress share through persistence, but both the stress-share and low-
to-high-probability intervals are wide. Consequently, H2 is supported only cautiously,
mainly through the AIC improvement and the economically meaningful TNAC point
estimate, while H3 is supported most clearly for the gas-volatility channel and more
tentatively for the activity channel.
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Table 8 Implied transition probabilities across policy-state scenarios.

Pr(Ziy1 =1 Pr(Ziy1 =1  Implied

Driver Level Value |Zi = 0) |Zi =1)  stress share
Market-implied price-state proxy 10th percentile 0.1306 0.0129 0.9634 0.2608
Market-implied price-state proxy 90th percentile 0.9881 0.0827 0.5421 0.1530

TNAC (million allowances) 10th percentile 1111.7365 0.0083 0.9013 0.0774

TNAC (million allowances) 90th percentile 1654.9098 0.2104 0.5447 0.3160

TTF gas volatility 10th percentile 0.3433 0.0206 0.7829 0.0867

TTF gas volatility 90th percentile 1.3852 0.2524 0.7234 0.4771

EUA activity proxy 10th percentile 9.6379 0.0759 0.4007 0.1124

EUA activity proxy 90th percentile 10.5626 0.0278 0.9373 0.3069
Table 9 Simulation-based uncertainty intervals for scenario-implied transition effects.

Driver 10th pct. 90th pct. APr(Z441 =142y =0) CIL CIH Astressshare CIL CIH
Market-implied 0.1306 0.9881 0.0697 0.0096 0.1807 -0.1079 -0.4543 0.1425
price-state proxy

TNAC (million 1111.7365 1654.9098 0.2021 0.0810 0.4057 0.2386 -0.0284 0.4457
allowances)

TTF gas volatility 0.3433 1.3852 0.2318 0.0619 0.5137 0.3904 0.1327 0.6336
EUA activity proxy 9.6379  10.5626 -0.0481 -0.1138 0.0057 0.1945 -0.0453 0.5022

6.3 Stress ranking, predictive density, and timing discipline

The one-step-ahead high-stress probability can be used as a risk-ranking score, but
the timing convention is crucial. Table 10 reports this comparison with stress labels
defined from realized returns at date ¢ while the Markov score conditions only on
information available at ¢ — 1. Under the common-sample exercise, with parameters
estimated on the full common sample, the Markov score obtains an AUC of 0.6993
for absolute-tail days and 0.6893 for 5% left-tail days. The Gaussian, Student-t, GJR-
GARCH, and EGARCH benchmarks lie between 0.6650 and 0.6717 for absolute-tail
days and between 0.6488 and 0.6564 for left-tail days. The gain is therefore modest.
The top score decile captures 23.46% of absolute-tail observations under the Markov
score, compared with about 21-22% under the volatility benchmarks, while left-tail
top-decile capture is not superior. These results indicate that the transition score
improves the ranking of some full-sample stress observations, although it is not a
uniformly dominant stress classifier.

The fitted predictive density reinforces this interpretation. Table 11 summarizes
the implied one-day distribution, and Table 12 compares it with the volatility bench-
marks. In percent return units, the one-day predictive mean is approximately 0.075%,
the predictive standard deviation is 1.819%, the 5% Value-at-Risk is about —2.89%,
and the 5% expected shortfall is about —3.71%. The probability of a positive return
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Table 10 Common-sample one-step-ahead ranking results using predicted regime
probabilities and volatility benchmarks.

AUC:  AUC: . .

abs-tail left-tail Top-decile Top-decile
Model days days  abs-tail share (%) left-tail share (%)
Policy-gated Markov 0.6993 0.6893 23.4637 10.0559
GARCH normal 0.6699 0.6564 21.2291 11.7318
GARCH Student-¢ 0.6717 0.6512 21.2291 11.7318
GJR-GARCH Student-t 0.6717  0.6503 21.2291 11.1732
EGARCH Student-t 0.6650 0.6488 21.7877 11.1732

Table 11 Predictive distribution implied
by the stochastic process.

Quantity Value
Next-day mean 0.0755
Next-day standard deviation 1.8193
5 percent Value-at-Risk -2.8850
5 percent expected shortfall -3.7093

Probability of a positive return 0.5170

Table 12 Predictive density and tail-risk comparison across regime and volatility models.

Model Brier LT Log score LT Brier AT VaR 5% hit Kupiec p Mean exceed. Mean ES
Policy-gated Markov 0.0470 0.1896 0.0862 4.3041 0.1669 -5.6818  -5.2755
GARCH normal 0.0479 0.1950  0.0890 4.4159  0.2478 -5.6247  -4.9200
GARCH Student-¢ 0.0476 0.1941  0.0879 4.8072  0.7065 -5.5062  -5.1987
GJR-GARCH Student-t  0.0477 0.1945  0.0879 4.6954  0.5505 -5.5782  -5.2480
EGARCH Student-t 0.0474 0.1942  0.0871 4.5836  0.4127 -5.6893  -5.3361

is 0.517, close to one half, so the predictive distribution is not driven by a large direc-
tional mean. Its risk content comes mainly from the mixture of low- and high-stress
conditional variances. On the full common sample, the Markov model has slightly bet-
ter Brier and predictive log scores for left-tail events and the best absolute-tail Brier
score. Its full-sample 5% VaR hit rate is 4.30%, with a Kupiec p-value of 0.167, indicat-
ing acceptable common-sample unconditional coverage. Nevertheless, the heavy-tailed
GARCH benchmarks remain stronger by likelihood and information criteria, which
keeps the density claim conservative.

The held-out validation exercise gives a stricter assessment of forecasting perfor-
mance. Tables 13 and 14 report the split-based results using a pre-crisis training
sample through December 2020, a crisis validation sample for 2021-2022, and a post-
crisis test sample from 2023 onward, with tail-day thresholds fixed from the relevant
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Table 13 Held-out ranking and scoring performance under fixed train-validation-test splits. Tail-day labels are
defined with thresholds fixed from the corresponding training sample. Model labels are MS-Markov, GARCH-N,

GARCH-t, GJR-t, and EGARCH-t.

Segment  Model Obs. Avg. log score AUC AT AUC LT Top-decile AT (%) Top-decile LT (%)
Crisis val. MS-Markov 511 -2.5084 0.4818  0.5084 13.4615 9.6154
Crisis val. GARCH-N 511 -2.4518 0.5884  0.6017 17.3077 7.6923
Crisis val. GARCH-t 511 -2.4265 0.5882  0.6011 17.3077 9.6154
Crisis val. GJR-t 511 -2.4302 0.5620  0.5718 19.2308 7.6923
Crisis val. EGARCH-t 511 -2.4312 0.5520  0.5456 21.1538 11.5385
Post-crisis MS-Markov 862 -2.2681 0.5744  0.4880 8.0460 3.4483
Post-crisis GARCH-N 862 -2.1498 0.7499  0.7018 5.7471 2.2989
Post-crisis GARCH-¢ 862 -2.1356 0.7662  0.7137 5.7471 2.2989
Post-crisis GJR-t 862 -2.1425 0.7506  0.6807 4.5977 2.2989
Post-crisis EGARCH-t 862 -2.1454 0.7617  0.6685 6.8966 2.2989

Table 14 Held-out tail-risk calibration under fixed train-validation-test splits. Tail-day labels are
defined with thresholds fixed from the corresponding training sample. Model labels are MS-Markov,
GARCH-N, GARCH-t, GJR-t, and EGARCH-¢.

Segment  Model Brier LT Brier AT VaR 5% hit Kupiec p Mean exceed. Mean ES
Crisis val. MS-Markov ~ 0.0609 0.0960 5.8708 0.3788 -6.7206  -5.9471
Crisis val. GARCH-N 0.0612  0.0940 6.0665  0.2837 -6.6734  -5.7385
Crisis val. GARCH-t 0.0608  0.0928 6.0665  0.2837 -6.6734  -6.2263
Crisis val. GJR-¢ 0.0611  0.0933 5.2838  0.7705 -6.8760 -6.3365
Crisis val. EGARCH-t  0.0610  0.0926 5.6751  0.4926 -6.7850  -6.3303
Post-crisis MS-Markov ~ 0.0207  0.0498 0.9281  0.0000 -5.8208  -8.5593
Post-crisis GARCH-N 0.0151  0.0312 2.4362  0.0001 -4.9033  -4.9627
Post-crisis GARCH-¢ 0.0151  0.0311 2.3202  0.0001 -4.9806 -5.4731
Post-crisis GJR-t 0.0153 0.0318 2.2042 0.0000 -5.1688  -5.6066
Post-crisis EGARCH-t  0.0155  0.0323 1.8561  0.0000 -5.3661  -5.8121

training sample. In these held-out segments, the transition model does not dominate
the heavy-tailed volatility benchmarks. During the crisis validation period, its AUC is
0.464 for absolute-tail days and 0.518 for left-tail days. In the post-crisis test period,
it is weaker on log score, Brier score, and AUC, and its 5% VaR hit rate is 0.93%.

The block-bootstrap comparisons in Table 15 further qualify the forecasting inter-
pretation. Relative to Student-t GARCH and GJR-GARCH Student-¢, the Markov
model has lower average log scores in both held-out segments, with bootstrap inter-
vals for A average log score entirely below zero. In the post-crisis test segment, it also
has higher Brier scores and lower absolute-tail AUC, with intervals excluding zero.
Left-tail AUC differences are less precisely determined, but the practical conclusion is
unchanged: the model has interpretive value for policy-state regime analysis, whereas
the held-out evidence does not support a stronger claim of superior real-time stress
prediction.
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Table 15 Block-bootstrap uncertainty intervals for held-out forecast-comparison differences. Positive AAUC favors the Markov moc

Segment Benchmark A log score CIL CIH A Brier LT CIL CIH A Brier AT

CIL CIH A AUC AT

Crisis val. GARCH-¢ -0.0807 -0.1863 -0.0180 0.0002 -0.0011 0.0016 0.0037
Crisis val. GJR-t -0.0771 -0.1884 -0.0162 -0.0001 -0.0018 0.0016 0.0033
Post-crisis GARCH-t -0.1324 -0.1592 -0.1056 0.0056 0.0046 0.0064 0.0186
Post-crisis GJR-t -0.1255 -0.1495 -0.0994 0.0054 0.0043 0.0063 0.0180

-0.0005 0.0101
-0.0012 0.0095
0.0157 0.0216
0.0149 0.0205

-0.1198 -0
-0.0935 -0
-0.1917 -0
-0.1761 -0

6.4 Synthesis of the hypotheses

Overall, the results support the hypotheses with different degrees of strength. H1 is
strongly supported because EUA returns are fat-tailed, downside-sensitive, and clus-
tered, and because the latent two-regime model materially improves on the Gaussian
iid benchmark. H2 receives cautious support: TNAC improves the nested Markov
specification and has economically meaningful scenario effects, but its low update fre-
quency produces wide uncertainty intervals. H3 is supported most clearly through the
gas-volatility channel, which has the strongest and most precisely estimated effect on
the implied stress-state share; the activity channel is better interpreted as a stress-
persistence proxy and is less precisely identified. H4 is supported as a common-sample
regime-ranking result. The one-step transition score ranks some common-sample stress
days better than volatility-based scores, but the held-out validation and bootstrap
comparisons do not support a stronger real-time forecasting claim.

The empirical contribution is therefore deliberately bounded. The proposed policy-
state gated Markov model gives an economically interpretable map from policy surplus,
energy stress, and trading activity to the probability of being in, entering, or remaining
in a high-stress EUA return regime. The specification is not intended as a causal
estimate of regulatory effects or as a universal density-forecasting model. Its value is to
connect allowance-market risk to observable policy and market-state variables in a way
that is transparent, timing-aware, and compatible with risk-management applications.

7 Conclusion and implications

This paper develops a time-varying transition probability return-regime process for a
market whose traded asset is created by regulation. The central argument is that EUA
futures returns should not be modelled only as a generic financial time series. Their dis-
tribution is shaped by the institutional design of the EU ETS, the surplus-management
role of the MSR, short-run energy-market pressure, and the trading activity of compli-
ance and financial participants. The proposed specification therefore places observable
policy, energy, and market-activity variables directly inside the Markov transition law,
rather than attaching those variables only as ex post explanations for latent volatility
states.

The empirical results support this interpretation with a bounded scope. The
descriptive evidence shows that EUA futures returns are heavy-tailed, asymmetric in
the tails, and materially regime dependent, so a single Gaussian return law is not
an adequate representation of the data. Within the Markov family, the nested model
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comparison shows that a purely latent benchmark is improved when the transition
gate contains policy and market information. A price-state proxy alone is insufficient,
whereas the addition of official TNAC, Dutch TTF gas volatility, and an activity
proxy produces a more informative transition specification. This confirms that the rel-
evant object is not merely regime switching, but regime switching whose transition
probabilities can be related to observable EU ETS conditions.

The fitted transition specification also gives economically interpretable conclusions.
Higher TNAC and higher TTF gas volatility are associated with a higher probability
that the process occupies the high-stress state, although the TNAC effect is estimated
from a small number of annual step changes and is therefore less precise than the
market-variable effects. The activity proxy behaves mainly as a persistence channel,
and its quantitative strength depends on the Refinitiv field used. These results convert
coefficient estimates into scenario-based changes in transition probabilities and stress
shares that are directly relevant to carbon-market researchers, risk managers, and
policy analysts.

The comparison with GARCH clarifies the scope of the contribution. Heavy-tailed
GARCH models remain stronger unconditional density benchmarks on the common
sample, and they also outperform the transition model in the held-out validation
and post-crisis test segments. The Markov model contributes on a different dimen-
sion. It provides a transition specification that can be interpreted in terms of TNAC,
gas-market volatility, and EUA market activity, and it delivers a state-probability
summary that is useful for common-sample regime interpretation. Hence the contri-
bution is associative and interpretive rather than a claim of causal identification or
universal forecasting dominance.

Several limitations also point to productive extensions of the present framework.
Official policy-state variables such as TNAC are observed at much lower frequency
than daily futures returns, so the estimated gate is best interpreted as a persistent
state specification rather than a high-frequency causal shock model. The baseline spec-
ification also leaves room to incorporate additional information on auction calendars,
allowance banking, verified emissions, cap-path revisions, options-implied uncertainty,
and more granular MSR implementation details. In addition, the evidence in this paper
is developed within a two-state Gaussian Markov family, so Markov-t, skewed Markov,
or MS-GARCH extensions provide natural directions for broader density benchmark-
ing. The held-out results likewise suggest that the transition model is more useful
for economic interpretation and regime analysis than for stand-alone real-time risk
forecasting. With these qualifications, the empirical evidence supports a focused con-
clusion: policy surplus, energy stress, and trading activity help interpret the law of
motion for emission allowance return regimes.
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