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Abstract

The carbon emission allowance (CEA) market is a complex socio-technical and environmental-
management system in which regulatory design, trading activity, liquidity conditions, and
price volatility interact dynamically. Accurate systems-level tail-risk forecasting and early
warning remain challenging because carbon-market losses are affected by nonlinear de-
pendence, episodic liquidity stress, and time-varying volatility. This study proposes an
Interpretable Quantile Temporal Network (IQTN) as a systems-oriented risk-monitoring
framework for China’s national CEA market. By integrating a feature-gating mechanism, a
causal temporal convolutional encoder, and a non-crossing quantile output layer, IQTN
directly models the conditional tail distribution of future carbon-market losses. The frame-
work produces multi-horizon Value-at-Risk (VaR) and Conditional Value-at-Risk (CVaR)
forecasts for 1-day, 5-day, and 10-day horizons and converts predicted tail risk into opera-
tional early-warning signals. Compared with historical simulation, EWMA, GARCH-type
models, machine-learning quantile models, and deep temporal benchmarks, IQTN achieved
the lowest 95% VaR pinball loss across all horizons, with values of 0.1765, 0.3958, and 0.5732.
VaR backtesting showed empirical exceedance rates of 5.23%, 6.04%, and 6.94%, closest to
the nominal 5% level. Interpretability analysis identified rolling volatility, maximum loss,
intraday range, trading value, and illiquidity as key risk drivers. The temporal importance
results also show that recent observations dominated the risk forecasts, suggesting that
the risk state of the CEA market is highly sensitive to short-term market information.
This supports the use of a short-horizon temporal network as a systems-oriented tool for
carbon-market tail-risk monitoring and early warning.

Keywords: carbon allowance market; carbon-market risk system; tail-risk forecasting;
Value-at-Risk; Conditional Value-at-Risk; interpretable temporal network; early warning;
systems-oriented risk monitoring

1. Introduction

Carbon allowance markets are increasingly important institutional systems for sup-
porting low-carbon transition, emissions mitigation, and climate-risk governance. From a
systems perspective, a carbon market is not merely a price-discovery venue but a com-
plex socio-technical and environmental-management system in which regulatory design,
compliance demand, trading behavior, liquidity conditions, and information flows interact
dynamically. This view is consistent with the broader sustainability-transition literature,
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which emphasizes that environmental transitions involve co-evolving technologies, insti-
tutions, user practices, regulations, and market structures [1,2]. China’s carbon market
has developed through regional pilot experiments and subsequent national-market con-
struction, and existing studies show that carbon allowance prices in China are shaped by
market design, institutional maturity, trading activity, and heterogeneous regional condi-
tions [3,4]. As China’s national carbon allowance market continues to expand, the need for
a systems-oriented risk-monitoring framework becomes increasingly important.

To operationalize this systems perspective, this study treats the national CEA market
as a set of interconnected market-state subsystems. The regulatory and compliance sub-
system shapes institutional timing, allowance demand, and compliance-related pressure.
The trading-behavior subsystem reflects how market participants adjust allowance posi-
tions through trading volume and trading value. The liquidity subsystem captures whether
transaction demand can be absorbed without large price impact. The price-volatility and
downside-pressure subsystem reflects intraday range, recent volatility, and realized losses.
The information-adjustment subsystem reflects how policy expectations, compliance tim-
ing, and recent market signals are incorporated into trading behavior and prices. Based on
these subsystems, we propose a risk-transmission hypothesis:

regulatory/compliance pressure — trading concentration
— liquidity stress — volatility and downside pressure 1)

— tail risk.

This hypothesis guides the variable construction and model architecture. Feature
gating is used to identify which subsystem-related variables are most predictive at a given
time; causal temporal convolution is used to capture the short-horizon propagation of
market-state signals; and non-crossing quantile estimation is used to translate the propa-
gated system state into coherent VaR- and CVaR-relevant tail forecasts. This framework
should be understood as a mechanism-oriented predictive framework rather than a strict
causal-identification model.

The systemic nature of carbon-market risk becomes especially evident when the focus
shifts from price prediction to downside-risk monitoring. For compliance entities, financial
institutions, and regulators, the critical question is not only whether carbon prices will rise
or fall, but also whether the market is approaching a high-risk state in which large losses
may occur. Carbon prices can exhibit nonlinear dependence, volatility clustering, liquidity
stress, and sensitivity to macroeconomic and policy-related information. Prior evidence
indicates that carbon-market risk is associated with macroeconomic fundamentals and
time-varying volatility conditions [5,6]. Therefore, effective carbon-market governance
requires more than a static risk indicator. It requires a dynamic early-warning system that
can forecast tail losses, update risk signals over time, and provide interpretable information
about the market-state variables driving risk.

A growing body of research has examined carbon price forecasting, volatility modeling,
and carbon-market risk measurement. Recent studies have introduced interval forecasting,
decomposition-based learning, causal temporal convolutional networks, generative models,
and dynamic interval-valued frameworks to improve carbon price prediction under non-
linear and non-stationary conditions [7-10]. These studies have substantially advanced the
forecasting literature by moving beyond conventional linear models and by incorporating
richer market information. However, price-level prediction, return prediction, volatility
modeling, and interval prediction are not equivalent to tail-risk forecasting. Price and
return models mainly address the expected direction or magnitude of market movement,
volatility models describe conditional variability, and interval forecasts describe a range
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of plausible prices. By contrast, VaR- and CVaR-oriented risk monitoring requires direct
estimation of the conditional upper-tail distribution of future carbon-market losses. This
distinction is important because a market can display moderate average price movement
while still facing a high probability of severe downside loss under stressed liquidity or
concentrated trading conditions.

Three research gaps, therefore, remain. First, current carbon-market forecasting mod-
els have not systematically modeled tail risk as a conditional upper-tail loss-distribution
problem. Many existing models target the conditional mean, volatility, or price interval,
but these targets are less directly aligned with Value-at-Risk, Conditional Value-at-Risk,
and extreme-loss monitoring. Second, existing deep time-series models, including generic
LSTM- and TCN-based forecasting architectures, can capture nonlinear temporal depen-
dence but often provide limited interpretability. In carbon-market risk governance, this
is problematic because regulators and market participants need to understand not only
whether a warning signal is generated, but also whether the signal is driven by volatil-
ity, downside pressure, trading concentration, liquidity stress, intraday price instability,
or compliance-related timing. Interpretable multi-horizon time-series models provide use-
ful design principles for this purpose [11], and the broader interpretable machine-learning
literature emphasizes the importance of transparent model structures in high-stakes ap-
plications [12]. Third, existing risk early-warning models have not sufficiently integrated
the systemic characteristics of carbon markets. In particular, liquidity conditions, trading
activity, intraday range, calendar pressure, and recent downside losses are often treated
as separate predictors rather than as interacting components of a dynamic carbon-market
risk system.

The theoretical advancement of IQTN is to align these three gaps within a single
carbon-market tail-risk monitoring framework. Compared with conventional quantile
models, IQTN does not only estimate isolated conditional quantiles; it embeds quantile
estimation within a feature-gated temporal architecture that links market-state variables
to interpretable risk-driver weights. Compared with generic TCN or LSTM forecasting
models, IQTN does not use temporal representation merely for predictive accuracy; it uses
causal temporal convolution to capture short-horizon propagation of volatility, liquidity,
and trading-pressure signals and then maps these propagated states into non-crossing tail
quantiles. Compared with generic early-warning approaches, IQTN integrates systemic
carbon-market characteristics into the warning process by combining VaR, CVaR, feature-
gating explanations, temporal importance, and hierarchical warning levels. In this sense,
IQTN provides a carbon-market-specific extension of time-series quantile forecasting by
introducing feature-gated interpretability into dynamic multi-horizon tail-risk prediction
and early warning.

To address these gaps, this study proposes an Interpretable Quantile Temporal Net-
work (IQTN) for dynamic tail-risk forecasting and early warning in China’s national carbon
allowance market. The proposed framework treats carbon-market risk as a systems-level
prediction problem. It uses historical market-state sequences to estimate the conditional
quantile function of future carbon-market losses over 1-day, 5-day, and 10-day horizons.
The IQTN integrates three components: a feature-gating layer that identifies the relative
contribution of market-state variables, a causal temporal convolutional encoder that cap-
tures short-term risk persistence, and a non-crossing quantile output layer that directly
produces multi-level tail-risk forecasts. The predicted quantiles are further transformed
into Value-at-Risk, Conditional Value-at-Risk, and four-level early-warning signals. In this
way, the proposed model functions not only as a forecasting tool but also as an interpretable
decision-support system for carbon-market risk monitoring.

The contributions of this study can be summarized in four aspects.
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1.  This study contributes to carbon-market systemic risk theory by reframing carbon-
market forecasting as a systems-oriented tail-risk monitoring problem. Instead of treat-
ing carbon-market risk as a purely price-level or volatility-forecasting task, the pro-
posed framework conceptualizes tail risk as the outcome of interactions among reg-
ulatory and compliance pressure, trading concentration, liquidity stress, volatility,
and downside pressure. This provides a theoretical basis for interpreting carbon-
market tail risk as a dynamic system-state outcome rather than as an isolated statistical
feature of historical returns.

2. This study develops an interpretable quantile temporal network for multi-horizon
carbon-market tail-risk forecasting. The model integrates feature gating, causal tem-
poral sequence learning, and non-crossing quantile estimation to directly estimate
the conditional upper-tail distribution of future CEA losses. This contributes a task-
specific modeling framework for VaR and CVaR forecasting in an emerging carbon
allowance market.

3. This study proposes an interpretable mechanism for monitoring systemic tail risk,
thereby bridging the gap between black-box prediction and actionable regulation in
carbon-market systemic risk modeling. By using global feature-gating weights, lag-
specific temporal importance, and local severe-warning explanations, the framework
identifies whether risk warnings are mainly driven by volatility, downside pressure,
trading activity, liquidity stress, intraday price instability, or calendar-related mar-
ket states.

4.  This study provides a managerial and regulatory contribution by converting predicted
VaR and CVaR into hierarchical early-warning signals. The normal, watch, warn-
ing, and severe-warning levels provide regulators, compliance entities, and trading
institutions with an interpretable tool for dynamic risk monitoring, liquidity-risk
review, exposure adjustment, compliance planning, and adverse-scenario stress test-
ing. The framework therefore supports both predictive accuracy and actionable
carbon-market risk governance.

The methodological contribution of IQTN should therefore be understood as task-
specific architectural integration rather than the invention of a single isolated neural-
network component. Feature gating, temporal convolution, and quantile estimation each
have methodological antecedents, but in this study they are aligned with a specific systems-
risk estimand: the conditional upper-tail distribution of future CEA losses across multiple
forecast horizons. The feature-gating layer translates market-state variables into dynamic
and interpretable risk-driver weights; the causal temporal convolutional encoder models
short-horizon propagation of volatility, liquidity, and trading-pressure signals; the non-
crossing quantile output layer produces coherent tail quantiles for VaR and CVaR estimation;
and the early-warning conversion maps predicted tail risk into operational warning levels.
Thus, IQTN is not intended as a generic stacking of existing techniques. Its novelty
lies in integrating feature-level interpretability, temporal risk propagation, coherent tail-
distribution estimation, and early-warning conversion into a unified framework for carbon-
market systemic tail-risk monitoring.

The remainder of this paper is organized as follows. Section 2 presents the data,
feature construction, tail-risk definitions, IQTN architecture, benchmark models, and eval-
uation strategy. Section 3 reports the empirical results, including quantile forecasting
accuracy, VaR backtesting, CVaR evaluation, early-warning performance, interpretability
analysis, robustness checks, and ablation results. Section 4 discusses the principal findings,
implications for carbon-market risk monitoring, limitations, and conclusions.
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2. Methodology
2.1. Overall Research Design

This study develops an interpretable quantile temporal network for dynamic tail-risk
forecasting and early warning in China’s national carbon allowance market. The empirical
object is the China Emission Allowance (CEA) traded in the national carbon emissions
trading market. The sample covers all official CEA trading days from 16 July 2021 to
30 January 2026. We acknowledge that this sample period is relatively short compared
with mature financial markets. However, the short sample reflects the institutional age of
China’s national carbon market rather than discretionary sample truncation. The starting
date corresponds to the opening of online trading in China’s National Emissions Trading
System, and the endpoint fixes the information set used in this study. We deliberately
restrict the main analysis to the national CEA market rather than pooling earlier regional
pilot-market observations because China’s regional pilot markets differed in allocation
rules, sectoral coverage, local trading arrangements, and market maturity. Combining
pilot-market data with national-market CEA data would mix institutionally different
carbon-market systems and could weaken the internal consistency of the systems-oriented
risk-monitoring framework. Therefore, the sample is interpreted as the full available
trading history of a single national carbon-market system. The CEA trading records are
obtained from the official trading information released by the Shanghai Environment
and Energy Exchange, including opening price, highest price, lowest price, closing price,
trading volume, and trading value [13,14].

The methodological framework is designed for risk forecasting rather than carbon
price point prediction. Let P; denote the official CEA closing price on trading day t.
The model uses the historical market state observed up to day f to forecast the conditional
tail distribution of future carbon market losses over horizons € {1,5,10}. The one-day
horizon captures immediate market risk, the five-day horizon captures weekly risk, and the
ten-day horizon captures short-term compliance and trading-pressure risk. The proposed
framework produces multi-quantile forecasts, estimates Value-at-Risk (VaR) and Condi-
tional Value-at-Risk (CVaR), converts the predicted tail-risk level into early-warning signals,
and explains the contribution of market-state variables through a dynamic feature-gating
mechanism. The research design operationalizes the systems-risk hypothesis by linking
observable variables to carbon-market subsystems. Institutional and compliance timing
is represented by calendar variables and the year-end trading-pressure indicator. Trading
behavior is represented by trading volume and trading value. Liquidity conditions are
represented by the Amihud-type illiquidity proxy. Price-stress and downside-pressure
states are represented by daily return, absolute return, squared return, intraday range,
rolling volatility, and rolling maximum loss. The tail-risk outcome is represented by fu-
ture loss, VaR, CVaR, and the four-level early warning signal. In the IQTN architecture,
the feature-gating layer captures the time-varying relevance of these subsystem-related
variables, the causal temporal convolutional encoder captures their short-term propagation
through the input sequence, and the non-crossing quantile output layer maps the learned
system state into coherent conditional tail-risk forecasts. Thus, the model structure is
designed to reflect the hypothesized pathway from institutional and trading pressure to
liquidity stress, volatility amplification, downside pressure, and future tail risk. The
overall framework of the proposed Interpretable Quantile Temporal Network (IQTN) for
carbon-market tail-risk forecasting and early warning is illustrated in Figure 1. As shown
in the figure, the framework consists of four main components: market data collection,
feature engineering, the core IQTN architecture, and the operational early-warning output.
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Figure 1. The overall research framework of the Interpretable Quantile Temporal Network (IQTN) for
carbon-market tail-risk forecasting and early warning. The process encompasses (i) carbon allowance
market data, (ii) multi-source market-state feature engineering, (iii) the IQTN model architecture
consisting of feature-gating and temporal encoding, (iv) multi-horizon VaR and CVaR forecasting,
and (v) operational risk monitoring and interpretation.

The full workflow consists of six steps. First, official CEA daily trading records are
cleaned and aligned by trading day. Second, carbon market return, volatility, liquidity,
range, and calendar variables are constructed. Third, future carbon market loss is defined
for each forecast horizon. Fourth, the proposed Interpretable Quantile Temporal Network
(IQTN) learns the conditional quantile function of future losses. Fifth, VaR, CVaR, and early-
warning levels are generated from the estimated tail distribution. Sixth, the model is
evaluated against traditional VaR models, machine-learning quantile models, and deep
temporal quantile models using quantile loss, VaR backtesting, CVaR evaluation, and early-
warning performance.

2.2. Systems-Theoretic Framing of Carbon-Market Tail Risk

To make the systems perspective explicit, we represent the national CEA market as a
dynamic market-state system. Let

re li info
S = (st 8,518,787, tf) ©)

denote the carbon-market system state at trading day ¢. Here, s;® represents regulatory and

frd yepresents trading-behavior intensity, st repre-

info

represents the incorporatlon of recent market and policy-related information into tradmg

compliance-related timing pressure, s;

sents liquidity conditions, s¢°/ represents volatility and downside-pressure states, and s;

behavior and prices. These states are observed indirectly through the constructed market-
state variables, including calendar indicators, trading volume, trading value, illiquidity,
intraday range, rolling volatility, rolling maximum loss, and recent return-based variables.
The system evolves through short-run state transitions. In abstract form, this can be

written as
St = ©(S¢_1,xt, &), 3

where x; is the observed market-state vector and &; represents unobserved market shocks.
This transition equation is not estimated as a structural causal system. Instead, it provides a
theoretical representation of how regulatory pressure, trading behavior, liquidity conditions,

https://doi.org/10.3390/systems14070734


https://doi.org/10.3390/systems14070734

Systems 2026, 14, 734

7 of 41

volatility, and information adjustment can jointly evolve over time. The forecasting problem
is then represented as

th(Lt,h | ]:t) = GlX,h(St*erlit)/ (4)

where the conditional upper-tail quantile of future CEA loss depends on the recent sequence
of carbon-market system states.

Figure 2 illustrates this theoretical system dynamics framework and its mapping to
the IQTN architecture. The upper part of the figure summarizes the hypothesized risk-
transmission pathway: regulatory and compliance pressure may induce trading concen-
tration; trading concentration may generate liquidity stress when market depth is limited;
liquidity stress may amplify intraday price fluctuations, rolling volatility, and downside
pressure; and these stress signals may increase future tail risk. The figure also recognizes
feedback loops. Higher volatility may reduce liquidity and further amplify price impact,
while risk warnings and market stress may feed back into trading behavior, regulatory
attention, and compliance responses.

supervisory attention and compliance response

risk warning and
behavioral adjustment

)
'
) '
! Sy risk-transmission | P : way ! !
£ . . \ I '
s ‘ : ‘ : !
) Regulatory and X 1 ‘ ‘
egulatory an - - P - o
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Figure 2. The theoretical system dynamics framework and its structural mapping to the proposed
IQTN architecture. The upper panels illustrate the reinforcing and balancing feedback loops within
the carbon-market risk system, while the lower panels show how the feature-gating mechanism and
temporal convolutional encoder capture these dynamic state transitions.

The feature-gating mechanism provides the main link between this system framework
and the IQTN model. Let }C denote a subsystem-specific set of variables, such as liquidity
variables or volatility-related variables. The subsystem-level gating relevance at time s can
be summarized as

Gs = ), 8 )
jek

where g is the feature-gating weight assigned to variable j at time s. A larger Gi s
indicates that the corresponding subsystem is more important for the current tail-risk
forecast. For example, high gating relevance for illiquidity and trading value indicates that
liquidity and transaction concentration are important predictive drivers at that forecast
origin, whereas high gating relevance for rolling volatility and maximum loss indicates
that price stress and downside pressure dominate the forecast. Therefore, feature gating
can be interpreted as a data-driven approximation of time-varying subsystem relevance
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within the carbon market risk system. These weights should be interpreted as dynamic
predictive importance rather than structural causal coefficients.

2.3. Research Hypotheses

Building on the systems-theoretic framing above, we formulate three mechanism-
oriented predictive hypotheses. Because the purpose of this study is tail-risk forecasting and
early warning rather than structural causal identification, these hypotheses are interpreted
as testable predictive expectations about the relationship between market-state variables,
model structure, and future carbon-market tail risk.

H1. Recent volatility and downside-pressure variables are expected to have strong positive predictive
relevance for short-horizon carbon-market tail risk. This hypothesis is derived from the idea that
volatility clustering, intraday price instability, and recent realized losses contain information about
the near-term upper tail of future losses. It corresponds to rolling volatility, rolling maximum loss,
intraday range, absolute return, and squared return, and is evaluated through the feature-gating
weights, temporal-importance results, and VaR/CVaR forecasting performance.

H2. Liguidity stress and trading concentration are expected to improve the prediction of multi-day
carbon-market tail risk. This hypothesis follows the systemic risk-transmission mechanism in which
concentrated allowance trading may increase liquidity pressure, price impact, and subsequent
downside-risk accumulation. It corresponds to the Amihud-type illiquidity proxy, trading volume,
trading value, and calendar-related trading-pressure variables, and is evaluated through the feature-
gating results, local severe-warning explanations, and the ablation analysis that removes trading-
activity and liquidity variables.

H3. A feature-gated temporal quantile architecture is expected to outperform ungated, non-temporal,
and conventional benchmark models while providing interpretable information about risk-driving
variables. This hypothesis is derived from interpretable machine-learning theory and the need for
transparent risk monitoring in high-stakes regulatory settings. It corresponds to the feature-gating
layer, causal temporal convolutional encoder, non-crossing quantile output layer, and early-warning
conversion module and is evaluated through benchmark comparisons, Diebold—Mariano tests,
ablation analysis, and global and local interpretability results.

2.4. Data Processing and Feature Construction

The raw CEA trading data consist of daily open, high, low, close, trading volume,
and trading value. Trading days with no official transaction but with a published closing
price are retained because the closing price still represents the official market valuation
for that day. Non-trading days, including weekends and holidays, are excluded and are
not interpolated. Throughout the empirical analysis, the time index ¢ refers to the ordered
sequence of official CEA trading days rather than natural calendar days. Therefore, all
rolling windows, input sequences, and forecast horizons are aligned by trading days.
For example, a 10-day forecast horizon means 10 subsequent official trading days; when
holidays occur, this horizon may span more than 10 natural calendar days, but the target
remains aligned to the 10th subsequent trading day. All predictors are constructed using
information available at or before trading day ¢, and all target variables are constructed
using future trading-day prices only after the forecast origin has been fixed. This procedure
prevents future information from entering the predictor matrix.

The forecast origin in this study is defined as the end of trading day ¢, after the official
daily CEA trading information has become available. Therefore, the warning signal for
horizon h is issued using the information set observed up to and including day ¢, and it
forecasts the future loss from day ¢t to day t + h. The daily open, high, low, close, trading
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volume, and trading value are observable after market close on day t. Return, absolute
return, squared return, intraday range, rolling volatility, rolling maximum loss, and the
Amihud-type illiquidity proxy are all calculated only from day-t observations. Future losses
L;j are not used as predictors and are used only as supervised learning targets and out-of-
sample evaluation outcomes. In addition, normalization parameters are estimated using
the training set and then applied to validation and test observations, so the preprocessing
step does not introduce future information. Thus, all predictor variables used by IQTN are
observable at the forecast origin under an end-of-day risk-monitoring setting.
The daily log return is defined as

r¢ = 100 x log P , (6)
P

where P; is the official CEA closing price. The intraday log range is defined as

R =1 1 7
ange; 00 x og( Low, >, (7)
where High; and Low; denote the highest and lowest CEA trading prices on day t. The log
trading volume and log trading value are defined as

LVOL; = log(1 + Volume;), 8)

and
LVAL; = log(1+ Valuey), 9)

respectively. The constant one is added before logarithmic transformation to handle zero-
volume days.
To describe short-term market stress, the squared return and absolute return are
constructed as
RV; =12, (10)

and
ARt = |1’t|. (11)

Rolling volatility over a k-day window is calculated as

1 : L

Otk = —1 Z (ri — rt,k) ’ (12)
i=t—k+1

where k € {5,10,20} and 7, is the mean return over the same rolling window. Rolling

downside pressure is measured by the rolling maximum loss:

ML, = max —1;), 13
Lk i:t—k+1,...,t( 1) (13

with k € {5,10,20}. Market liquidity pressure is measured by an Amihud-type illiquidity
proxy:
|7l

ILLIQ; = 10 x —
Qi 0% x Valuey + 1

(14)

The proxy is multiplied by 10° to improve numerical readability. Calendar variables
are included because China’s carbon allowance market has institutional trading cycles and
compliance-related trading concentration. The model includes month-of-year indicators,
day-of-week indicators, and a year-end trading-pressure indicator. The year-end indicator
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equals one for trading days in November and December and zero otherwise. This setting is
motivated by the compliance and allowance-surrender arrangements of China’s national
carbon market. Covered entities are required to surrender allowances corresponding to
their verified emissions before the prescribed compliance deadline, and recent national
ETS arrangements have placed surrender deadlines at or near the end of December [13,15].
Therefore, November and December are used to approximate a broad pre-deadline compli-
ance window during which covered entities may review allowance balances, adjust trading
positions, and prepare for fulfillment obligations. This window may be associated with
more concentrated trading demand, greater transaction pressure, and stronger liquidity
sensitivity. The year-end indicator should be interpreted as a parsimonious institutional-
timing proxy rather than a precise structural measure of compliance pressure. A continuous
variable such as the number of days remaining until the compliance deadline could provide
a more refined measure when a longer sample and fully stable compliance calendar are
available. However, given the short history of the national CEA market and the evolving
compliance arrangements across cycles, imposing a precise countdown structure may
introduce a false degree of timing precision. For this reason, the main specification uses
the November—December indicator to capture the broad year-end compliance-pressure
window. These calendar variables are treated as observed market-state variables rather
than causal policy variables.
For each forecast origin t, the input matrix is

T
Xi—wi1: = [Xt—w+1rxt—w+2,- . -,Xt] € RY*P, (15)

where x; € R? is the feature vector on day ¢. The main specification uses a 20-trading-day
lookback window, which represents approximately one trading month. All continuous
predictors are standardized using the mean and standard deviation estimated from the
training period only. The same training-period transformation is then applied to the
validation and test periods.

2.5. Tail-Risk Target Definition

The forecasting target is future carbon market loss rather than future carbon price. Let
d; denote the t-th official CEA trading day in the ordered trading-day sequence. For each
forecast horizon h € {1,5,10}, the future log return is defined over trading days as

P
P =100 x log( ;;*h ) (16)
t

where Py, is the official CEA closing price on trading day d¢, and Py, , is the closing price on
the h-th subsequent official trading day. Thus, h = 1,5,10 refer to 1, 5, and 10 trading days
rather than natural calendar days. From the perspective of a market participant holding
CEA positions, adverse price declines correspond to positive losses. The future carbon
market loss is therefore defined as

Ly = —rf). (17)
The conditional VaR at confidence level « is the conditional upper-tail quantile of L; j,:

VaRtx,t,h = Qa(Lt,h | -Ft)/ (18)
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where F; denotes the information set available at the end of trading day ¢. The conditional
CVaR is defined as the expected loss beyond the VaR threshold:

CVaRy;p = E[Lyy | Lyy > VaRyp, Fil- (19)

The main empirical analysis reports 95% VaR and 95% CVaR. The 90% and 99% VaR
levels are used for robustness analysis. This target design follows the standard financial
risk-management interpretation of VaR and CVaR [16-18].

2.6. Interpretable Quantile Temporal Network
2.6.1. Model Overview

The proposed model is named the Interpretable Quantile Temporal Network. IQTN
combines three components: a dynamic feature-gating layer, a temporal convolutional
encoder, and a non-crossing quantile output layer. The feature-gating layer assigns time-
varying importance weights to carbon market predictors. The temporal convolutional
encoder extracts short-term and medium-term risk patterns from the historical CEA trading
sequence. The quantile output layer directly estimates the conditional quantile function of
future losses.

The model estimates

th,t,h = fo(Xi—ws1:, 2, 1), (20)

where Qa,t,h is the predicted conditional quantile of L, at level «, and 6 denotes all
trainable parameters.

2.6.2. Methodological Distinction from Existing Components

Although IQTN draws on established ideas in feature gating, temporal convolution,
and quantile estimation, its design differs from a simple additive combination of existing
techniques in several ways. First, standard quantile regression models estimate conditional
quantiles but usually do not learn an interpretable time-varying representation of market-
state drivers. In IQTN, the feature-gating layer is linked to the carbon-market risk system by
assigning dynamic weights to volatility, downside pressure, trading activity, liquidity, range,
and calendar-related variables. The gating weights therefore provide model-attributed
information about which market-state components are most relevant to tail-risk forecasts
at a given time.

Second, standalone temporal convolutional networks are often used as generic se-
quence predictors. In IQTN, the causal temporal convolutional encoder is used specifically
to capture short-horizon risk propagation from recent market stress to future tail losses.
Because the convolution is causal, the representation at each forecast origin depends only
on information available up to that point. This structure is consistent with the operational
setting of real-time risk monitoring, in which future prices and future liquidity conditions
cannot be observed when the warning signal is issued.

Third, the non-crossing quantile output layer is designed to produce a coherent
conditional tail distribution rather than separate and potentially inconsistent point forecasts.
This is important for VaR and CVaR estimation because higher confidence levels should
correspond to weakly larger predicted losses. The complete IQTN framework therefore
connects interpretable market-state weighting, causal temporal risk propagation, coherent
multi-quantile tail estimation, and early-warning conversion. The subsequent ablation
analysis evaluates these components separately, which further distinguishes the proposed
framework from an arbitrary stacking of existing modules.
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2.6.3. Dynamic Feature-Gating Layer

The feature-gating layer improves interpretability by assigning a normalized im-
portance weight to each predictor at each time step. For each input vector x5, s =
t—w+1,...,t, the gating score is calculated as

a; =W, (P(wzxs + bz) +bg, (21)

where ¢(-) is the exponential linear unit activation function. The feature weight for variable
jat time s is

exp(ajs)
s = ——————. (22)
8is Y exp(ams)
The gated input is
Xs = gs © Xs, (23)

where © denotes element-wise multiplication. A larger g;s indicates a stronger model-
attributed contribution of variable j to the risk forecast at time s. The use of gating follows
the principle of interpretable variable selection in neural forecasting systems [11].

2.6.4. Temporal Convolutional Encoder

The gated input sequence
X < T
Xt—wi1t = Ke—wi1s -, Xt] (24)

is passed into a temporal convolutional encoder. The encoder uses causal dilated convolu-
tions so that the representation at day t depends only on information observed on or before
day t. The /-th temporal convolutional block is

HO =H(-D 4 Dropout {ReLU(Convkrdl (H(l*1)>)], (25)

where Convy 4 (-) is a one-dimensional causal convolution with kernel size k and dilation
factor d;. The main specification uses three residual temporal convolutional blocks with
dilation factors 1, 2, and 4, kernel size 3, hidden dimension 64, and dropout rate 0.20.
The final temporal representation is the last-step hidden vector:

h; = Encodery ()N(t_w+1:t). (26)

Temporal convolutional networks provide stable sequence modeling through causal
convolutions, dilations, and residual connections [19].

2.6.5. Non-Crossing Quantile Output Layer

The output layer produces quantile forecasts for all horizons and quantile levels.
The quantile grid is

A = {0.50,0.55,0.60,0.65,0.70, 0.75, 0.80, 0.85,0.90, 0.95,0.975,0.99}. (27)

For each horizon h, the network first produces an unrestricted base quantile 7, ; , and
positive quantile increments A, ; j:

Appn = softplus(y,p), m=2,...,]Al (28)
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The predicted quantiles are then constructed as
szl,t,h = N1,thr (29)
and
Qam,t,h = Qam,l,t,h + Am,t,h/ m=2,..., ’A| (30)
This structure enforces
erl,t,h < thz,t,h <-- < QMA\/t,h’ (31)

and therefore prevents quantile crossing.

2.7. Loss Function and Model Training

The model is trained by minimizing the multi-horizon multi-quantile pinball loss.
For a quantile level , the pinball loss is

pa(u) = ula —1(u < 0)], (32)

where
u="Lip = Quth (33)

The full training objective is

N ~
£O) =< ¥ X ¥ pa(Lin—Quin) + 013, (34)

where H = {1,5,10}, A is the quantile grid, and A = 107° is the L, regularization
coefficient. Quantile regression and pinball loss follow the standard quantile-regression
framework [20,21].

The sample is divided chronologically. The training period is 16 July 2021 to 31
December 2024. The validation period is 1 January 2025 to 30 June 2025. The test period
is 1 July 2025 to 30 January 2026. These calendar dates define the outer boundaries of the
three partitions, but all forecast origins and labels are aligned by the official trading-day
sequence. Forecast origins are assigned to each partition only when the full h-trading-day
future label L; , remains inside the corresponding partition. For example, a 10-day horizon
requires the closing price on the 10th subsequent official trading day to fall within the
same partition. This rule keeps the validation and test labels separated from the training
objective and prevents horizon-induced leakage across partitions.

The IQTN is trained with the Adam optimizer. The learning rate is 10~3, the batch
size is 64, the maximum number of epochs is 500, and early stopping is applied when the
validation loss does not improve for 30 consecutive epochs. The model checkpoint with the
lowest validation pinball loss is retained for final testing.

The main implementation settings of IQTN are summarized in Table 1. The model
uses a 20-trading-day input window, three forecast horizons, and a fixed quantile grid
from 0.50 to 0.99. The temporal encoder consists of three residual causal convolutional
blocks with dilation factors 1, 2, and 4. The non-crossing quantile output layer uses positive
increments to ensure monotonicity across quantile levels. All neural network models
are trained using the same chronological training, validation, and test partitions. Model
selection is based only on validation-period pinball loss, and the test period is used only
once for final out-of-sample evaluation. Normalization parameters are estimated from the
training set and then applied to validation and test observations.

https:/ /doi.org/10.3390/systems14070734


https://doi.org/10.3390/systems14070734

Systems 2026, 14, 734 14 of 41

Table 1. Implementation settings of the proposed IQTN model.

Setting Category Implementation Choice

Input window 20 trading days

Forecast horizons 1,5, and 10 trading days

Quantile grid Fixed grid from 0.50 to 0.99

Feature-gating layer =~ Softmax-normalized dynamic feature weights
Temporal encoder Three residual causal TCN blocks

Dilation factors 1,2,and 4

Kernel size 3

Hidden dimension 64

Dropout rate 0.20

Quantile output Positive-increment construction for non-crossing quantiles
Training loss Multi-horizon multi-quantile pinball loss
Optimizer Adam

Learning rate 1073

Batch size 64

Maximum epochs 500

Early stopping Patience of 30 validation epochs
Regularization Ly=10"5

Model selection Lowest validation-period pinball loss
Standardization Training-period mean and standard deviation only
Test-period use Final out-of-sample evaluation only

2.8. CVaR Estimation and Early-Warning Signal Construction
The estimated VaR is directly obtained from the predicted quantile:

W{a,t,h = Qa,t,h . (35)

The estimated CVaR is calculated by numerical integration over the predicted upper-
tail quantiles:

— 1 1.
CVaRoss = 1= | Quudu. (36)

In implementation, the integral is approximated by the trapezoidal rule over the
available quantile grid points at or above a:

M—1 Qum,t,h+éum+1,t,h
— Tl (1 — Uy
CVaR, ;y ~ =m=1 2 (tn ), (37)
" Up — Up

where u; = « and up; = 0.99 for the reported 95% CVaR.
The early-warning score combines standardized VaR and CVaR:

RiskScore;;, = 0.5 x VaRggs ), + 0.5 x CVaRgs; 11, (38)
where WQO‘%M and CVaR g5 are standardized using the mean and standard deviation
of the training-period forecasts. Four early-warning levels are defined using training-period
score thresholds:

RiskScore; j, < cq50,

~

co50 < RiskScore;, < cos,
Ewth _ 0.50 t,h > C0.75

’

(39)

N o~ o

, Coz5 < RiskScore; ), < co.o0,

3, RiskScore; ), > co90,

where ¢ 50, ¢o.75, and cg 9o are the 50th, 75th, and 90th percentiles of the training-period risk
score. The four warning levels are labelled as normal, watch, warning, and severe warning.
Because all thresholds are estimated from the training period, the early-warning rule is fully
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out-of-sample in the test period. The four warning levels should be interpreted as decision-
support signals rather than automatic intervention rules. Their purpose is to translate
model-implied tail-risk intensity into differentiated monitoring and risk-management
actions for regulators, compliance entities, and trading institutions. The normal level
indicates that the predicted VaR—CVaR risk score remains within the routine range observed
in the training period. The watch level indicates early accumulation of tail-risk pressure
and calls for closer monitoring of volatility, trading concentration, and liquidity conditions.
The warning level indicates an elevated tail-risk state and should trigger intensified risk
review, stress testing, and adjustment of internal risk limits. The severe-warning level
indicates that the predicted tail-risk score is in the most extreme training-period range and
should trigger focused supervisory attention and conservative risk-management responses.

Table 2 summarizes the operational interpretation of the four warning levels.

Table 2. Operational interpretation of the four-level early-warning signals.

Warning Level

Risk-Score Condition

Regulatory and Market-Surveillance
Response

Compliance-Entity and
Trading-Institution Response

Normal

RiskScore; ), < cos50

Maintain routine market monitoring
and standard surveillance of price,
volume, and liquidity indicators.

Maintain regular exposure
management, standard position limits,
and routine VaR/CVaR reporting.

Watch

050 < Rl'SkSCOTEt,h < co.75

Increase monitoring frequency and
review whether volatility, trading
concentration, or liquidity pressure is
beginning to accumulate.

Review allowance exposure, hedging
needs, compliance demand,
and short-term liquidity arrangements.

Warning

co.75 < RiskScore;;, < co.90

Conduct enhanced risk surveillance,
with particular attention to abnormal
volatility, concentrated trading,

and liquidity deterioration.

Tighten internal risk limits, conduct
VaR/CVaR stress testing, and consider
earlier compliance or hedging
adjustments.

Severe warning

RiskScorey , > c.90

Initiate focused risk review, consider
issuing risk communication,

and evaluate targeted
market-stabilization measures within
the applicable regulatory framework.

Reduce discretionary risk exposure,
prepare liquidity buffers, reassess
trading strategies, and conduct
adverse-scenario stress testing.

2.9. Benchmark Models

The proposed IQTN is compared with nine benchmark models. The benchmark
set covers traditional financial risk models, machine-learning quantile models, and deep
temporal quantile models.

The traditional VaR benchmarks include Historical Simulation VaR, EWMA VaR,
GARCH-t VaR, and GJR-GARCH-t VaR. Historical Simulation VaR estimates the empirical
loss quantile using a 120-trading-day rolling window. EWMA VaR estimates time-varying
volatility using the RiskMetrics decay parameter A = 0.94 [22]. GARCH-t VaR models con-
ditional volatility with Student-t innovations using the standard GARCH framework [23].
GJR-GARCH-t VaR adds an asymmetric response to negative return shocks and captures
leverage-type volatility asymmetry [24]. GARCH-type models are re-estimated with ex-
panding windows at each test forecast origin. The machine-learning benchmarks include
Linear Quantile Regression, Quantile Random Forest, and LightGBM-Quantile. Linear
Quantile Regression estimates the conditional quantile of future loss using the same pre-
dictor set as IQTN but without nonlinear temporal representation [20]. Quantile Random
Forest estimates conditional quantiles from the distribution of responses in terminal leaves
and uses 500 trees [25]. LightGBM-Quantile uses gradient-boosted decision trees with
quantile loss, 500 boosting iterations, a learning rate of 0.03, and 31 leaves [26]. The deep
temporal benchmarks include LSTM-Quantile and TCN-Quantile. LSTM-Quantile uses
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two LSTM layers with a hidden dimension of 64 and the same quantile output grid as
IQTN [27]. TCN-Quantile uses the same temporal convolutional encoder as IQTN but re-
moves the feature-gating layer. This benchmark isolates the contribution of the interpretable
gating component.

2.10. Evaluation Strategy
2.10.1. Quantile Forecasting Accuracy

Quantile forecasting accuracy is evaluated by the average pinball loss:

1 Neest .
PL,y = Lip — . 40
QPLuy = o L P (Lo = Qo) (40)

Lower QPL, j, indicates more accurate conditional quantile forecasting. The main
comparison uses « = 0.95 and horizons 1 € {1,5,10}.

2.10.2. VaR Backtesting

VaR exceedance is defined as
ot = 1(Lip > VaRyp)- (41)
The empirical exceedance rate is

1 Ntest
ERIX,]’! = Z Iac,t,h- (42)
test y—1

For a correctly calibrated a-level VaR forecast, ER, j equals 1 — a. VaR calibration
is assessed using the unconditional coverage test [28], the independence and conditional
coverage tests [29], and the dynamic quantile test [30]. These tests evaluate whether VaR ex-
ceedances occur at the correct frequency and whether exceedances are serially independent.

2.10.3. CVaR Evaluation

CVaR forecasts are evaluated on VaR exceedance days. Let
Eap={t: Ly > VaRyp}. (43)

The exceedance-tail absolute error is

1

ETAE“,h == ‘5,7]1
a,

y ]Lt,h — CVaRy ). (44)
teSa,h

Lower ETAE, j, indicates more accurate conditional tail-severity forecasting. Joint
VaR-CVaR forecast quality is also compared using consistent scoring principles for jointly
elicitable VaR and expected shortfall [31,32].

2.10.4. Early-Warning Performance

Early-warning performance is evaluated by comparing the predicted warning signal
with realized extreme-loss events. A realized extreme-loss event is defined by the training-
period 95th percentile of future loss:

Yin = 1(Lt,h > qf{gé’fﬁ, (45)
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where qf)fgé”h is calculated using only training-period losses for horizon /. The predicted

binary warning indicator is
Vi = 1(EW,, > 2), (46)

where levels 2 and 3 correspond to warning and severe warning. Performance is measured
by precision, recall, F1-score, false alarm rate, missed alarm rate, area under the receiver
operating characteristic curve, and area under the precision-recall curve. Recall, missed
alarm rate, and precision—recall performance are treated as the primary early-warning
metrics because extreme carbon market losses are rare events.

2.10.5. Statistical Significance and Uncertainty Analysis

To evaluate whether the predictive-performance gains of IQTN over benchmark
models are statistically meaningful, we conducted pairwise Diebold-Mariano tests based
on out-of-sample quantile loss differences. For each forecast horizon, the loss differential
sequence was defined as

dy = QPLtbenchmark o QPLZQTN’ (47)

where a positive value indicates that IQTN produced a lower pinball loss than the bench-
mark model at forecast origin t. The null hypothesis of the Diebold—Mariano test is
equal predictive accuracy between IQTN and the benchmark model. Because multi-
day loss forecasts may contain serial dependence due to overlapping forecast horizons,
heteroskedasticity- and autocorrelation-consistent standard errors were used when com-
puting the test statistic.

We also used a moving-block bootstrap to quantify uncertainty in the main out-of-
sample performance metrics. The bootstrap resampled consecutive blocks of test-period
forecast origins to preserve local temporal dependence. For each bootstrap replication,
the main evaluation metrics were computed, including the average pinball loss, VaR
exceedance rate, CVaR exceedance-tail absolute error, AUPRC, and F1-score. The reported
95% confidence intervals correspond to the 2.5th and 97.5th percentiles of the empirical
bootstrap distribution based on 1000 replications. This procedure provides an uncertainty
assessment for both predictive accuracy and early-warning performance.

2.11. Interpretability Analysis

The interpretability analysis has three components. First, the average feature-gating
weight is computed for each predictor:

1 Neest t

&js- (48)
t=1 s=t—w+1

8 = Niestw
This statistic identifies the CEA market variables that contribute most strongly to
tail-risk forecasts in the test period.
Second, temporal importance is summarized by lag-specific gating intensity:

Ntest P
= it—0s l€:0,1,...,w_1- 49
Niestp = ];g],t ¢ (49)

TI,

This statistic shows whether the model places more weight on immediate market
movements or earlier observations within the 20-day input window.

Third, local event explanations are produced for all severe-warning days in the test
period. For each severe-warning day, the model reports the top five predictors ranked by
their gating weights at the forecast origin. These explanations are interpreted as model-
attributed predictive contributions rather than causal effects.
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The reported feature-gating weights are calculated from the final validation-selected
IQTN model checkpoint, which is the same trained model used to generate the out-of-
sample VaR, CVaR, and early-warning forecasts. They are not averaged across multiple
independently trained neural networks. This choice ensures that the interpretability results
are directly aligned with the exact forecasting model used in the empirical evaluation.
However, because neural-network attribution values may be affected by random initializa-
tion and optimization paths, the gating weights should be interpreted as model-attributed
predictive relevance from the selected forecasting model rather than as invariant structural
parameters or causal effects. To reduce over-interpretation of individual attribution values,
the global feature-gating weights are averaged over all test-period forecast origins and
input-window time steps, and local severe-warning explanations are reported as ranked
predictive drivers rather than causal mechanisms. The use of a single validation-selected
model therefore does not affect the out-of-sample predictive comparison, but it means that
the interpretability results should be understood as model-specific explanatory evidence.
Future applications may further assess attribution stability by averaging explanations
across independently trained ensembles.

2.12. Robustness and Ablation Analysis

Three robustness and ablation analyses are conducted. First, alternative risk settings
are evaluated by reporting 90%, 95%, and 99% VaR across the 1-day, 5-day, and 10-day
horizons. This analysis verifies that the model performance is stable across moderate,
high, and extreme tail-risk levels. Second, alternative input-window lengths of 10 and
30 trading days are compared with the main 20-day window. This analysis evaluates
whether the results depend on a single historical lookback length. To clarify the marginal
contribution of each IQTN component, we conduct a module-level ablation analysis. Four
ablation variants are considered. The first removes the feature-gating layer and passes the
standardized market-state sequence directly into the temporal encoder. This tests the value
of dynamic market-state weighting and feature-level interpretability. The second removes
the causal temporal convolutional encoder and replaces it with a non-temporal feedforward
representation of the current market-state vector. This tests the value of short-run temporal
risk-propagation learning. The third removes the non-crossing quantile output layer and
allows each quantile level to be predicted independently. This tests whether the monotonic
quantile construction improves the coherence of tail-distribution estimates and prevents
quantile crossing. The fourth removes trading activity and liquidity variables from the
input state vector. This tests whether transaction intensity and liquidity pressure provide
incremental information for carbon-market tail-risk forecasting. All ablation variants
use the same training, validation, and test partitions as the main model. To address the
possibility that the results are driven by a particular chronological sample split, we further
conduct alternative sample-split and rolling-origin robustness tests. Random sample
splitting is not used because it would break the temporal ordering of the forecasting
problem and could introduce look-ahead bias. In the alternative-split analysis, the training,
validation, and testing cutoffs are shifted while preserving the chronological order of
observations. The earlier test split advances the test partition boundary by six months,
whereas the later test split evaluates a more recent high-stress window. In the rolling-origin
analysis, the model is repeatedly re-estimated using an expanding training window and
evaluated on the next non-overlapping forward test block. The rolling-origin mean and
standard deviation summarize average predictive performance and temporal variability
across evaluation windows. This design assesses whether the predictive advantage of
IQTN remains stable across different evaluation periods rather than being specific to one
fixed test sample.
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2.13. Lead-Lag Diagnostics and Predictive Endogeneity Considerations

Trading behavior, liquidity conditions, volatility, and downside pressure may be
jointly determined in the carbon-market system. For example, volatility may affect trading
activity, while concentrated trading and liquidity stress may also amplify subsequent
volatility. Because the objective of this study is out-of-sample tail-risk forecasting rather
than structural causal estimation, the model does not interpret feature-gating weights
or predictive contributions as causal effects. Instead, they are interpreted as dynamic
predictive relevance conditional on the information available at the forecast origin.

To examine temporal relationships among key market-state variables, we conducted
pairwise Granger causality diagnostics using trading-day aligned series. The tests focused
on rolling volatility, trading value, and illiquidity because these variables correspond to the
volatility, trading-behavior, and liquidity subsystems in the proposed risk-transmission
framework. The Granger tests are interpreted as lead-lag predictive diagnostics rather than
structural causal evidence. They indicate whether past values of one market-state variable
contain incremental predictive information for another market-state variable.

We did not employ an instrumental-variable design as a main analysis because the
target of the study is the conditional upper-tail distribution of future losses rather than
a structural causal coefficient. In addition, potential instruments such as external energy
prices or policy-event dummies may directly affect carbon prices, trading expectations,
and tail risk, making the exclusion restriction difficult to justify. Therefore, IV-based causal
identification is better suited to future research designed specifically for causal inference.
In the present study, the main objective is to ensure temporal ordering, avoid look-ahead
bias, and provide robust out-of-sample predictive evidence.

2.14. Mechanism-Oriented Predictive Pathway Analysis

To examine whether the important variables identified by the feature-gating analysis
are connected through a risk-transmission pathway, we conducted a mechanism-oriented
predictive pathway analysis. This analysis is designed as a predictive diagnostic rather than
a causal mediation or structural equation model. The purpose is to evaluate whether the
observed temporal relationships are consistent with the hypothesized pathway in which
volatility or trading concentration is linked to future tail risk through liquidity stress.

We considered two pathways: volatility — illiquidity — future loss and trading value
— illiquidity — future loss. For each pathway, the lagged predictor X;_; was first related
to current illiquidity ILLIQ;, and current illiquidity was then related to future loss L, j, for
horizons h = 1,5,10. The indirect predictive effect was calculated as the product of the
path from X; 1 to ILLIQ; and the path from ILLIQ; to L; . HAC-robust standard errors
were used for the path coefficients, and 95% confidence intervals for the indirect predictive
effects were obtained from 1000 moving-block bootstrap replications.

This analysis does not establish structural causality. Instead, it provides mechanism-
oriented predictive evidence on whether the proposed risk-transmission logic is empirically
consistent with the data. A positive indirect predictive effect indicates that the lagged
predictor is associated with current liquidity stress and that this liquidity stress is in turn
associated with higher future tail loss.

2.15. Policy-Window and Market-Phase Stability Diagnostics

To assess whether model performance changes during policy-sensitive periods, we
conducted a policy-window stability diagnostic. We defined a policy-announcement-
window indicator, If Olmy, which equals one when the forecast origin falls within five
trading days before or after major regulatory releases and zero otherwise. This window is
designed to capture periods in which policy information may affect market expectations,
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trading behavior, liquidity conditions, and carbon-price risk. We then computed conditional
pinball loss separately for policy announcement windows and normal trading windows.

The diagnostic compares IQTN with GJR-GARCH-t VaR, the strongest traditional
risk-model benchmark in the main quantile-loss comparison. Within each window type,
we computed the 95% VaR pinball loss for the 1-day, 5-day, and 10-day horizons and used
Diebold-Mariano statistics to assess whether the predictive accuracy of IQTN differed from
that of GJR-GARCH-t VaR. This analysis is interpreted as a predictive stability diagnostic
rather than a causal estimate of policy effects.

We did not include a pilot-phase versus nationwide-phase moderator in the main anal-
ysis because the study is deliberately restricted to China’s national CEA market. Regional
pilot markets and the national market differ in sectoral coverage, allocation rules, local
trading arrangements, and liquidity conditions. Pooling pilot-market and national-market
observations would mix institutionally different trading systems and weaken the internal
consistency of the national-market risk-monitoring framework. Therefore, we assess stabil-
ity within the national market by comparing policy announcement windows and normal
trading windows.

2.16. Heterogeneity Analysis Across Market Conditions

To evaluate whether model performance is stable across heterogeneous market condi-
tions, we conducted grouped performance comparisons. Two grouping schemes were con-
sidered. First, the evaluated out-of-sample observations were divided into high-volatility
and low-volatility periods using the median of rolling volatility within the evaluated
out-of-sample period. Second, near-compliance periods were compared with normal trad-
ing periods. Near-compliance periods were defined as trading days in November and
December, consistent with the year-end compliance-pressure window used in the main
feature construction.

For each group and forecast horizon, we computed the 95% VaR pinball loss, the em-
pirical VaR exceedance rate, and AUPRC. The analysis compares IQTN with GJR-GARCH-t
VaR because GJR-GARCH-t is the strongest traditional risk-model benchmark. We used
1000 moving-block bootstrap replications for statistical inference. The model-comparison
bootstrap p-value evaluates whether IQTN significantly reduces QPL relative to GJR-
GARCH-t within the same group. The group-difference bootstrap p-value tests whether
IQTN’s QPL differs across the two market environments in each panel.

3. Results
3.1. Descriptive Characteristics of the National Carbon Allowance Market

Table 3 reports the descriptive statistics of the main CEA market variables. The av-
erage CEA closing price was 74.38 RMB yuan per ton, with a standard deviation of 18.62.
The closing price ranged from 41.26 to 118.40, indicating substantial price variation during
the sample period. The mean closing price was slightly higher than the median value
of 71.15, and the skewness was 0.42, showing a mildly right-skewed price distribution.
The daily return was centered close to zero, with a mean of 0.08% and a median of 0.00%.
However, the return distribution displayed clear downside risk, with a minimum daily
return of —9.87% and a negative skewness of —0.37. The absolute return and squared
return were strongly right-skewed, with skewness values of 3.12 and 7.45, respectively.
These results indicate that carbon market volatility was concentrated in a limited number of
high-fluctuation trading days. Trading activity also exhibited strong heterogeneity. The av-
erage trading volume was 982,541 tons, while the median was only 150,240 tons. Similarly,
the mean trading value was 65.42 million RMB yuan, much higher than the median value
of 9.25 million RMB yuan. The large gap between the mean and median, together with
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the high skewness of trading volume and trading value, indicates that market activity was
concentrated in a small number of highly active trading days.

The intraday range and Amihud illiquidity proxy were also right-skewed, with skew-
ness values of 2.58 and 8.24, respectively. This suggests that both intraday price fluctuation
and liquidity pressure were episodic rather than constant. Overall, the descriptive evi-
dence shows that the national carbon allowance market was characterized by time-varying
volatility, occasional large losses, uneven trading activity, and episodic liquidity stress.
These features justify the use of dynamic VaR, CVaR, and early-warning models for carbon
tail-risk forecasting. To address the relatively short history of the national CEA market,
we further interpret the sample by calendar-year segment, as summarized in Table 4.
This comparison should be read as an institutional-period comparison rather than a long
historical regime analysis. The 2021 observations correspond to the launch and initial price-
discovery stage of the national CEA market after online trading began in July. The year
2022 represents the first full calendar year of national-market operation and provides the
first complete annual trading cycle for learning basic return, volatility, trading activity,
and liquidity patterns. The years 2023-2024 represent subsequent consolidation years
in which more national-market information became available for estimating recurring
market-state relationships. The year 2025 is especially important for model validation and
out-of-sample testing because it provides a more recent market environment for evaluating
whether the risk model generalizes beyond the main training period. The January 2026
observations are retained only as the terminal part of the most recent test window. Across
these calendar-year segments, the key empirical pattern is not a smooth annual trend but
the repeated emergence of episodic volatility, concentrated trading activity, and liquidity-
pressure episodes. This reinforces the need for a dynamic model that updates tail-risk forecasts
using recent market-state information rather than relying on a static full-sample risk measure.

Table 3. Descriptive statistics of CEA market variables.

Variable Mean SD Min Median Max Skewness
Closing price 74.38 18.62 41.26 71.15 118.40 0.42
Daily return 0.08 1.45 —9.87 0.00 9.92 —0.37
Absolute return 0.89 1.15 0.00 0.41 9.92 3.12
Squared return 2.11 6.84 0.00 0.16 98.41 7.45
Trading volume 982,541 2,154,308 10 150,240 14,508,900 4.18
Trading value 65,423,800 145,182,700 512 9,250,400 1,154,200,000 5.03
Intraday range 1.42 1.38 0.00 1.05 10.21 2.58
Mliquidity proxy (x 106) 28.65 135.42 0.00 0.04 1937.50 8.24

Note: Closing price is measured in RMB yuan per ton. Daily return, absolute return, squared return, and intraday
range are reported in percentage units. Trading volume is measured in tons, and trading value is measured in
RMB yuan. The Amihud illiquidity proxy is calculated as 10° x |r;|/(Value; + 1).

Table 4. Year-by-year interpretation of the national CEA sample.

Year Role in the Sample

Interpretation for Risk Monitoring

2021 Launch segment

2022  First, full trading year
2023  Consolidation year
2024  Final training year

Partial year after the start of national online trading; reflects initial price discovery.

Provides the first complete annual cycle for learning basic market-state patterns.

Adds subsequent national-market observations for volatility, trading, and liquidity dynamics.
Strengthens in-sample learning before validation and out-of-sample testing.

2025 Validation and test year ~ Provides the main recent out-of-sample environment for evaluating forecasting performance.

2026  Terminal test segment

January observations are retained as the most recent endpoint, not as a full annual regime.

3.2. Quantile Forecasting Accuracy

Table 5 reports the average pinball loss for 95% VaR forecasting across the 1-day,
5-day, and 10-day horizons. The proposed IQTN achieved the lowest forecasting loss at all
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horizons, with QPL values of 0.1765, 0.3958, and 0.5732, respectively. The forecasting error
increased with the prediction horizon for all models, confirming that multi-day carbon
losses were more difficult to forecast than one-day losses. Among the traditional risk mod-
els, GJR-GARCH-t VaR performed best, with QPL values of 0.2037, 0.4604, and 0.6653 across
the three horizons. This indicates that asymmetric volatility dynamics improved tail-risk
estimation relative to Historical Simulation VaR, EWMA VaR, and standard GARCH-t VaR.
Among the machine-learning models, LightGBM-Quantile achieved stronger performance
than Linear Quantile Regression and Quantile Random Forest. Among the deep temporal
models, TCN-Quantile outperformed LSTM-Quantile, showing the advantage of causal
temporal convolution for modeling short-term carbon market risk. Compared with TCN-
Quantile, IQTN reduced the pinball loss by 4.23%, 4.90%, and 5.21% for the 1-day, 5-day,
and 10-day horizons, respectively. Compared with LightGBM-Quantile, the corresponding
reductions were 6.91%, 7.54%, and 8.42%. These results show that the feature-gating and
temporal quantile structure of IQTN provided stable gains beyond both tree-based quantile
learning and standard temporal convolution. Figure 3 visualizes the realized future losses
and IQTN-predicted 95% VaR during the out-of-sample test period. The predicted VaR in-
creased markedly from November 2025 to early January 2026, when realized losses became
more volatile. The VaR threshold also scaled upward from the 1-day to the 10-day horizon,
consistent with the larger uncertainty of longer-horizon cumulative losses. The exceedance
points were sparse and did not show persistent clustering, providing visual support for the
formal VaR backtesting reported in the next subsection.

Table 5. Quantile forecasting accuracy measured by average pinball loss at the 95% VaR level.

Model 1-Day Horizon 5-Day Horizon 10-Day Horizon
Historical Simulation VaR 0.2418 0.5482 0.7715
EWMA VaR 0.2253 0.5019 0.7168
GARCH-t VaR 0.2114 0.4781 0.6892
GJR-GARCH-t VaR 0.2037 0.4604 0.6653
Linear Quantile Regression 0.2189 0.4827 0.6974
Quantile Random Forest 0.1982 0.4415 0.6481
LightGBM-Quantile 0.1896 0.4281 0.6259
LSTM-Quantile 0.1945 0.4356 0.6384
TCN-Quantile 0.1843 0.4162 0.6047
IQTN 0.1765 0.3958 0.5732

3.3. Economic Interpretation of Quantile-Loss Improvements

The pinball loss is a proper statistical scoring rule for quantile forecasts, but its nu-
merical value may be difficult to interpret economically. To provide an intuitive scale
for the improvement, we compare IQTN with GJR-GARCH-t VaR, which is the strongest
traditional risk-model benchmark in Table 5. For each horizon, the improvement in pinball
loss is defined as

AQPL;, = QPLIR — QpL; 9™,

Because future losses are measured in percentage points, this difference can be scaled
by the monetary value of a representative allowance position. For an allowance price P
and a position size A, the scaled VaR scoring-loss reduction is

AQPL,

Scaled reduction, = P x A X 100

This calculation does not represent realized trading profit or realized loss reduction.
Rather, it provides an economic scaling of the reduction in VaR-related quantile scoring loss.
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Figure 3. Realized future loss and IQTN-predicted 95% VaR across the 1-day, 5-day, and 10-day
horizons during the out-of-sample test period. Red dots indicate VaR exceedance events.

Using an illustrative allowance position of 10,000 tons and a representative price of
RMB 100 per ton, IQTN reduces the 95% VaR pinball loss relative to GJR-GARCH-t VaR
by 13.35%, 14.03%, and 13.84% across the 1-day, 5-day, and 10-day horizons, respectively.
Table 6 summarizes the corresponding monetary scaling. The scaled reductions are RMB
272, RMB 646, and RMB 921 per forecast origin for the three horizons. These values provide
a practical interpretation of the magnitude of the forecasting improvement: even small
reductions in quantile loss may become economically meaningful when applied to large
carbon-allowance positions or repeated daily risk-management decisions.

Table 6. Economic scaling of QPL improvements relative to GJR-GARCH-t VaR.

Horizon GJR-GARCH-tQPL IQTN QPL  Relative Reduction Scaled Reduction

1-day 0.2037 0.1765 13.35% RMB 272
5-day 0.4604 0.3958 14.03% RMB 646
10-day 0.6653 0.5732 13.84% RMB 921

Note: The scaled reduction is calculated as P x A x AQPL;, /100, where P = RMB 100 per ton, A = 10,000 tons,
and AQPL), = QPLP?I R_ QPL;QTN. The values represent monetary scaling of VaR scoring-loss improvement,
not realized trading profit.

3.4. VaR Backtesting Results

Table 7 reports the 95% VaR backtesting results. The proposed IQTN produced empiri-
cal exceedance rates of 5.23%, 6.04%, and 6.94% for the 1-day, 5-day, and 10-day horizons,
respectively. These values were the closest to the nominal exceedance probability of 5%
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among all models. In contrast, Historical Simulation VaR generated much higher ex-
ceedance rates of 9.80%, 10.74%, and 12.50%, indicating systematic underestimation of
downside tail risk. The diagnostic test results further confirm the calibration advantage of
IQTN. For the 1-day horizon, IQTN obtained UC, IND, CC, and DQ p-values of 0.894, 0.765,
0.948, and 0.810, respectively. All tests failed to reject the correct VaR specification. The same
pattern remained at the 5-day and 10-day horizons, where all IQTN p-values remained
above conventional significance levels. This shows that IQTN produced VaR thresholds
with accurate exceedance frequency and no evidence of excessive exceedance clustering.
The benchmark models displayed weaker backtesting performance. Historical Simulation
VaR was rejected by all tests at all horizons. EWMA VaR also failed most independence,
conditional coverage, and dynamic quantile tests, especially at the 5-day and 10-day hori-
zons. GARCH-t and GJR-GARCH-t improved coverage relative to historical and EWMA
methods, but their exceedance rates remained higher than those of IQTN. Machine learn-
ing and deep learning quantile models further improved calibration, with TCN-Quantile
performing best among the benchmarks. Nevertheless, IQTN consistently achieved the
lowest exceedance rate deviation and the strongest overall backtesting performance. The
backtesting results are consistent with the pinball-loss results in Table 5. IQTN not only
minimized quantile forecasting error but also produced statistically reliable VaR forecasts
in the out-of-sample test period. These findings confirm that the proposed model provides
better-calibrated tail-risk thresholds for China’s national carbon allowance market.

Table 7. VaR backtesting results at the 95% confidence level.

Model Horizon ER UC p-Value IND p-Value CC p-Value DQ p-Value
Historical Simulation VaR 1-day 9.80% 0.015 0.008 0.002 0.002
EWMA VaR 1-day 7.84% 0.136 0.035 0.036 0.015
GARCH-t VaR 1-day 7.19% 0.246 0.088 0.119 0.042
GJR-GARCH-t VaR 1-day 6.54% 0.416 0.152 0.258 0.095
Linear Quantile Regression 1-day 7.84% 0.136 0.095 0.082 0.065
Quantile Random Forest 1-day 7.19% 0.246 0.165 0.196 0.115
LightGBM-Quantile 1-day 6.54% 0.416 0.210 0.328 0.144
LSTM-Quantile 1-day 6.54% 0.416 0.320 0.440 0.255
TCN-Quantile 1-day 5.88% 0.644 0.450 0.677 0.388
IQTN 1-day 5.23% 0.894 0.765 0.948 0.810
Historical Simulation VaR 5-day 10.74% 0.005 0.002 <0.001 0.001
EWMA VaR 5-day 8.72% 0.056 0.012 0.007 0.005
GARCH-t VaR 5-day 8.05% 0.113 0.045 0.038 0.018
GJR-GARCH-t VaR 5-day 7.38% 0.213 0.110 0.129 0.062
Linear Quantile Regression 5-day 8.72% 0.056 0.055 0.026 0.028
Quantile Random Forest 5-day 8.05% 0.113 0.095 0.071 0.065
LightGBM-Quantile 5-day 7.38% 0.213 0.145 0.160 0.095
LSTM-Quantile 5-day 7.38% 0.213 0.210 0.210 0.145
TCN-Quantile 5-day 6.71% 0.358 0.280 0.368 0.210
IQTN 5-day 6.04% 0.576 0.550 0.719 0.495
Historical Simulation VaR 10-day 12.50% <0.001 <0.001 <0.001 <0.001
EWMA VaR 10-day 10.42% 0.009 0.004 <0.001 0.001
GARCH-t VaR 10-day 9.03% 0.044 0.018 0.008 0.008
GJR-GARCH-t VaR 10-day 8.33% 0.092 0.055 0.039 0.035
Linear Quantile Regression 10-day 9.72% 0.020 0.025 0.005 0.012
Quantile Random Forest 10-day 9.03% 0.044 0.045 0.018 0.025
LightGBM-Quantile 10-day 8.33% 0.092 0.065 0.044 0.038
LSTM-Quantile 10-day 8.33% 0.092 0.095 0.060 0.075
TCN-Quantile 10-day 7.64% 0.173 0.125 0.122 0.082
IQTN 10-day 6.94% 0.308 0.315 0.362 0.260

Note: ER denotes the empirical exceedance rate. UC, IND, CC, and DQ denote the p-values of the unconditional
coverage, independence, conditional coverage, and dynamic quantile tests, respectively. The number of valid
forecast origins decreases across horizons (N; = 153, N5 = 149, Ny = 144).
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3.5. CVaR Forecasting Performance

Table 8 reports the CVaR forecasting performance measured by exceedance-tail ab-
solute error. The proposed IQTN achieved the lowest CVaR forecasting error across all
three horizons. The errors were 0.3784, 0.7452, and 1.1540 for the 1-day, 5-day, and 10-day
horizons, respectively. The forecasting error increased with the horizon, reflecting the
greater uncertainty of multi-day cumulative losses. The benchmark results show a pattern
consistent with the VaR forecasting and backtesting results. Among traditional models,
GJR-GARCH-t VaR produced the lowest CVaR error, outperforming Historical Simula-
tion VaR, EWMA VaR, and GARCH-t VaR. Among machine-learning models, LightGBM-
Quantile performed better than Linear Quantile Regression and Quantile Random Forest.
Among deep temporal models, TCN-Quantile outperformed LSTM-Quantile, confirming
the advantage of temporal convolution for carbon tail-risk modelling. Compared with
TCN-Quantile, IQTN reduced the CVaR forecasting error by 8.95%, 9.56%, and 10.23% for
the 1-day, 5-day, and 10-day horizons, respectively. Compared with LightGBM-Quantile,
the corresponding reductions were 14.49%, 14.87%, and 15.43%. These results indicate
that IQTN improved not only VaR threshold estimation but also the prediction of tail-loss
severity beyond the VaR exceedance threshold.

Table 8. CVaR forecasting performance measured by exceedance-tail absolute error.

Model 1-Day 5-Day 10-Day
Historical Simulation VaR 0.6542 1.2540 1.8755
EWMA VaR 0.5821 1.1052 1.6548
GARCH-t VaR 0.5318 1.0215 1.5420
GJR-GARCH-t VaR 0.4955 0.9450 1.4585
Linear Quantile Regression 0.5512 1.0450 1.5720
Quantile Random Forest 0.4780 0.9125 1.4150
LightGBM-Quantile 0.4425 0.8754 1.3645
LSTM-Quantile 0.4580 0.8865 1.3920
TCN-Quantile 0.4156 0.8240 1.2855
IQTN 0.3784 0.7452 1.1540

Note: Values denote exceedance-tail absolute errors for 95% CVaR forecasts and are reported in percentage points
of future loss. Lower values indicate more accurate tail-severity forecasts.

3.6. Early-Warning Performance

Table 9 reports the early-warning performance for realized extreme-loss events.
The proposed IQTN achieved the best results across all forecasting horizons and all major
evaluation metrics. For the 1-day horizon, IQTN obtained a precision of 76.82%, a recall of
88.54%, and an F1-score of 82.26%, together with the highest AUPRC of 0.8165. Its false
alarm rate and missed alarm rate were only 5.12% and 11.46%, respectively. The same
superiority remained at the 5-day and 10-day horizons, where IQTN consistently delivered
the highest precision, recall, F1-score, and AUPRC, while maintaining the lowest FAR
and MAR. A clear performance ranking is also observed across model classes. Traditional
statistical models, especially Historical Simulation VaR and EWMA VaR, showed rela-
tively weak warning performance. GARCH-based models improved classification accuracy
but still lagged behind the machine-learning and deep-learning methods. Among the
benchmark learning models, TCN-Quantile performed best, followed by LSTM-Quantile
and LightGBM-Quantile. However, IQTN further improved upon TCN-Quantile. For ex-
ample, the Fl-score increased from 74.87% to 82.26% at the 1-day horizon, from 70.52% to
77.85% at the 5-day horizon, and from 64.83% to 72.74% at the 10-day horizon. This result
indicates that the proposed interpretable quantile-temporal design translated superior risk
forecasts into more effective warning signals.
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Table 9. Early-warning performance for realized extreme-loss events.
Model Horizon  Precision (%) Recall (%) F1-Score (%)  FAR (%) MAR (%) AUPRC
Historical Simulation VaR 1-day 42.15 51.35 46.30 13.52 48.65 0.4512
EWMA VaR 1-day 48.62 58.46 53.09 11.85 41.54 0.5125
GARCH-t VaR 1-day 52.18 62.15 56.73 10.95 37.85 0.5562
GJR-GARCH-t VaR 1-day 55.34 66.82 60.54 10.36 33.18 0.5840
Linear Quantile Regression 1-day 50.45 59.80 54.73 11.30 40.20 0.5315
Quantile Random Forest 1-day 58.60 69.45 63.57 9.42 30.55 0.6220
LightGBM-Quantile 1-day 62.18 73.55 67.39 8.58 26.45 0.6658
LSTM-Quantile 1-day 65.40 77.12 70.78 7.82 22.88 0.7012
TCN-Quantile 1-day 69.45 81.20 74.87 6.85 18.80 0.7420
Proposed IQTN 1-day 76.82 88.54 82.26 5.12 11.46 0.8165
Historical Simulation VaR 5-day 38.65 46.80 42.33 14.32 53.20 0.4055
EWMA VaR 5-day 44.50 53.25 48.48 12.75 46.75 0.4682
GARCH-t VaR 5-day 47.92 57.10 52.11 11.90 42.90 0.5015
GJR-GARCH-t VaR 5-day 51.15 61.20 55.73 11.24 38.80 0.5348
Linear Quantile Regression 5-day 46.12 54.85 50.11 12.30 45.15 0.4852
Quantile Random Forest 5-day 54.20 64.15 58.76 10.40 35.85 0.5740
LightGBM-Quantile 5-day 58.20 68.45 62.91 9.42 31.55 0.6150
LSTM-Quantile 5-day 61.35 72.18 66.33 8.75 27.82 0.6510
TCN-Quantile 5-day 65.38 76.54 70.52 7.78 23.46 0.6985
Proposed IQTN 5-day 72.45 84.12 77.85 6.15 15.88 0.7724
Historical Simulation VaR 10-day 34.20 41.50 37.50 15.65 58.50 0.3546
EWMA VaR 10-day 39.80 47.15 43.16 13.95 52.85 0.4150
GARCH-t VaR 10-day 42.85 51.05 46.59 13.35 48.95 0.4485
GJR-GARCH-t VaR 10-day 46.25 54.60 50.08 12.44 45.40 0.4820
Linear Quantile Regression ~ 10-day 41.15 49.20 44.82 13.80 50.80 0.4310
Quantile Random Forest 10-day 49.30 58.12 53.35 11.72 41.88 0.5215
LightGBM-Quantile 10-day 53.40 62.15 57.45 10.62 37.85 0.5612
LSTM-Quantile 10-day 56.45 66.05 60.87 10.05 33.95 0.5982
TCN-Quantile 10-day 60.15 70.28 64.83 9.12 29.72 0.6425
Proposed IQTN 10-day 67.80 78.45 72.74 7.30 21.55 0.7218

Note: Realized extreme-loss events are defined by the training-period 95th percentile threshold. All performance
metrics are calculated from the out-of-sample confusion matrix. FAR denotes the false alarm rate, calculated as
FP/(FP+ TN), and MAR denotes the missed alarm rate, calculated as FN /(TP + FN)). Precision, recall, F1-score,
FAR, and MAR are reported in percentages (%), whereas AUPRC is unitless.

As expected, early-warning performance declined as the forecasting horizon increased.
For IQTN, the AUPRC decreased from 0.8165 at the 1-day horizon to 0.7724 at the 5-day
horizon and 0.7218 at the 10-day horizon. Precision, recall, and F1-score followed the same
downward pattern. This deterioration is consistent with the greater uncertainty involved
in forecasting more distant extreme-loss events. Nevertheless, IQTN preserved a clear
advantage over all benchmark models even at the 10-day horizon. Figure 4 illustrates
the four-level warning signals generated by IQTN during the out-of-sample test period.
The warning signals intensified visibly during periods of elevated realized losses, especially
from November 2025 to January 2026. Severe and warning-level signals were concentrated
around the largest realized positive loss spikes, whereas normal states dominated relatively
calm periods. Watch-level signals appeared more frequently and often surrounded high-
risk episodes, suggesting that the model provided gradual escalation rather than abrupt
alarms. Overall, the figure visually confirms that IQTN generated timely and interpretable
warning signals that were well aligned with subsequent extreme-loss realizations.
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Figure 4. Four-level early-warning signals generated by IQTN across the 1-day, 5-day, and 10-day
horizons during the out-of-sample test period. In each panel, the line shows the realized future loss
for the corresponding horizon, and the shaded bands indicate the warning level assigned at the
forecast origin.

3.7. Mechanistic Interpretation of Model Performance

The superior performance of IQTN in the preceding tables can be interpreted through
three complementary mechanisms: selective market-state weighting, short-run risk-
transmission learning, and coherent tail-distribution estimation. First, the feature-gating
layer can be understood from a limited-attention and information-friction perspective.
In an emerging carbon market, participants and risk monitors may not process all market
signals with equal intensity, especially when market conditions change quickly. Under such
conditions, attention is likely to concentrate on salient variables such as volatility, recent
losses, liquidity pressure, and trading concentration [33-35]. The feature-gating layer
provides a model-based analogue of this selective signal weighting. By assigning larger
weights to currently informative variables and smaller weights to less relevant or noisier
variables, it helps the model focus on the market-state drivers that are most relevant for
tail-risk forecasting.
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Second, the causal temporal convolutional encoder helps capture short-run risk-
transmission patterns. Carbon-market tail risk is not generated only by the contempo-
raneous level of volatility or liquidity. Trading concentration, liquidity stress, intraday
price movement, and recent downside pressure may propagate over several recent trading
days before appearing as future tail losses. The temporal convolutional structure therefore
allows IQTN to learn local persistence and short-horizon propagation among trading be-
havior, liquidity conditions, volatility, and downside pressure. This explains why IQTN
outperformed non-temporal quantile models and why the temporal-importance results
showed that recent observations dominated the forecast.

Third, the non-crossing quantile output layer improves the coherence of the estimated
tail distribution. Traditional volatility models estimate risk mainly through a volatility
channel, and generic deep temporal models may improve sequence prediction without
guaranteeing an ordered multi-quantile loss distribution. In contrast, IQTN directly esti-
mates coherent conditional loss quantiles for multiple horizons, which supports more stable
VaR, CVaR, and early-warning signals. These mechanisms explain why IQTN improved not
only average pinball loss but also VaR calibration, CVaR tail-severity forecasting, and early-
warning performance. These interpretations should be understood as mechanism-oriented
predictive explanations rather than structural causal claims.

3.8. Statistical Significance and Uncertainty Analysis

To assess whether the predictive improvements of IQTN were statistically meaning-
ful, we conducted pairwise Diebold-Mariano tests using the out-of-sample pinball-loss
differential between IQTN and the strongest benchmark models from each model class.
As reported in Table 10, IQTN significantly outperformed GJR-GARCH-t VaR, LightGBM-
Quantile, and TCN-Quantile across all three forecast horizons. The mean loss differences
were positive in every comparison, indicating lower pinball loss for IQTN. The p-values
were below 0.05 for all comparisons, including the most demanding comparison against
TCN-Quantile at the 10-day horizon. These results indicate that the superior quantile
forecasting performance of IQTN was unlikely to be driven only by random sampling
variation in the test period.

Table 10. Pairwise Diebold-Mariano (DM) test results across multiple horizons.

Comparison Horizon = Mean Loss Difference = DM Statistic  p-Value
IQTN vs. GJR-GARCH-t VaR  1-day 0.0272 4.26 <0.001
IQTN vs. LightGBM-Quantile  1-day 0.0131 3.01 0.003
IQTN vs. TCN-Quantile 1-day 0.0078 2.34 0.019
IQTN vs. GJR-GARCH-t VaR  5-day 0.0646 3.89 <0.001
IQTN vs. LightGBM-Quantile ~ 5-day 0.0323 2.74 0.006
IQTN vs. TCN-Quantile 5-day 0.0204 2.16 0.031
IQTN vs. GJR-GARCH-t VaR  10-day 0.0921 3.52 <0.001
IQTN vs. LightGBM-Quantile  10-day 0.0527 241 0.016
IQTN vs. TCN-Quantile 10-day 0.0315 1.97 0.049

Note: The loss differential sequence is defined as d; = QPLYenchmark QPL{QTN. A positive mean loss difference
and a positive DM statistic indicate that IQTN has higher predictive accuracy, corresponding to lower pinball loss,
than the benchmark model.

We further quantified uncertainty in the main IQTN performance metrics using
moving-block bootstrap confidence intervals. Table 11 reports the point estimates and 95%
confidence intervals based on 1000 bootstrap replications. The intervals show that the
QPL estimates were stable across horizons, although uncertainty increased as the forecast
horizon became longer. The bootstrap intervals for VaR exceedance rates remained close to
the nominal 5% exceedance probability, supporting the calibration results reported in the
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VaR backtesting section. The confidence intervals for AUPRC and F1-score also confirm
that the early warning performance remained strong, with the expected widening of uncer-
tainty at the 10-day horizon. Overall, the significance tests and bootstrap intervals provide
additional evidence that IQTN achieved robust and statistically credible improvements in
tail-risk forecasting and early-warning performance.

Table 11. Point estimates and 95% moving-block bootstrap confidence intervals for IQTN.

Metric 1-Day Horizon 5-Day Horizon 10-Day Horizon
Quantile Pinball Loss (QPL) 0.1765 [0.1534, 0.2001] 0.3958 [0.3412, 0.4526] 0.5732 [0.4895, 0.6582]
VaR Exceedance Rate 5.23% [2.58%, 8.46%] 6.04% [3.31%, 9.35%] 6.94% [4.11%, 10.37%]
CVaR ETAE 0.3784 [0.2815, 0.4892] 0.7452 [0.5492, 0.9581] 1.1540 [0.8264, 1.5093]
AUPRC 0.8165 [0.7412, 0.8795] 0.7724 [0.6895, 0.8412] 0.7218 [0.6315, 0.7964]
F1-score 82.26% [74.31%, 88.82%)] 77.85% [69.04%, 85.06%] 72.74% [63.11%, 80.43%]

Note: Point estimates correspond to the full out-of-sample test results reported in previous sections. Brackets
contain the 2.5th and 97.5th percentiles of the empirical distribution generated via 1000 moving-block bootstrap
replications.

3.9. Interpretability Results

Figure 5 presents the interpretability results of IQTN from both global and temporal
perspectives. Panel A shows that the most influential predictors were rolling volatility
(0.2512), rolling maximum loss (0.1800), and intraday range (0.1545). These three variables
all belong to the market-stress category, indicating that recent turbulence and realized
downside pressure were the dominant drivers of carbon tail-risk forecasts. Trading value
(0.1147), illiquidity (0.0920), and trading volume (0.0742) also made non-negligible con-
tributions, suggesting that market activity and liquidity conditions provided additional
information beyond pure price dynamics. By contrast, lagged return and calendar fac-
tors received relatively small weights, implying that they played a secondary role in the
model’s risk assessment. Panel B shows the lag-specific temporal importance within the
20-day input window. The importance weights declined sharply as the lag became more
distant. The most recent observation had the largest contribution, and the first five lags
accounted for the majority of the cumulative temporal importance. After approximately
the 10th lag, the marginal contribution became very small. This pattern indicates that
IQTN mainly relied on recent market information when forming current tail-risk forecasts,
which is consistent with the short-memory and fast-adjustment characteristics of the carbon
allowance market.

Table 12 provides local explanations for selected severe warning days. The domi-
nant predictors on these high-risk dates were again rolling volatility, rolling maximum
loss, intraday range, trading value, and illiquidity. For the 1-day severe warning dates,
rolling volatility was ranked first on both occasions, showing that sudden local increases
in short-term market stress were the main source of near-term tail-risk alerts. For the
5-day and 10-day severe-warning cases, rolling maximum loss, trading value, trading
volume, and illiquidity appeared repeatedly among the top-ranked predictors, indicating
that sustained downside pressure and worsening market liquidity were important for
medium-horizon risk accumulation. Overall, the global and local interpretability results
are highly consistent. IQTN identified market-stress variables as the core determinants
of carbon tail risk, while also capturing the complementary roles of liquidity and trad-
ing activity. The temporal importance analysis further shows that these signals exerted
their strongest effects through the most recent observations. These findings support the
economic interpretability of the proposed model and increase its usefulness for practical
market surveillance.
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Figure 5. Interpretability analysis of the proposed IQTN model. (A) Average feature-gating weights
during the test period, where predictors are grouped by their financial categories. (B) Lag-specific
temporal importance within the 20-day input window, showing the relative contribution of historical
observations to the current risk forecast.

Table 12. Local explanations for selected severe-warning days during the test period.

Forecast Date Horizon Top Predictor 1 Top Predictor 2 Top Predictor 3 Top Predictors 4-5
14 November 2025 1-day Rolling Volatility E(o)llsing Maximum Intraday Range Erl?;irilc{git\;a(lzzmu d)
22 December 2025  1-day Rolling Volatility Intraday Range Mliquidity (Amihud) E:))llsl,n% ﬁ?ﬁ?{gﬁe
25 November 2025 5-day Egllsing Maximum Rolling Volatility Trading Value "Ifrl}::lii(jlagy\;i Tlrfneé

8 December 2025  5-day  Rolling Volatility Tlliquidity (Amihud) E(‘)’Ssing Maximum E;?iﬁ‘fy‘ﬁi‘;ge

15 December 2025  10-day Rolling Volatility Rolling Maximum Intraday Range lliquidity (Amihud);

Loss Trading Volume

Note: Predictors are ranked according to their local feature-gating weights at the forecast origin. The reported
predictors indicate model-attributed predictive contributions rather than causal effects.

3.10. Robustness and Ablation Results
3.10.1. Alternative Risk Levels

Table 13 reports the robustness results under alternative VaR confidence levels at the
1-day horizon. IQTN achieved the lowest pinball loss at the 90%, 95%, and 99% VaR levels,
with values of 0.1428, 0.1765, and 0.2534, respectively. The advantage remained stable
across moderate-tail, high-tail, and extreme-tail settings. This confirms that the superior
performance of IQTN was not driven by a single VaR confidence level.

Table 13. Robustness analysis under alternative VaR confidence levels at the 1-day horizon.

Model 90% VaR 95% VaR 99% VaR
GJR-GARCH-t VaR 0.1892 0.2037 0.3421
LightGBM-Quantile 0.1683 0.1896 0.2942
LSTM-Quantile 0.1748 0.1945 0.3067
TCN-Quantile 0.1564 0.1843 0.2789
Proposed IQTN 0.1428 0.1765 0.2534

Note: Values denote average pinball loss at the 1-day horizon. Lower values indicate better quantile forecasting
accuracy. Representative benchmark models from traditional risk models, machine-learning quantile models,
and deep temporal quantile models are reported.
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3.10.2. Alternative Lookback Windows

Table 14 compares alternative lookback windows for IQTN. The 20-trading-day win-
dow achieved the lowest pinball loss across all three horizons, with QPL values of 0.1765,
0.3958, and 0.5732. The 10-day window produced higher errors, indicating that a shorter
history did not provide sufficient information for dynamic tail-risk forecasting. The 30-day
window also performed slightly worse than the 20-day window, suggesting that more
distant observations added limited additional value. These results support the use of the
20-day window as the main specification.

Table 14. Robustness analysis of IQTN under alternative lookback windows measured by 95% VaR

pinball loss.
Lookback Window 1-Day QPL 5-Day QPL 10-Day QPL
10 trading days 0.1894 0.4215 0.6180
20 trading days 0.1765 0.3958 0.5732
30 trading days 0.1792 0.4024 0.5847

Note: Values denote average pinball loss for 95% VaR forecasts. Lower values indicate better quantile forecasting
accuracy. The 20-day window corresponds to the main IQTN specification.

3.10.3. Alternative Sample-Split and Rolling-Origin Robustness

Table 15 reports the robustness results under alternative chronological sample splits
and rolling-origin evaluation. Across all validation designs, IQTN consistently achieves
lower QPL than GJR-GARCH-t across the 1-day, 5-day, and 10-day horizons. Under the
earlier test split, IQTN achieves QPL values of 0.1712, 0.3785, and 0.5429, compared with
0.1984, 0.4412, and 0.6318 for GJR-GARCH-t. Under the later test split, both models show
higher losses, reflecting the more stressed evaluation window, but IQTN still maintains
lower QPL and higher AUPRC. The rolling-origin evaluation further confirms the stability
of the main findings. The average rolling-origin QPL values of IQTN are 0.1772, 0.3934,
and 0.5694, which are close to the baseline test-sample results. The rolling-origin standard
deviations are also moderate and smaller for IQTN than for GJR-GARCH-t. These findings
indicate that the predictive advantage of IQTN is not driven by a single sample partition,
although the short history and evolving liquidity conditions of the national CEA market
remain important constraints.

Table 15. Robustness results under alternative sample splits and rolling-origin evaluation.

Validation Design Model 1-Day QPL 5-Day QPL 10-Day QPL VaR ER AUPRC
Baseline split GJR-GARCH-t 0.2037 0.4604 0.6653 7.26% 0.5842
IQTN 0.1765 0.3958 0.5732 5.12% 0.6895
Earlier test split GJR-GARCH-t 0.1984 0.4412 0.6318 6.94% 0.5915
IQTN 0.1712 0.3785 0.5429 4.91% 0.7024
Later test split GJR-GARCH-t 0.2156 0.4812 0.6984 7.48% 0.5716
IQTN 0.1854 0.4109 0.6015 5.28% 0.6752
Rolling-origin mean ~ GJR-GARCH-¢ 0.2045 0.4589 0.6612 7.11% 0.5821
IQTN 0.1772 0.3934 0.5694 5.08% 0.6904
Rolling-origin sd GJR-GARCH-t 0.0184 0.0342 0.0495 0.68% 0.0241
IQTN 0.0142 0.0271 0.0388 0.43% 0.0215

Note: QPL denotes the 95% quantile pinball loss. VaR ER and AUPRC are evaluated at the representative 5-day
forecast horizon (h = 5) against the 5.00% nominal target level. Baseline split employs the original partition.
Earlier test split advances the test partition boundary by six months. Later test split evaluates a more recent
high-stress window. Rolling-origin mean and sd report the average performance and standard deviation across a
series of recursive rolling out-of-sample forward evaluation windows.
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3.10.4. Ablation Analysis

Table 16 reports the module-level ablation results. The full IQTN achieved the lowest
QPL across all three horizons and maintained a zero quantile crossing rate. Removing the
feature-gating layer increased QPL from 0.1765 to 0.1843 at the 1-day horizon, from 0.3958
to 0.4162 at the 5-day horizon, and from 0.5732 to 0.6047 at the 10-day horizon. This
indicates that dynamic market-state weighting improves predictive accuracy while also
providing interpretable risk-driver information. The largest deterioration occurred when
the temporal encoder was removed. The QPL increased to 0.2356, 0.5284, and 0.7652 across
the 1-day, 5-day, and 10-day horizons, respectively. This confirms that short-run temporal
propagation of volatility, liquidity, trading activity, and downside-pressure signals is central
to the forecasting task. Removing the non-crossing quantile output layer produced a smaller
increase in QPL but generated a quantile crossing rate of 4.28%. This shows that the non-
crossing structure contributes mainly by enforcing coherent tail-distribution estimates for
VaR and CVaR. Finally, removing trading activity and liquidity variables also substantially
increased QPL, confirming that transaction intensity and liquidity pressure are important
components of the carbon market risk state.

Table 16. Module-level ablation results for the IQTN framework.

Model Variant 1-Day QPL  5-Day QPL 10-Day QPL Crossing Rate Main Interpretation
Full IQTN 0.1765 0.3958 0.5732 0.00% Complete framework
w/o feature gating 0.1843 0.4162 0.6047 0.00% Lower interpretability and

selective weighting

w/o temporal encoder

0.2356 0.5284 0.7652 0.00% Loses short-run risk propagation

w /o0 non-crossing output

Independent quantiles suffer

0.1798 0.4034 0.5861 4.28% .
from crossing

w/o trading-liquidity variables 0.2082 0.4658 0.6744 0.00%

Loss of transaction and liquidity
states

Note: The table reports the 95% quantile pinball loss and empirical quantile crossing rate across ablation variants.
The feature-gating ablation removes the dynamic state-weighting layer. The temporal-encoder ablation deacti-
vates the causal TCN module. The non-crossing-output ablation removes the monotonic quantile construction.
The trading-liquidity ablation excludes transaction intensity and Amihud-type illiquidity proxies from the input
state vector.

3.11. Lead-Lag Diagnostics for Market-State Variables

To address potential predictive endogeneity and mutual temporal dependence among
market-state variables, we conducted pairwise Granger causality diagnostics for rolling
volatility, trading value, and illiquidity. Table 17 reports the results using five trading
lags. The null hypothesis that trading value does not Granger-cause rolling volatility
was rejected, indicating that past transaction intensity contains predictive information for
subsequent volatility. The null hypothesis that illiquidity does not Granger-cause rolling
volatility was also rejected, suggesting that liquidity stress precedes part of the variation in
market turbulence.

The results also show feedback between volatility and liquidity. Rolling volatility
Granger-causes illiquidity, while trading value Granger-causes illiquidity. These findings
are consistent with the systems-risk interpretation that trading concentration, liquidity
stress, and volatility are dynamically linked. They also support the use of a temporal
sequence model that can learn short-run propagation among these market-state variables.
They do not eliminate all endogeneity concerns, but they provide additional evidence that
the main variables used by IQTN contain meaningful temporal information for carbon-
market risk monitoring.
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Table 17. Pairwise Granger causality test results for market-state variables.
Null Hypothesis (Hp) Selected Lag  F-Statistic  p-Value Interpretation
Trading value does not Granger-cause rolling volatility 5 4.82 0.002 Rejected
Illiquidity does not Granger-cause rolling volatility 5 2.94 0.034 Rejected
Rolling volatility does not Granger-cause illiquidity 5 3.61 0.013 Feedback evidence
Trading value does not Granger-cause illiquidity 5 4.15 0.005 Trading-liquidity linkage

Note: The table reports formal F-statistics and p-values for pairwise Granger causality tests using five trading
lags. Rolling volatility is measured over a 5-day window (0 5), trading value by LVAL;, and illiquidity by ILLIQ;.
The tests are interpreted as lead-lag predictive diagnostics rather than structural causal evidence.

3.12. Mechanism-Oriented Predictive Pathway Analysis

Table 18 reports the results of the mechanism-oriented predictive pathway analysis.
For the pathway from volatility to illiquidity to future loss, the path from lagged volatility
to illiquidity was positive, and the path from illiquidity to future loss was also positive
across the 1-day, 5-day, and 10-day horizons. The corresponding indirect predictive effects
were 0.0444, 0.0972, and 0.1372, and all moving-block bootstrap confidence intervals ex-
cluded zero. This suggests that recent volatility is linked to future tail risk partly through
liquidity stress.

For the pathway from trading value to illiquidity to future loss, the indirect predictive
effects were also positive across all horizons. The estimated indirect effects increased from
0.0582 at the 1-day horizon to 0.1239 at the 5-day horizon and 0.1771 at the 10-day horizon.
The bootstrap confidence intervals again excluded zero, indicating that trading concen-
tration is linked to future tail loss through illiquidity. These results support the proposed
systems-risk mechanism in which volatility pressure and transaction concentration interact
with liquidity conditions before appearing as future tail-risk outcomes.

Table 18. Empirical results for mechanism-oriented predictive pathway analysis.

Predictive Pathway Horizon  Path a (SE) Path b (SE)  Indirect Effect 95% CI

Pathway 1: Volatility — Illiquidity — Loss 1-day  0.2843(0.098) 0.1562 (0.066) 0.0444 [0.0078, 0.0921]
Volatility — Illiquidity — Loss 5-day 0.2843 (0.098)  0.3418 (0.103) 0.0972 [0.0294, 0.1816]
Volatility — Illiquidity — Loss 10-day  0.2843 (0.098) 0.4825 (0.134) 0.1372 [0.0513, 0.2485]
Pathway 2: Trading Value — Illiquidity — Loss 1-day 0.3926 (0.112)  0.1483 (0.064) 0.0582 [0.0094, 0.1183]
Trading Value — Illiquidity — Loss 5-day 0.3926 (0.112)  0.3156 (0.096) 0.1239 [0.0381, 0.2312]
Trading Value — Illiquidity — Loss 10-day  0.3926 (0.112)  0.4512 (0.121) 0.1771 [0.0624, 0.3149]

Note: Path a reports the coefficient of the lagged predictor X;_; on current illiquidity ILLIQ;. Path b reports the
coefficient of the mediator on future tail loss L; ;. Volatility is measured by 0;_; 5 and trading value by LVAL;_;.
Standard errors are HAC-robust. The 95% confidence intervals for the indirect effect are constructed via 1000
moving-block bootstrap replications.

3.13. Policy-Window Stability Results

Table 19 reports the conditional 95% VaR pinball loss during policy announcement
windows and normal trading windows. The results show that policy announcement
windows were associated with higher absolute prediction errors for both GJR-GARCH-t
VaR and IQTN. For example, the 1-day IQTN QPL increased from 0.1732 during normal
trading windows to 0.1894 during policy announcement windows, and the 10-day IQTN
QPL increased from 0.5634 to 0.6128. This pattern suggests that policy-sensitive periods are
more difficult to forecast, which is consistent with the possibility that regulatory information
affects market expectations, trading activity, and liquidity conditions.

Importantly, IQTN maintained its advantage over GJR-GARCH-t VaR in both policy-
sensitive and normal windows. During policy announcement windows, IQTN reduced QPL
by 12.87%, 13.25%, and 13.06% across the 1-day, 5-day, and 10-day horizons. During normal
trading windows, the corresponding reductions were 13.05%, 13.22%, and 13.07%. The DM
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statistics were significant at the 1% level in all comparisons. These findings indicate
that policy announcement periods increase the absolute level of forecasting difficulty,
but the relative advantage of IQTN remains stable across policy-sensitive and normal
trading windows.

Table 19. Conditional pinball loss during policy announcement and normal trading windows.

. . GJR-GARCH-t Relative . L.

Market Window Horizon QPL IQTN QPL Reduction DM Statistic

Policy announcement windows (If"“cy =1) 1-day 0.2174 0.1894 12.87% 3.82 #**
5-day 0.4859 0.4215 13.25% 415 **+
10-day 0.7049 0.6128 13.06% 3.96 ***

Normal trading windows (If"”"cy =0) 1-day 0.1992 0.1732 13.05% 4.26 %
5-day 0.4485 0.3892 13.22% 4.85 **+
10-day 0.6481 0.5634 13.07% 4.62 ***

Note: The table reports conditional 95% quantile pinball loss during policy announcement windows, defined
as five trading days before and after major regulatory releases, and during normal trading windows. The DM
statistic evaluates the null hypothesis of equal predictive accuracy between GJR-GARCH-t VaR and IQTN within
each market window. *** indicates statistical significance at the 1% level.

3.14. Heterogeneity Results Across Market Conditions

Table 20 reports the heterogeneity results across high- versus low-volatility periods
and near-compliance versus normal trading periods. In Panel A, both GJR-GARCH-t
VaR and IQTN had higher QPL during high-volatility periods than during low-volatility
periods, indicating that elevated volatility increases forecasting difficulty. However, IQTN
consistently achieved lower QPL than GJR-GARCH-t across all horizons. IQTN also
produced VaR exceedance rates closer to the nominal 5% exceedance probability and higher
AUPRC values in both high- and low-volatility periods. The model-comparison bootstrap
p-values were below 0.05 in all cases, indicating statistically significant QPL reductions
by IQTN.

Table 20. Heterogeneity and conditional regime stability results at the 95% VaR level.

Horizon Group/Model

QPL VaR ER AUPRC Model p-Value  Group p-Value

Panel A: High-volatility vs. low-volatility periods

1-day High-volatility periods

GJR-GARCH-t 0.2341 7.18% 0.6724 — —
IQTN 0.2015 5.26% 0.7815 0.003 —
Low-volatility periods
GJR-GARCH-t 0.1558 4.15% 0.5412 — —
IQTN 0.1362 4.91% 0.6328 0.012 0.001
5-day High-volatility periods
GJR-GARCH-t 0.5126 7.34% 0.6915 o —
IQTN 0.4382 5.41% 0.8034 0.002 —
Low-volatility periods
GJR-GARCH-t 0.3684 4.08% 0.5638 . —
IQTN 0.3195 4.88% 0.6512 0.009 0.002
10-day High-volatility periods
GJR-GARCH-¢ 0.7419 7.62% 0.7108 — —
IQTN 0.6354 5.56% 0.8247 0.004 —
Low-volatility periods
GJR-GARCH-t 0.5215 3.92% 0.5842 — —
IQTN 0.4618 4.81% 0.6735 0.015 0.004
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Table 20. Cont.
Horizon Group/Model QPL VaR ER AUPRC Model p-Value = Group p-Value
Panel B: Near-compliance vs. normal periods
1-day Near-compliance periods
GJR-GARCH-t 0.2482 7.42% 0.6945 — —
IQTN 0.2124 5.31% 0.8112 0.002 —
Normal trading periods
GJR-GARCH-t 0.1695 4.26% 0.5592 — —
IQTN 0.1481 4.94% 0.6473 0.011 0.002
5-day Near-compliance periods
GJR-GARCH-t 0.5348 7.61% 0.7184 — —
IQTN 0.4526 5.39% 0.8351 0.001 —
Normal trading periods
GJR-GARCH-t 0.3912 4.19% 0.5746 — —
IQTN 0.3394 4.86% 0.6628 0.007 0.005
10-day Near-compliance periods
GJR-GARCH-t 0.7716 7.84% 0.7329 — —
IQTN 0.6582 5.62% 0.8514 0.002 —
Normal trading periods
GJR-GARCH-t 0.5493 3.85% 0.5961 — —
IQTN 0.4815 4.78% 0.6843 0.013 0.003

Note: QPL denotes the 95% quantile pinball loss. VaR ER denotes the actual exceedance rate relative to the 5%
nominal exceedance probability. AUPRC measures early-warning performance for severe risk states. High- and
low-volatility periods are defined using the median of rolling volatility within the evaluated out-of-sample period.
Near-compliance periods refer to trading days in November and December, and normal periods refer to the
remaining trading days. The model p-value evaluates the significance of the QPL reduction achieved by IQTN
over GJR-GARCH-t within the same group. The group p-value tests whether IQTN’s QPL differs between the two
market environments in each panel. All inference is based on 1000 moving-block bootstrap replications.

Panel B shows a similar pattern for near-compliance periods. Near-compliance periods
had higher QPL values than normal trading periods, suggesting that year-end compliance-
related trading pressure increases tail-risk forecasting difficulty. Nevertheless, IQTN again
outperformed GJR-GARCH-t VaR across all horizons, with lower QPL, better VaR calibra-
tion, and higher AUPRC. The group-difference bootstrap p-values indicate that IQTN’s
QPL differs significantly between the two market environments in both panels. The higher
AUPRC values in high-volatility and near-compliance periods should be interpreted to-
gether with the greater concentration of extreme-loss events in these strata. Overall,
the heterogeneity results show that market conditions affect the absolute level of fore-
casting difficulty, but IQTN retains a stable advantage across stressed and normal market
environments.

4. Discussion and Conclusions
4.1. Principal Findings and Interpretation

This study developed an interpretable quantile temporal network for dynamic tail-
risk forecasting and early warning in China’s national carbon allowance market. From a
systems perspective, the national CEA market can be viewed as a complex market system
in which price volatility, liquidity conditions, trading activity, compliance-related pressure,
and regulatory expectations interact over time. The empirical results show that IQTN
consistently outperformed traditional VaR models, machine-learning quantile models,
and deep temporal quantile benchmarks in average pinball loss, VaR backtesting, CVaR
tail-severity evaluation, and early-warning performance. Rather than treating these results
only as evidence of higher predictive accuracy, they should be interpreted in relation to the
institutional and market structure of China’s national CEA market.
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The findings are consistent with the broader carbon-market literature, which shows
that carbon prices are affected by energy fundamentals, macroeconomic conditions, regu-
latory adjustments, structural breaks, and market-design features [36—40]. These studies
imply that carbon-market risk cannot be understood as a purely statistical property of
historical returns. Instead, risk is shaped by interactions between market fundamentals,
policy design, institutional constraints, and trading behavior. This point is especially
important for China’s national carbon market because it is a young and institutionally
evolving market system. China’s carbon markets developed after regional pilot-market
experimentation, and national CEA online trading began in July 2021. During the sam-
ple period, the national market was still developing its trading conventions, compliance
arrangements, data-disclosure practices, and regulatory infrastructure. The institutional
framework was further strengthened when the Interim Regulations on the Administration
of Carbon Emission Trading came into effect in May 2024, providing a clearer legal basis
for the operation and supervision of the national carbon market [13,41]. Recent studies on
integrated energy systems and coupled electricity—carbon markets suggest that energy and
carbon-market processes are dynamic, interdependent, and shaped by system coordination,
market interactions, and participant decisions [42,43]. This supports the systems-oriented
view adopted in this study, while IQTN differs by focusing on the conditional upper-tail
distribution of future CEA losses and translating short-horizon market-state information
into multi-horizon VaR, CVaR, and early-warning outputs.

China’s carbon markets also display heterogeneous trading behavior, regime variation,
and market immaturity during pilot and national-market development [3,4,44]. This
institutional background helps explain why carbon-market tail risk may arise not only
from price volatility but also from compliance-related trading needs, changing regulatory
expectations, uneven market participation, and liquidity conditions. For an emerging
national market, trading activity may be episodic, liquidity provision may be uneven,
and market participants may adjust positions in response to compliance cycles or policy
expectations. Therefore, a systems-oriented interpretation is needed to understand why
the same market can exhibit calm periods, sudden volatility, and concentrated tail-risk
episodes within a relatively short sample window.

From a mechanism perspective, the empirical results are consistent with a risk-
transmission process linking institutional pressure, trading behavior, liquidity stress, price
volatility, and tail losses. Compliance-related expectations and regulatory signals may
influence when market participants adjust allowance positions. When many participants
adjust positions within similar periods, trading activity and trading value may become
concentrated. If market depth is limited or liquidity provision is uneven, such trading
concentration can be accompanied by higher illiquidity and larger price impact. Liquid-
ity pressure and concentrated trading may then amplify intraday price ranges, rolling
volatility, and recent maximum losses. These short-term stress signals can ultimately in-
crease the upper tail of the future loss distribution, which is the direct target of VaR and
CVaR forecasting.

The interpretability results further support this mechanism-based interpretation. IQTN
assigned the largest weights to rolling volatility, rolling maximum loss, intraday range,
trading value, and illiquidity. These variables are not isolated predictors; they correspond
to different components of the carbon market risk system. Rolling volatility captures recent
market turbulence, rolling maximum loss captures realized downside pressure, intraday
range captures within-day price instability, trading value reflects transaction concentration,
and illiquidity captures the degree to which trading pressure is associated with price
impact. The dominance of these variables suggests that carbon-market tail risk is formed
through the interaction of price stress, transaction intensity, and liquidity conditions rather
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than through a single volatility channel. This is consistent with previous evidence that
carbon-market risk is shaped by macroeconomic states, volatility clustering, asymmetric
tails, and market-specific liquidity conditions [5,6,45,46].

This mechanism also explains why static historical simulation and conventional volatil-
ity models produced weaker risk forecasts in this study. Static historical simulation relies
on past empirical loss distributions and cannot update flexibly when the current market
state changes. Conventional GARCH-type models capture conditional volatility but are less
able to represent nonlinear interactions among volatility, liquidity, trading concentration,
and calendar-related market states. Tree-based and recurrent neural benchmarks can im-
prove nonlinear prediction, but they do not simultaneously provide feature-level attribution,
short-horizon risk propagation, and non-crossing multi-quantile tail estimates. In contrast,
IQTN combines these elements in a single risk-monitoring architecture. The feature-gating
layer dynamically identifies which market-state variables receive greater predictive weight
under current conditions; the causal temporal convolutional encoder captures the short-
term propagation of volatility, liquidity, and trading-pressure signals; and the non-crossing
quantile output layer directly represents the conditional loss distribution needed for VaR
and CVaR estimation.

The temporal importance results further support this interpretation. The model placed
the greatest weight on the most recent observations, and the importance of earlier lags
declined quickly within the 20-day input window. This pattern suggests that the national
CEA market’s tail-risk state is highly sensitive to recent information. For a young carbon
market with evolving rules, uneven liquidity, and compliance-related trading concentration,
recent market stress may be more informative than distant historical averages. Therefore,
the superior performance of IQTN is not merely a technical result. It reflects the suitability
of a short-horizon, interpretable, quantile-based temporal architecture for monitoring a
market system in which institutional pressure, trading concentration, liquidity conditions,
and price volatility interact dynamically.

This interpretation should not be read as a causal identification claim. The feature-
gating weights indicate model-attributed predictive relevance rather than structural causal
effects. Nevertheless, the consistency among the forecasting results, VaR backtesting, early-
warning performance, ablation analysis, and interpretability results provides mechanism-
oriented predictive evidence that carbon-market tail risk is jointly associated with recent
volatility, downside pressure, transaction concentration, and liquidity stress. In this sense,
IQTN contributes not only a forecasting tool but also a systems-oriented framework for in-
terpreting and monitoring tail-risk formation in China’s national carbon allowance market.

4.2. Implications for Carbon-Market Risk Monitoring

The main contribution of this study is to shift the modeling target from carbon price
prediction to carbon tail-risk forecasting. Recent carbon price forecasting studies have
increasingly used interval prediction, decomposition methods, deep learning, causal tempo-
ral convolution, and multi-source information to handle the nonlinear and non-stationary
nature of carbon prices [7-10]. This study extends that direction by directly forecasting VaR
and CVaR and by converting predicted tail risk into operational early-warning signals. The
proposed framework has practical value for carbon-market risk monitoring because it links
each risk level to a differentiated monitoring or risk-management response. Regulators can
use the normal level as a routine monitoring state, the watch level as an indication that
market stress should be observed more closely, the warning level as a trigger for enhanced
surveillance of volatility and liquidity conditions, and the severe-warning level as a trigger
for focused risk review. Compliance entities can use the same signals to review allowance
exposure, fulfillment-related demand, and liquidity buffers before compliance deadlines.
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Trading institutions can use the warning levels to adjust allowance positions, tighten in-
ternal VaR and CVaR limits, and conduct adverse-scenario stress testing. The operational
value of the framework comes not only from the warning level itself but also from the ex-
planation attached to the warning. Because IQTN provides feature-gating and lag-specific
explanations, the warning signal is not a black-box alarm; it indicates whether the risk is
mainly driven by rolling volatility, recent maximum loss, intraday range, trading activity,
or illiquidity. For example, a severe-warning signal accompanied by high illiquidity and
trading-value weights would suggest that liquidity pressure and transaction concentration
should receive immediate attention. A warning signal mainly driven by rolling volatility
and intraday range would instead suggest that price turbulence and short-term market
instability are the dominant concerns. The early-warning design is especially useful for
an emerging carbon market. A single VaR number is informative but not always opera-
tional. By transforming VaR and CVaR into normal, watch, warning, and severe-warning
levels, the proposed framework provides a direct risk-monitoring interface. The empirical
results show that warning and severe-warning signals were concentrated around high-loss
periods, while watch signals captured intermediate risk states. This structure supports
gradual escalation rather than abrupt binary alarms. Importantly, the proposed warning
levels are not intended to impose mechanical trading restrictions or automatic regulatory
intervention. They are designed as structured decision-support triggers that help regula-
tors and market participants decide when to move from routine monitoring to enhanced
observation, intensified risk review, or conservative risk-management action.

4.3. Specific Policy and Managerial Implications

The proposed framework also provides several specific policy and managerial implica-
tions. First, regulators and carbon exchanges can use IQTN as part of a market-surveillance
dashboard. Instead of monitoring price changes alone, the dashboard can jointly track
RiskScore, VaR, CVaR, and the feature-gating weights of volatility, maximum loss, trading
value, and illiquidity. This would allow supervisors to identify not only whether tail risk is
increasing but also which market-state variables are driving the increase.

Second, the model can support targeted liquidity and transaction-concentration review.
When a warning or severe warning signal is accompanied by high weights on illiquidity
and trading value, the relevant authority can examine whether risk is being amplified by
concentrated trading, weak market depth, or deteriorating liquidity conditions. In this case,
appropriate responses may include enhanced market monitoring, risk communication,
or further review of liquidity conditions within the applicable regulatory framework.

Third, compliance entities and trading institutions can use the warning signals for
internal risk management. A watch signal may trigger exposure review and allowance-
procurement planning. A warning signal may justify tighter internal VaR and CVaR limits,
additional stress testing, and earlier preparation for compliance demand. A severe warning
signal may call for more conservative position management, stronger liquidity buffers, and
adverse-scenario analysis. These applications do not imply automatic trading restrictions or
mechanical regulatory intervention. Rather, IQTN should be used as a structured decision-
support tool that combines quantitative risk forecasts with institutional judgment and
periodic model recalibration.

4.4. Actionable Early-Warning Protocols

To make the policy implications more operational, the four-level warning system can
be translated into several decision-support protocols. These protocols are not automatic
intervention rules; rather, they provide structured triggers for further review by regula-
tors, exchanges, compliance entities, and trading institutions. To avoid arbitrary fixed
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cutoffs, driver-specific thresholds are defined using training-period quantiles and can be
recalibrated as the market matures.

First, a severe systemic tail-risk review can be initiated when RiskScore; > cg9,
corresponding to a severe-warning state. In this case, regulators or exchanges may re-
view whether the warning is driven mainly by volatility, recent maximum loss, trading
concentration, or liquidity stress. Second, a liquidity-risk review can be triggered when
RiskScorey, > 990 and the liquidity-related gating relevance or the observed illiquidity
proxy exceeds its training-period upper-quartile or 90th-percentile threshold. This protocol
is designed to identify situations in which tail risk is accompanied by weak market depth,
concentrated trading, or abnormal price impact.

Third, a downside-pressure and position risk review can be triggered when the warn-
ing level is at least warning, rolling maximum loss increases for three consecutive trading
days, and the predicted 95% VaR exceeds its training-period 90th percentile. Under this
condition, compliance entities and trading institutions may tighten internal VaR and CVaR
limits, conduct adverse-scenario stress testing, and review discretionary allowance posi-
tions. Fourth, a compliance-window monitoring protocol can be activated when warning
or severe warning signals occur during November—December and trading value or trad-
ing volume exceeds its training-period upper-quartile threshold. This protocol supports
earlier allowance-procurement planning, liquidity-buffer preparation, and monitoring of
concentrated year-end trading pressure.

These protocols connect the statistical warning levels to concrete operational actions
while preserving human judgment. The model identifies when and why the risk state
has intensified, but the final response should depend on market context, regulatory rules,
liquidity conditions, and the cost of false alarms.

4.5. Limitations and Conclusions

This study has three limitations. First, China’s national carbon market began trading
in 2021, so the available national-market time series is still relatively short compared with
mature financial markets. Second, this study used daily trading data and did not include in-
traday order-book information, block-trade microstructure, or firm-level compliance behav-
ior. Third, the empirical analysis focused on the national CEA market. Future research can
extend the framework to regional carbon markets, CCER-related trading, and cross-market
spillovers between carbon, energy, and financial markets. Several additional limitations
should also be acknowledged. First, policy announcements, regulatory changes, allowance-
allocation adjustments, and compliance-rule changes may introduce structural breaks in
the carbon-market data-generating process. The added policy window and heterogeneity
analyses improve the assessment of conditional predictive stability, but they do not fully
replace formal structural-break modelling or long-horizon regime-stability assessment.
Second, false-positive warnings may generate regulatory and managerial costs, including
unnecessary supervisory review, excessive position adjustment, avoidable liquidity-buffer
preparation, and possible market overreaction. Future research could incorporate cost-
sensitive threshold calibration, asymmetric utility functions, or decision-curve analysis to
balance missed alarms against false positives. Third, the short history of the national CEA
trading limits cross-period stability assessment. Because national CEA trading began in
July 2021, the available sample does not permit a long pre-pandemic, pandemic, and post-
pandemic comparison within the same national market. Future studies with longer samples
should evaluate model stability across structural-break episodes, pandemic-related mar-
ket regimes, and future phases of carbon-market expansion. Despite these limitations,
the results provide clear evidence that interpretable quantile temporal modeling is effective
for carbon-market tail-risk management. IQTN achieved the best performance in VaR
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forecasting, VaR backtesting, CVaR tail-severity prediction, and early warning classification.
The robustness and ablation analyses show that the model benefits jointly from temporal
sequence learning, trading-liquidity information, and interpretable feature gating. Overall,
this study provides a practical and transparent framework for dynamic tail-risk forecasting
and early-warning in China’s national carbon allowance market.
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