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Abstract

Concrete is the ultimate engineering barrier that prevents the release of radioactive contaminants from
Nuclear Waste Repositories (NWRs). Concrete suffers from two main chemical degradation processes
that are expedited by Climate Change (CC): carbonation-induced corrosion and chloride ingress. Climatic
variables, like temperature, relative humidity, and CO, concentration, have an impact on the process of

chemical degradation of concrete; this impact is uncertain, as it depends on the evolution of CC.

In this work, we use Dynamic Bayesian Networks (DBNs) to model concrete chemical degradation,
within the Performance Assessment (PA) of NWRs, and considering the effects of CC. The DBN models
are applied to assess aquifer contamination, due to CC-induced concrete degradation, and dose intake
from a realistic near-surface NWR. The results obtained show that the severe CC scenario (SSP-5 8.5)
leads to the largest levels of concrete degradation and dose intake, as CC-induced degradation processes
exceed the critical thresholds about a decade sooner than for moderate and low-emission scenarios.
Moreover, as expected, deep uncertainty in CC variables significantly broadens the tolerance intervals of
dose-intake violation probabilities, exposing long-term risk-informed PA to larger uncertainty, that are to
be duly considered.
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Contamination, Climate Change, Deep Uncertainty, Residual Uncertainty, Dynamic Bayesian Network
(DBN).
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Nomenclature

Acronyms
BDeu Bayesian Dirichlet—equivalent uniform
BN Bayesian Network
BT Bow-Tie
CC Climate Change
CD Chemical Degradation
Coupled Model Intercomparison
CMIP6 Project Phase 6
CPTs Conditional Probability Tables
CO: Carbon-dioxide Concentration
Ccov Coefficient of Variation
DAG Directed Acyclic Graph
DBNs Dynamic Bayesian Networks
DI Dose Intake
FT Fault Tree
GCM Global Climate Model
FEP Features, Events and Process
IPCC Intergovernmental Panel on Climate
Change
MAP Maximum a Posteriori
MC Mote-Carlo
MFM Multilevel Flow Modeling
MLE Maximization Likelihood Estimation
NPP Nuclear Power Plant
PA Performance Assessment
PRA Probabilistic Risk Assessment
T Temperature
RH Relative Humidity
RCPs Representative Concentration
Pathways
RCMs Regional Climate Models
Reliability, Availability,
RAMS Maintainability and Safety
RIC Residual Interval Characterization
GHGs Green-House Gases
SSPs Shared Socioeconomic Pathways
UuQ Uncertainty Quantification
Symbols
T Time slice
p Index of the CC variable
q Index of the FEP
u State identifier index
m Index of the combinations of parent
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1. Introduction

Nuclear facilities produce hazardous radioactive waste that must be confined to protect humans and the
environment. This can be done in Nuclear Waste Repositories (NWRs) [1], whose safety is evaluated
through a Performance Assessment (PA) [2]. PA must be performed considering the negative effects that
Climate Change (CC) could have in the future on the repository concrete structures [3], through changes
of climatic variables such as precipitation and temperature [4]. These changes may be such to expedite
chemical degradation of concrete, thus increasing the risk of groundwater contamination, and ultimately
harm to humans [5-9]. In particular, the degradation of the repository concrete barriers is due to two main
time-dependent chemical processes, i.e., carbonation and chloride ingress [10, 11], that are influenced by
temperature, relative humidity, and CO, concentration. Conducting a PA, thus, requires a framework of
analysis capable of: (i) representing the temporal evolution of both climatic variables and degradation
processes over the multi-decadal timescales relevant to NWR safety assessment; (ii) capturing causal
dependencies between climatic variables and concrete degradation mechanisms; (iii) handling the deep
uncertainty inherent to climate projections; and (iv) integrating heterogeneous information sources
including physics-based concrete degradation models, climate projection datasets, and expert judgment.
Traditional probabilistic methods present limitations in meeting these requirements: Monte Carlo
simulation, while widely used in PA [12, 13], treats the NWR model as a black box and does not
explicitly represent causal relationships, making it difficult to update assessments as new climate data
becomes available or to trace the impact of specific CC variables on PA outcomes; Fault Tree (FT) [14]
and Event Tree [15] methods, commonly employed in nuclear safety analysis, are limited by the Boolean
logic therein, so that NWR barriers can only be modelled by binary states and do not naturally

accommodate the continuous temporal evolution of their degradation processes; standard (static)



Bayesian Networks (BNs) [16] can represent causal dependencies and handle multi-state variables but
lack the ability to model time-sequential dependencies that are fundamental to concrete degradation under

evolving climate conditions.

In this work, Dynamic Bayesian Networks (DBNs) are employed for degradation modeling within PA
[17], as they address the aforementioned limitations by extending static BNs to the temporal domain.
DBNs have been used in several reliability, availability, maintainability and safety (RAMS) applications,
including prognostic and health management [18-20], risk and resilience analysis of complex systems
[18-20], risk-informed decision making [21, 22], chemical process risk assessment [23-25], maintenance
planning of structures [26], and portfolio optimization of safety measures [27]. In recent years, several
studies have further adopted BN/DBNs for nuclear systems and critical infrastructure analyses [28]. In the
nuclear field, BNs have been adopted for fault diagnostic [29], human reliability analysis [30, 31], seismic
Probabilistic Risk Assessment (PRA) [32, 33], and real-time severe accident management [34, 35].
Recent studies have also shown the capability of DBNs to model deterioration of concrete structures [36-
38]. Unlike BNs, DBNs are capable of modeling temporal processes and capturing time-sequential
dependencies [39]. Then, we use DBNs to account for the dependencies between the evolving CC
variables and the degradation state of concrete barriers to eventually assess the effects of CC on
exceeding the acceptable limits of probability on the radiation dose intake. The nodes of the DBNs
represent the Features, Events and Processes (FEPs) [16], that characterize the repository and its
environment, including the sink node (i.e., a node with no outgoing edges) related to the safety parameter
of interest, e.g., the probability that the dose intake violates the acceptable safety threshold value. The
DBN nodes are connected by edges that indicate conditional dependences, quantified using Conditional
Probability Tables (CPTs) whose estimates can be assigned through expert elicitation [40] or learned from
data (e.g., through Maximum Likelihood Estimation (MLE) [41]). In the latter case, different sources of
data can be used, such as climate projection datasets (e.g., CMIP6 [42-44]) for the nodes of CC variables

(e.g., temperature, relative humidity and CO: concentration), or datasets generated through physical



models that simulate the time-dependent chemical degradation processes of concrete by carbonation-

induced corrosion and chloride ingress [10, 17, 45].

In practice, CC variables projections are affected by deep uncertainty, which is typically characterized as
[46]: scenario uncertainty (i.e., related to the unpredictability of future human activities, including
greenhouse gas emissions and land-use changes), model uncertainty (i.e., related to how different climate
models lead to different projections under the same input conditions) and internal variability uncertainty
(i.e., related to the natural, unpredictable climate fluctuations that occur also without external influences
like greenhouse gases, solar changes, etc.). Both SSP scenario uncertainty and climate model uncertainty
are considered epistemic, as they arise from incomplete knowledge of future socio-economic pathways
and imperfect representations of the climate system, respectively. The relative importance of these
sources of uncertainty on the CC variables values depends on the time scales of the analysis: for decadal
time scales (i.e., over 20 to 30 years in the future) the contributions of scenario uncertainty and model
uncertainty are expected to be the most important ones [46] to be considered in the PA of NWRs.
Scenario uncertainty is typically addressed considering different Shared Socioeconomic Pathways (SSPs)
(i.e., scenarios describing possible future societal trends that influence greenhouse gas emissions and
climate change impacts) [47]. For a given SSP scenario, model uncertainty is addressed by considering
multiple climate models (e.g., those compared and analyzed in the Coupled Model Intercomparison

Project Phase 6 (CMIP6) [44]) and the spread among their respective projections.

Another source of epistemic uncertainty stems from the incompleteness of the set of physical model
simulations adopted to estimate the CPTs of the DBN, at the time of the analysis is carried out. This
uncertainty, extensively discussed in [16], impacts on the DBN outcomes and, therefore, should be

attentively considered.

In this work, we propose a DBN-based modeling framework to account for the impact of scenario

uncertainty and model uncertainty within PA of NWRs. Specifically, scenario uncertainty is addressed by



developing a DBN for each SSP scenario considered, whereas model uncertainty and the uncertainty that
arises from the incompleteness of physical model simulations are considered within the uncertainty of
CPTs parameters [16] and propagated through the DBNs to quantify the uncertainty on the outcomes.
Methods for characterizing the uncertainty of CPTs parameters are either based on probability theory or
on interval-valued uncertainty [48]. For the former, for example, the uncertainty on CPTs parameters can
be assumed to follow a Dirichlet probability distribution (or a Beta distribution for binary nodes), and
through Monte Carlo sampling the residual uncertainty in the DBN output is characterized. For the latter,
the uncertainty in the CPTs parameters is represented by intervals of variability, which are then
propagated to characterize the residual uncertainty of the outputs by solving optimization problems over
the sets of probabilities [48]; however, in this latter case, the computational complexity and time required
for the inference process can become intractable for complex networks (i.e., networks characterized by a
large number of nodes and high tree-width) [49, 50]. For this reason, in this paper, we opt for a
probabilistic representation of the uncertainty in the CPTs values and a Residual Interval Characterization

(RIC) non-parametric tolerance interval method [48].

The resulting modelling framework is applied to a near-surface NWR located in Dessel, Belgium [16, 51,
52], for a time-dependent probabilistic analysis of dose intake accounting for scenario and model
uncertainty in relation to three different SSPs scenarios, namely, SSP-1 2.6, SSP-2 4.5, and SSP-5 8.5
(i.e., limiting global temperature increase to 2°C, 3°C, and 4°C, due to low, intermediate and very high
emissions of GHGs (Green-House Gases), respectively) and the projections of the CMIP6 climatic

models as in [53].

To the best of the authors’ knowledge, this is the first DBN-based modelling framework proposed for the
PA of NWRs that explicitly aims to represent deep climate change uncertainty. Specifically, the
methodological advancements of the proposed framework include: (i) explicit representation and
incorporation of deep uncertainty arising from both scenario and model uncertainty in CMIP6 climate
projections; (ii) development of Residual Interval Characterization (RIC) as a non-parametric tolerance-
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interval approach to account for epistemic uncertainty in CPT parameterization of the DBN-based
modelling framework; (iii) application of a combined parameter-learning algorithm that integrates limited
CMIP6 data and physical simulation datasets within a unified framework; (iv) consideration of two
connected degradation processes (carbonation and chloride ingress) to establish a logical joint chemical
degradation state for concrete barriers; and (v) application of the DBN-based modelling framework to a

realistic near-surface NWR.

The remaining Sections of the manuscript are structured as follows: Section 2 formulates the DBN
modeling framework that embeds CC variables projections, and the method for CPTs uncertainty
quantification and propagation, Section 3 describes the case study and Section 4 presents the results. In

Section 5, conclusions are drawn.

2. DBN Modelling of Concrete Degradation

A discrete-time model of concrete degradation is developed, considering a finite set of uniformly spaced
time steps [0, 1, ..., T, ..., T¢], each of duration At = t;,; —t;. Let Y(7) = {Yi(r), W Yy (1), 0, Y (T)} be
the set of FEPs variables that characterize the degradation process at the generic time step 7 (e.g., the
carbonation depth due to carbonation-induced corrosion or the chloride concentration), Y, (7) be the
safety target (e.g., the dose rate to the public), and X(7) = {X;(¥), ... Xp (), s Xp (1)} be the set of CC
climatic variables considered to influence the degradation of concrete (e.g., temperature, relative

humidity, and CO,).

BNs have already been used to model the causal interdependencies among FEPs for the PA of NWRs
[16]. In this Section, we propose a DBN to model the dynamic evolution of the NWR FEPs under the

effects of CC climatic variables, over discrete time slices T = 0,1, ..., T.

The development of the DBN consists of three steps: variables selection, structure modeling and

parameter modeling.



Variables selection aims at identifying the set of CC climatic variables X(t) and FEPs Y (1)
characterizing the degradation process. Then, each element X,,(7) € X(7) and Y, () € Y (7) is associated

with a corresponding node in the DBN, such that the total number of DBN nodes n;,; is:

Neot =P+ Q) (T; +1) ey
Structure Modeling aims at defining the causal conditional dependencies among the DBN nodes through a
Directed Acyclic Graph (DAG) G [54]. This is typically done either by expert judgment, encoding explicit
cause-effect relationships, or by established mapping algorithms (e.g., Fault Tree (FT) [55], Bow-Tie
(BT) models [56], and Multilevel Flow Modeling (MFM) [57]), or by structure-learning algorithms [54].
The generic DBN structure shown in Fig. 1, enables modelling: i) the causal dependencies between CC
climatic variables (blue nodes) and the FEPs (orange nodes), and ii) the causal dependencies among the
FEPs (including those of the target sink, node in red) so that both intra-slice dependencies (i.e., causal
dependencies within the same DBN time slice, represented by solid arrows) and inter-slice dependencies

(i.e., causal dependencies across different time slices, represented by dashed arrows) are captured.

cC
climatic .
nodes
—

FEPs <

Fig. 1. DBN structure for modelling the effects of CC climatic variables on the FEPs, unrolled over three

consecutive time steps.

Parameter modeling aims at characterizing the conditional dependencies among the nodes by defining the
CPTs parameters. This can be done by knowledge elicitation from experts [40] or by parameter

identification algorithms (e.g., MLE and Bayesian estimation) [54].



The DBN is used to compute the probability that, at a given time step t, the safety target (or any other
variable of interest) violates a given safety threshold (i.e., Py, (7) = Pr(Yp () > YchTeSh"ld). However,
the computed value of P,;,(7), depends on the uncertain CC variable projections that make the CPTs
parameters uncertain. Such uncertainty propagates into P;,(7) and determines its residual uncertainty,

characterized by the probability distribution p(P,;, (7).

In this work, we propose a methodological framework to quantify p(Pm-o (T)) using a tolerance interval

— B — . . Pyio(7)
[@ (), Pyio (‘L’)]y, where Py (7) and Py;,(7) satisfy the condition Pr ( [ Poio (D) p(Pyio (7)) dPyip > y) =

B, and y and 8 are the coverage and its confidence, respectively.

2.1 Accounting for CC deep uncertainty in DBN-based modelling of concrete degradation

LetV = {Vi|i =1, ..., 10} be the set of the DBN nodes used for PA and A = {(j, {)|V;, V; € V} the set of
directed edges of the DBN, where (j,i) indicates an edge from node V; to node V;. Let §; =
{Si,1 > Siw > Sic;} be the set of possible states of V; (e.g., §; = {low, medium, high}), Vi = {V; €

V|(j, 1) € A} the set of parent nodes of Vi, §7 = {Sj(1), .-, Simy» > Sicqp} the set of combinations of the

parents nodes of V; given by the Cartesian product of sets §; = HVjeyi— S, where S,

y represents the m-
th combination of parents nodes states, with m =1, ...,d; and d; = HVjEVi_ ¢j. For example, for V; =
{V1, V23, Sy ={s1,1,51,2} and S2 = {521,522}, Si is given by Sy =
{(51.1,521), (511, 522), (51,2, 521), (S1,2 S2,2) }- Nodes can be independent, V! = {V;|V; e V,V; = 9} (i.e.,

nodes without parents, also known as root nodes), or dependent, V2 = {V;|V; e V,V; # 0} (i.e., nodes

with parents, also known as child nodes), so that V2 = V\V!.
Let ps,, = Pr(V; = s;,) be the probability that an independent node V; € V! is in state s;, (where
Y Psi, = 1), and pg, | Siomy = Pr(V; = s;u|Vi = Siun) be the probability that a dependent node V; € Vb

is in the state s;,, when the combination of its parents nodes state is S;(,,,) (Where Y, pg, s = = 1).

i(m)

10



The joint probability distribution of the system state p(Vy = Sy, ., Vi, = Sn,,,u) €an be written as:

— _ _ 2
p(Vl = S1w ---rVnmt - Sntot,u) - 1_[ pSi,u 1_[ psi‘u|si_(m) ( )
viev! v,evpb
To compute the marginal probability that a generic node V; is in its generic state s;,, we sum

(marginalize) the joint distribution over every possible combination of the remaining nodes state s_;:

S_i = (31. o Si—1 Sit+1s ---.Snmt) €S 3)
where S_; =[];4;S; is the Cartesian product of the state spaces of all nodes except V;. Then, the

marginal probability that V; is in the state s; ,, is:

4
p(Vl = Si,u) = Z p(Vl = Sl’ R Vl = Si,u' R Vntot = Sntot) ( )

s_(€S_;
To address the SSPs scenario uncertainty, a different DBN is developed for each SSPs scenario (i.e., SSP-
1 2.6, SSP-2 4.5, and SSP-5 8.5), as illustrated in Fig. 2. In contrast, to address the CC model uncertainty,
for each DBN (i.e., for each SSP scenario), the CMIP6 dataset of CC variable projections D, is used to

infer (with uncertainty) the CPTs parameters of CC climatic variables nodes p%% (ie., p%% =

{psi'u [V, € U;:gf X(1)}), where each of the Nyq, rows of Dy, corresponds to a prediction of X(7) carried
out by one of the N;,; CMIP6 climatic models available [53], and the P - (T, + 1) columns correspond to
the CC climatic variables U;:gf X(7). For each T and SSP scenario, the Ny, rows correspond to the
direct outputs of the CMIP6 ensemble models, which are used without additional preprocessing so that
the ensemble spread explicitly represents epistemic CMIP6 models uncertainty in the climatic variables

X(7). For what concerns Y(7), we can distinguish the FEPs Y¢*P (1) = {fop (), ..., Y;:Z (‘L’)}, whose

CPTs parameters are determined through expert elicitation and the FEPs simulated through a physical

model Y5i™ (1) = {Ylsim(r), ., ysm (T)}

Qsim

11



. To address the uncertainty stemming from the incompleteness of physical model simulations, the CPTs

parameters of Y™ (), pSi™ = {psi’u,psi’uw.—

o |Vi € Uzgf YSim(T)}, are inferred (with uncertainty) from
the dataset of physical model simulations Dy;,,,, where each of the Ng;,,, rows of Dg;,, corresponds to a
simulation carried out through the physical model, and the Qg * (T; + 1) columns correspond to the
simulated FEPs. As such, parameters related to degradation processes are treated as uncertain exogenous
input parameters in the DBN-based modelling framework (see Fig. 2) and are defined according to

physics-based models and experimental studies of literature (see references in Table 2). The physics-

based degradation models are detailed in Appendix A.

Vi CPT parameter
i

I
I ] 1)
| uncertainty | X e
\ s "0 28 e |
|| @ -ssp.2.6. ¥ SSP-5 8.5. Dataset of 1 i o /\ 2 g £ 5 *
1| S| -ssp.4.5. . N i . . . ] =
1|8l -ssp.as. Climatic Models 3 ° - ” _§ g ;3-, &
! / for SSPs I I T | : §ag a
I / 701 S5 S
I Sic /\ bR+
\ . y | S g
| | Historical s dat N - ) %
| D s- Ky £
| | S “ |
| i S
| pe . . . i s; )| 20| o
| Climatic projections eSS T BRI CEE] i) AN ‘Q 5E
| § £ o | 9F
| t

} | : ; 38
‘ )] s

. 3 =
} sim ic } /\ JA §
I T T Pz o g
| g
I
| VAN TANGEL VA
I
! D wc Ksite
} Uncertain exogenous input parameters of the
I

simulated physical process T

Fig. 2. DBN modeling to quantify the CPTs uncertainty of CC climatic nodes and FEPs simulation nodes, and
propagate it through the DBN.

It is worth noting that CMIP6 projections are used in two distinct ways in the proposed modelling
framework illustrated in Fig 2. For learning the CPTs of the CC nodes (p%%t), the raw CMIP6 ensemble
outputs are used directly (without preprocessing), so that inter-model spread is preserved and propagated
as epistemic uncertainty. In contrast, Gaussian distributions are fitted to the CMIP6 ensemble only for
MC sampling when generating Dyg;,,,, in order to provide stochastic CC inputs to the physics-based
degradation models, without altering the CC node learning step. This innovative combined learning
approach integrates Dy;,,,, generated from physic-based models, with limited CC model dataset D ,; to

estimate the CPT parameters and their associated epistemic uncertainties.
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Note that the CC climatic variables (temperature, relative humidity, and CO: concentration) are modeled
as root nodes without explicit causal links among them. However, their statistical dependence is implicitly
captured during CPT learning, as these variables are jointly sampled from the same CMIP6 climate model
realizations for each SSP scenario and time slice. This approach preserves the correlation structure

inherent in the climate projections and propagates it through the DBN at the parametric level.

dat

In the following Section 2.1.1, we show how to quantify the uncertainty of p4%* and p5™ from D44, and

— 8
Dim and, then, propagate this to estimate [P,,io (7), Pyio (‘L‘)] .
- Y

2.1.1 CPTs parameters uncertainty quantification and propagation

To quantify the uncertainty of CPTs parameters of dependent nodes, Bayesian inference is used [54]: a
Dirichlet prior distribution pg; Si_(m)ND ( s 1 |Siimy” 7 Fsicy IS (m)) (i.e., a conjugate prior of the
multinominal likelihood assumed for the data in D4, and Dy;,,,) is assigned to the CPTs parameters:

Ci

: ( i€ ) FsiulSiom
psi,u|5i(m)

P Ds;, 155 —
( Si1 lesl(m)u 1 (5)

i(m)’

IpSL Cllsl(m) | Si,llsi_(m)’ asl Cllsl(m))
where the normalization constant wp, Sim) is equal to the integral over the simplex:

Ci

Slulsl(m)
WD|Simy = f 1_[ (Pslu|sl(m)) dpsl|sl(m)
Bei-1y=1 (6)

where Aci—l= {p5i|5i_(m) |pslu|5 m = >0,2y PsiulSimy = 1}'

The prior hyperparameters a, | Simy > 0 can be interpreted as pseudo-counts: each ag, | Sim) reflects the

number of times an expert expects to observe the event (V = slu|V =8 ) in a hypothetical prior

i(m)

dataset. The prior distribution is, then, updated through Bayes theorem after observing the data in D to

compute the posterior p;. IS,(m)|D~D (asi'1|5i—(m)+Nsll|Sl(m) 0 Os; 1Sy NStcllsl(m)) where

13



Ns, ., 1s; oy Nsi,ci Is7 are the numbers of times the events

i(m)

(Vi = si11|Vl-_ = Si_(m)), s (Vi = Si,cl-lvi_ = S,-_(m)) are observed in D, respectively, and N, s

i(m) =

2ulNs, | Siomy” Thus, the posterior mean and maximum a posteriori (MAP) estimates are given by [54]:

5 o] = asi'u|5i-(m) + Nsi,u|si_(m) (7)
[Psi,us;(m)' ] Y a4 N g
u=1 Si,u|5i(m) Sirulsi(m)
MAP D B asi,u|si_(m) + Nsi,u|si_(m) - 1 (8)
(psi'u|5i_(m)| ) - ZCi a - +N - —c
u=1 5i,u|5i(m) Si;ulsi(m) t

The Bayesian updating proceeds analogously to Egs. (5-8) for independent nodes, by removing the

conditioning with respect to the combination of parent nodes combination ()|S;¢y)-

Note that whereas p(ps; | Daqr) (Where pg; € p9) quantifies the (epistemic) climatic model

|D) (where pg, Simy € p*™ ) quantifies the epistemic uncertainty that arises from

uncertainty, p(Ps;|s-

i(m)
the incompleteness of physical model simulations. For a comprehensive on about how this latter affects

the uncertainty of p*'™, the interested reader may refer to [16].

When the total number of observed samples in D is large (i.e., ¥, N — ), the type of prior

Si,u|si_(m)

becomes negligible on the posterior mean and MAP, i.e., both the posterior mean and MAP estimate

. Nsi sy
converge to the MLE (i.e., pﬁfﬁfsi—(m) = #
Lul®i(m)

) reflecting a complete reliance on the observed data.

Similarly, when ¥, A, ISim — 0, the posterior mean converges to the MLE. However, a prior with any

i_(m)

Ui lSiimy = 0 is improper (i.e., it does not integrate to a finite value), causing the posterior log-likelihood

to diverge, if also Nsi,uls,-_(m) = 0. To avoid this, following [58], we employ a Bayesian Dirichlet—

equivalent uniform (BDeu) uninformative prior by setting the hyperparameters of Eq. (5) as follows:

i(m)

A, ISy = ﬁ (dependent nodes), as,,, = Cﬁl (independent nodes), where the equivalent sample size a

(representing the total number of hypothetical prior observations) is defined as: @ = Y, X @, |57

i(m)
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(dependent nodes), a =Y, as,,, (for independent nodes). We set the equivalent sample size @ =1 to

ensure the posterior distribution is proper, thus avoiding divergence of the posterior log-likelihood when

counts N, | Siomy AT€ Zero. This choice minimizes the influence of the prior distribution while maintaining

computational stability. For a detailed discussion on selecting the appropriate value of a, the interested

reader may refer to [58].

t sim

Once the DBN has been constructed and the uncertainty about p** and p characterized via the

posterior Ps;sz . [D~D (asi'ﬂsi—(m) + Nsi,llsi_(m)' s Qs |Simy + Nsircim—(m)) (ps,|D~D (0{51.,1 +

i(m)

N, . ey Ay + Nsi_ci) for independent nodes) the uncertainty of the violation probability P,;, can be

. . . — . . .
represented using the non-parametric tolerance interval [Pm-o(r),Pvio (T)] , which characterizes its
— 14

residual uncertainty, defined in this work as the uncertainty in the DBN output induced by propagating

epistemic uncertainty in the CPT parameters (i.e., p*** and p™) through the network.

To determine Nf , the required number of samples drawn from the (unknown) probability distribution

— B
p(Pm-o (T)), so that the interval [P,,io (D), Puio (T)] covers at least a fraction y of the distribution with
— 14

confidence 3, we apply Wilks’ formula [59]:

B=1—y% - (N -1)a- yytr ©)

where P,;, (1) and P,;,(t) denote the minimum and the maximum among the Nf sampled values from

p(P,,io (‘L’)), respectively. To do that, the following algorithm is applied:

Forl=12,..,Nf

i.  Sample the CPTs parameters of CC climatic variables from pg,|Dgq~D (asi1 + Ny, oy, +

Nsi'ci) and update p#* accordingly;
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ii.  Sample the CPTs parameters of U;zgf YSim(r)  from Pss:

i(m)

|Dsim~D (asi,1|5_

i(m)

- _ sim ; .
Ns, .1s; oy’ Fsic, IS + Nsi,ci| s (m)) and update p>*™ accordingly;

i(m)

iii.  apply Eqgs. (2-4) to compute Py, (7)) for eacht = 0,1, ..., Ty;
iv.  Compute Pyio () = min (Pvio (D) (1)s - s Prio (T) ( N5)> and Pyio(T) =

max (Pvio(T)(l): ---:Pvio(T)(Nf)) foreacht =0,1,...,T,.

— B
The pseudo-code for the estimation of [Pm-o (7), Pyio (T)] is shown in Fig. 3.
— 14

Algorithm 1: P,;,(7) tolerance interval computation
Input : G, Dgg, Dicma v, B
Output: [P, ,(7), Pyio(7)] for 7=0,1,...,T;

2 Determine N.fj from Wilks’ formula (Eq. 9)

3 Set equivalent sample size a = 1

4 Initialize P2 (1) for all 7
5 foreach CC node V; € Ui;UX(T) do
6 Discretize continuous values in D jqy
7 Compute N, , = E?‘:"j‘ W(Vi(k) = si0)
8 Set g, , = /gy
9 foreach FEP simulation node V; € Uz;u Y™ (1) do
10 Discretize continuous values in Dy,
11 foreach S;(,mj €8, do
12 Compute N_ 5=
FiulSiim)
13 Set {J!S’Vu‘s;(w} = a/(cid;)

14 foreach V; Uj;n Yerr(r) do

15 L Elicit and update the CPT in the DBN
16 for [ =1 to Nf do

17 foreach V; € Uj;o X(r) do

18 Sample p,, ~ Dir(as, , + N, ,)
19 | Update the CPT

20 foreach V; € Uj;o Y™ (r) do

21 foreach Si‘(m) €8; do

22 Sample Pys;,,

23 Update the CPT

24 foreach 7 =0,1,...,T, do

25 Compute Pyio(7)q

26 | Store Puio() gy in B (1)
27 foreach 7 =0,1,...,T, do

2 | P,(r) = min( B (r))

2 | Pio(r) = max(ﬁ;;z"’ﬂ”“(ﬂ)

30 return [P,; (7)., Pi0(7)]

— P
Fig. 3. The pseudo-code for the estimation of [Pvio (), Puio (‘L’)] .
- Y
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Key sources of deep uncertainty in climate variables are captured through two main mechanisms: (1)
scenario uncertainty is addressed by developing separate DBNs for each SSP scenario (SSP-1 2.6, SSP-2
4.5, SSP-5 8.5); (2) climatic model uncertainty is captured through the CPT parameters p%®¢, where the
spread among the projections from the N, = 30 available CMIP6 climate models determines the

dat

(epistemic) uncertainty of p“**. Specifically, Bayesian inference with Dirichlet prior distributions is

employed to quantify this climatic model uncertainty, where the resulting posterior distributions p, |
Dgar ~ D(as;, + Ns,,, ey Qo + Nsi'ci) (for each pg, € p?%) encode the degree of agreement (or

disagreement) among climate models: larger spreads indicate greater model uncertainty, whereas closer

posteriors reflect higher model agreement.

3. Case Study

We consider a near-surface NWR located in Dessel, Belgium [51], that is equipped with multiple
engineering and natural barriers to prevent radionuclide migration. Specifically, the nuclear waste is
encased within engineered concrete monoliths, then stacked within concrete modules situated on a sand-
cement embankment at ground level. The entire structure is eventually covered with an additional upper
concrete, limited by the upper natural soil barrier and the natural barriers, which include the unsaturated
soil zone and the underlying aquifer, both contributing to the passive attenuation of radionuclide transport
through physical, chemical and hydrological processes. The Dessel NWR has been selected as a reference
case study because it has been extensively analyzed in previous PA studies [16] and detailed information
is available in literature [60]. It is important to emphasize that the objective of this case study is
methodological rather than site-specific, i.e., this aimed to propose a method to account for CC deep
uncertainty in long-term PA. The proposed modelling framework is, therefore, site-independent and can

be extended to other NWRs by adapting site-specific climatic scenarios, material, and environmental data.

We adopt a conservative infiltration scenario in which the natural barriers are excluded, i.e., soil barrier,

unsaturated zone and aquifer are not considered here [16], so that the surface water is assumed to directly
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penetrate the top cover roof of the repository, seeps through the engineering concrete barriers and initiates
the leaching of radionuclides. The radionuclides could harm humans through the consumption of water
from wells located downstream of the repositories; it is also conservatively assumed that household water
consumption is contaminated from such a well. To capture long-term concrete degradation under CC
variables projections, two chemical degradation processes of the concrete engineering barriers are
modeled as explicitly time-dependent FEPs: carbonation-induced corrosion and chloride ingress. These
two degradation mechanisms are selected based on experimental evidence and prior studies that identified
them as the dominant climate-driven degradation processes affecting concrete barriers in NWRs [61, 62],
with temperature and relative humidity identified as the main climatic drivers influencing their

progression [63].

The proposed DBN (Fig. 4) is modelled in the GeNle/SMILE package [64], and is built on a discrete set
of nine time slices, T = 0,1, ...,8, of time step At = 10 yr, spanning from 2020 (t = 0) to 2100 (7 = 8).
This decadal temporal resolution allows capturing the gradual evolution of both CC variables and
concrete degradation processes, since CC variables projections uncertainties become dominant at decadal
scales [46], and concrete chemical degradation processes become relevant over years to decades [10, 65].
This ensures sufficient granularity to observe the transition of carbonation and chloride ingress states
from safe to unsafe conditions over the assessment period (see Fig. 5). With P = 3 CC variables, Qgjy, =

2 simulated FEPs, Q.y, = 8 expert-based FEPs, the total number of DBN nodes is ny,; = (P + Qgsim +

Qexp) (T, + 1) = 13 X 9 = 117. The DBN nodes are briefly summarized as follows:

e CC climatic variables X(7) = {X7(7), Xgy (1), Xco, (1)}: temperature, relative humidity and
atmospheric €0, concentration (blue nodes in Fig. 4);

e Simulated FEPs Y (1) = {Y, (), Y., (7)}: carbonation and chloride ingress processes simulated
with the physics-based models of Appendix A (orange nodes in Fig. 4), which are influenced by CC
variables determining the chemical degradation state of V., (7), Carbonation V.(7) and chloride

ingress V¢ (7) nodes are modeled as two independent degradation phenomena, and their combined
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effect on the concrete barrier is captured in the Chemical Degradation node V.p(7) through a
logical OR connection, indicating that the degradation occurs when either one or both exceed their
respective critical thresholds [17]. This corresponds to P, N Py, # @, i.e., at least one of the two
degradation mechanisms exceeds its threshold (logical OR) as summarized in Table 1;

e Expert-based FEPs Y®*P(t): Earthquake, monolith mechanical degradation, crack aperture,
hydraulic conductivity, water flux, diffusion coefficient and distribution coefficient, whose CPTs

are taken from [60] (yellow nodes in Fig. 4);
o Safety target Yo (1) = {Vp;(7)} : Dose intake violation, i.e., Py;, () = Pr(DI(7) > 1 mSv/yr), (red

nodes in Fig. 4).

Fig. 4. DBN for the near-surface NWR case study [16].

The proposed DBN structure (Fig. 4) is built with reference to that proposed in [16, 51] for the same case
study, which is here expanded to encode the causal relationships between CC variables and concrete
degradation processes, as suggested in [10, 65-67]. Specifically, the novel structure includes: (i) intra-

slice edges to model the direct influence of climatic variables (blue nodes) on the chemical degradation
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FEPs (orange nodes), based on the physics of carbonation and chloride ingress processes (see Appendix
A); (ii) intra-slice edges to model the interdependencies among FEPs (orange nodes, for the chemical
degradation FEPs, and yellow nodes for all the other FEPs) and their effects on the safety target (dose
intake, red node) within the same time slice, as already described in [16]; (iii) inter-slice edges to model
the cumulative nature of carbonation and chloride penetration, specifically, V:(7) = V¢(r + 1) and

Ve (7) = V(T + 1).

The CC climatic nodes and simulated nodes are discretized into the states listed in Table 1, whereas the
expert-based nodes are kept the same as in [49]. The discretization thresholds for degradation-related
variables are defined based on critical limits reported in the literature for carbonation-induced corrosion
[67] and chloride ingress [65], whereas thresholds for CC variables are derived from the empirical

quantile structure of the CMIP6 ensemble.

Table 1. States definition of climatic and simulation nodes of Fig. 4, derived from continuous ranges.

ID Node Description States Ranges

Vr Temperature (K) Low Medium High [0, 285) [285, 287) [287, +o0]
Vepy Relative humidity (%) Mild Normal Humid [0,0.7) [0.7,0.8) [0.8, 1]
VCOZ CO, Concentration (ppm)  Low500 High500 [0, 500) [500, +o0]

V., Carbonation (cm) Safe Unsafe (P¢) [0, 3) [3, +o0]

Vei Chloride ingress (:Téi ) Uncritical Critical (Pg;) [0, 0.9) [0.9, +oo]

V., Chemical Degradation Without CD ~ With CD P.NPy=0 P.NPy%0®

(CD)

For learning the CPTs, two datasets are used:

e CC dataset (Dgy4¢): CMIP6 ensemble projections for Belgium (where the considered NWR is
located) under three SSPs (SSP-1 2.6, SSP-2 4.5, SSP-5 8.5). For each SSP and time slice, the
Ngiq: = 30 available climatic models deliver the CC variables X (1) = {X (D), Xgu (), Xco, (T)}.

e Simulation dataset (Dg;p): Ngim = 10* Monte-Carlo simulations of the carbonation-induced and
chloride-ingress models per SSP and time slice, performed by sampling the uncertain exogenous
model parameters from the distributions of Table 2 (derived from experimentally validated

physics-based models and supporting experimental studies [10]; see Appendix A), and the CC
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variables relevant for corrosion models from the Tables 3-4 (i.e., normal (Gaussian) distributions
fitted to the ensemble of available models for the CC variable at each T and SSP scenario, which
are used to generate Ng;,,, samples that drive the carbonation and chloride ingress simulations
and, in turn, the learning of the corresponding CPTs). The outputs of carbonation depth and
Chloride concentration values (as provided in Appendix A) are, then, discretized according to

Table 1.

All the other nodes CPTs (Earthquake, Monolith Degradation, Mechanical Degradation, Water Flux,
Crack Aperture, Hydraulic Conductivity, Diffusion Coefficient, and Distribution Coefficient), i.e.,

\4 qux” (1) € Y¥*P(1) are kept as provided in [60]. These CPTs are derived from a multi-physics reactive—

transport modelling framework that accounts for interacting degradation mechanisms, including coupled
physical processes (e.g., mechanical damage and transport properties) and chemical processes (e.g.,
diffusion and sorption) [16, 62]. These conditional dependencies between degradation mechanisms,

encoded in the CPTs, allow their combined influence to propagate to the dose intake violation state.

Temporal consistency in DBN parameter learning is ensured through: (i) a time-homogeneous transition
structure, where inter-slice dependencies (e.g., V(7)) = Vo(7 + 1)) maintain consistent conditional

relationships across all time slices; (ii) physics-based constrains: CPT parameters for the simulated FEPs

(i.e., U;:g’ YSi™ (1)) are learned from a dataset generated by physical models that inherently capture

temporal dynamics through aging factors and time-dependent diffusion coefficients (see Appendix A);

(ii1) consistent state discretization (Table 1) across all time slices.

Table 2. Distributions of the uncertain exogenous parameters of the carbonation and chloride ingress
models.

Parameter Symbol Unit Distribution Mean Cov Ref.
Initial carbon dioxide (CO,) diffusion D¢ cm? Normal 2.22e-4 o=0.15 [65]
coefficient obtained at ¢, s

Aging factor ng - Normal 0.24 0.12 [65-67]
Factor for exposure microclimatic N, = Normal 0.12 0.1 -

wetting ang drying cycles (for
unsheltered outdoor)
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Cement content C, kg Normal 300 0.1 [68]

m3
Calcium oxide (C,0 ) content in the c,0 - Uniform 0.65 0.1 -
cement
Water to cement ratio W/ - Lognormal 0.5 0.05 [69-71]
Diffusion coefficient of chloride ions D¢y m_2 Lognormal 6.0e-12 0.2 [72]
in dry concrete s
Initial chloride concentration at the cét kg Normal 1.15 0.5 [72]
surface m?
Factor for potential increase of CO, Kgite = Normal 1.15 0.1 [65]
concentration in industrial area
Environmental factor k. - Gamma 0.924 o =0.155 [70]
Test corrosion factor k; = Normal 0.832 o =0.024 [70]
Cutting time corrosion factor k. - Beta 24 o=0.7 [70]
Activation energy E K Uniform 38.3 0.09 [68]
mol

Table 3. Statistical process values of annual mean temperature for Belgium during 2020-2100 based on
CMPI6.

Climatic projections Timing slices (T)

2030 2040 2050 2060 2070 2080 2090 2100

SSP-1 2.6. Mean 284.25 284.24 284.54 284.71 284.73 285.05 284.86 284.7
Cov  0.0036 0.0037 0.0039 0.0041 0.0041 0.0046 0.0050 0.0052

SSP-2 4.5. Mean  284.27 284.68 284.87 285.12 285.28 285.49 285.78 286.03
cov  0.0039 0.0035 0.0040 0.0039 0.0041 0.0040 0.0044 0.0043

SSP-5 8.5. Mean 284.37 284.99 285.42 285.93 286.58 287.41 288.17 288.94
COV__ 0.0043 0.0041 0.0042 0.0044 0.0045 0.0050 0.0052 0.0055

Table 4. Statistical estimated values of relative humidity change for Belgium during 2020-2100 based on
CMPI6.

Climatic projections Timing slices (7)

2030 2040 2050 2060 2070 2080 2090 2100

SSP-1 2.6. Mean  9.52 10.07 11.66 12.71 12.47 14.18 14.16 13.43
COV  0.5477 0.5648 0.5631 0.5222 0.5468 0.5325 0.5741 0.6688
SSP-2 4.5. Mean  9.18 11.99 13.43 14.99 16.030 17.14 17.86 19.64

Cov  0.5911 0.5526 0.4949 0.4939 0.5080 0.4606 0.4624 0.4405
SSP-5 8.5. Mean 11.08 14.41 16.62 19.07 23.01 29.54 32.80 38.47
Cov__ 0.5279 0.4915 0.4051 0.3811 0.3881 0.3855 0.3771 0.3732

To intuitively show the SSPs scenario uncertainty effect on carbonation and chloride ingress, their depths
are estimated at each 7 using the carbonation and chloride-induced corrosion models described in
Appendix A, respectively. Results are plotted in Fig. 5, when the parameters of the carbonation-induced
and chloride ingress degradation models are at their mean value as provided in Table 2, and the
uncertainty related with the CC-variables projections is neglected (the mean values of the CC-variables at

each T are used, as provided in Tables 3-4). It can be seen that, due to a significant increase of CO, in all
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SSPs, the carbonation (left) exceeds the critical depth (set to 3 cm [67]) at 2072, 2076 and 2080 for SSP-5

8.5, SSP-2 4.5 and SSP-1 2.6, respectively; whereas the Chloride ingress critical depth (right), defined as

. . . k . . .
the depth at which the chloride concentration exceeds 0.9 m—i, assuming a surface chloride concentration

of 1.15% [65], increases with time (for example, under SSP-5 8.5, it exceeds 4.5 cm in 2090). The

profiles of carbonation depth and chloride ingress under different SSP scenarios, plotted in Fig. 5, are
necessary to calculate the quantitative performance metrics of the NWR, specifically time-dependent
exceedance probabilities of the degradation thresholds for carbonation depth and critical chloride
concentration, are calculated in Section 4 (Figs. 6-7), and they are propagated through the DBN, to
compute the dose-intake violation probability Pyi,(7) (Fig. 8), that is the primary quantitative safety

metric used in the long-term PA of NWRs.

-1.5

-3.0 4
-3.5 -
Critical depth

-4.0 4

-4.5

Chloride Ingress Critical Depth (cm)

-5.0

T T T T T T T T T T T T T T T T T T T
2030 2040 2050 2060 2070 2080 2090 2100 2030 2040 2050 2060 2070 2080 2090 2100

Time (Year) Time (Year)
Fig. 5. Time-dependent corrosion depths of (left) carbonation and (right) chloride ingress, considering the impacts of

temperature and relative humidity for Belgium during climatic projections for 2030-2100.

Following Section 2.1.1, we quantify the residual uncertainty associated with the following probabilities:

e (Carbonation exceedance probability P-(7) = Pr(V.(7) = Unsafe), defined as the probability that
the carbonation depth exceeds the safety threshold of 3 cm;

e Chloride ingress exceedance probability Pg;(t) = Pr(V;(7) = Critical), defined as the probability

that the chloride ingress exceeds the safety threshold of 0.9 %;
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e Dose intake violation probability P,;,(7) = Pr(Vp;(t) > 1";—5:7), defined as the probability of

exceeding an annual dose intake of 1 mSv/year.

We estimate these uncertainties using non-parametric tolerance 1ntervals:[PC (1), P; (T)] for carbonation
— 14

— P
exceedance probability, [PCI(T),PCI (T)] for chloride ingress exceedance probability and
— 14

— P
[P,,io(r),P,,io(T)] for dose intake violation probability, with tolerance levels set at y = 0.95 and
— 14
confidence level § = 0.95, resulting in a sample size requirement of Nf = 93 [73].

The computational complexity of exact inference in Bayesian networks is known to be NP-hard in general
and to scale exponentially with the treewidth of the network (which is a measure of the size of the largest
variable clusters that arise during inference) [50, 74]. However, some characteristics of the proposed
DBN ensure tractable inference: first, the network structure exhibits sparse connectivity: inter-slice
dependencies are limited to two temporal edges per time step (i.e., Vo () = Ve(r + 1) and Vi (7) =
Vei(t + 1)), which maintains a bounded treewidth throughout the unrolled network. Second, the discrete
state space is compact, with most nodes having only two to three states (Table 1), thereby limiting the size
of the CPTs. Under these conditions, a single complete inference pass through the 117-node DBN

requires approximately 0.5 seconds on a standard workstation (Intel Core i7, 8 GB RAM). The tolerance
interval estimation procedure, which requires Nf = 93 DBN evaluations per SSP scenario, completes in

under one minute per scenario. Thus, the proposed framework remains computationally feasible for the
PA time horizons considered in this study. Incorporating additional FEPs can increase the network
treewidth and, consequently, the computational burden. In such cases, approximate BN inference

algorithms [54] may be required to achieve scalability.
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4. Results and Discussion

— 8
Fig. 6 shows the tolerance interval [PC(T), PC(T)] (blue solid line) determined by the Nf =93
— 14
realizations of Pg(7) (cloud of blue points), i.e., P;(T) = min (PC(T)(l), ...,PC(T)(N3)> and P, (1) =
- Y
max (PC(‘L')(D, ...,PC(‘L')(NB)>, computed for scenarios SSP-1 2.6, SSP-2 4.5, and SSP-5 8.5. To verify
Y

— B
that the proposed framework produces realistic predictions, in Fig. 6, we compare [PC (1), P; (‘L’)] against
— 14

the Monte Carlo estimate of the carbonation exceedance probability P (t), which is obtained, for each
SSP scenario, simulating Ny = 10° times the carbonation-induced corrosion model (Eq. A.l1) by
sampling the uncertain input parameters from the distributions specified in Tables 2—4. Correspondingly,
the black square indicates the point estimate P, obtained using the MLE of p%% and pS'™ (i.e., the

standard approach of literature for learning CPTs parameters).

The accuracy of predictions is customarily quantified by K-fold cross-validation (e.g., 10-fold CV) when
independent experimental or simulated data with known ground truth are available [75, 76]. In our
context of DBN-based PA of NWRs, such data is not available, for example, for the CPT parameters of
earthquake, monolith degradation, crack aperture, hydraulic conductivity, chemical degradation,
engineering barriers and dose intake nodes (i.e., Y¢*P(7)). Without ground truth values, cross-validation
would not yield a meaningful estimate of predictive performance. Instead, we compare the proposed RIC

method against an alternative approach that employs bootstrap for the estimation of CPT parameters

— B
uncertainty. Specifically, we compare [PC(T), PC(T)] against the bootstrap-based tolerance interval
— 14

- B —
|[P2oet (), PE°°F (1) (green solid line in Fig. ), where P2 (z) and PE°°%(t) denote the lower and
—_— Y

upper bounds, respectively. In the bootstrap-based approach: (i) the learning datasets D,,¢ and Dy, are
resampled with replacement B = Nf times, preserving their dimensionality; (ii) for each bootstrap

replicate b = 1, ..., B, the corresponding MLE of the CPTs parameter sets p?et(® and ps™(®) are
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estimated and (iii) the probability Pc(b)(r) is computed via DBN inference (Eq. 4). The bootstrap

tolerance interval is, then, obtained by taking the minimum and maximum of the empirical sample {Pc(b)

B
(‘L’)}b=1, ensuring coverage y and confidence S, according to Wilks’ formula [59].

Fig. 7 and Fig. 8 show the same statistics as Fig. 6 for P.;(t) and P,;,(7), respectively. However, it is
worth pointing out that no Monte Carlo estimate is provided in Fig. 8 for P,;,(t): whereas P§. and PS5
are computed by directly simulating the physics-based degradation models (Appendix A), thereby
providing a validation of the DBN-based estimates against the underlying physical processes, the dose
intake node Vp;(7) not only depends on the simulated degradation FEPs but also on several expert-
elicited FEPs (e.g., earthquake, monolith degradation, crack aperture, hydraulic conductivity), for which
no equivalent physical simulation model is available, not allowing the reliance on a direct Monte Carlo

benchmark for P;, (7). Thus, the DBN inference remains the primary means of estimating P,;, (7).
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. 6. Residual uncertainty for carbonation exceedance probabilities during time slices from 2030 to 2100, for SSP-

1 2.6 (above), SSP-2 4.5 (center), SSP-5 8.5 (below).
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Fig. 7. Residual uncertainty for chloride ingress exceedance probabilities during time slices from 2030 to 2100, for

SSP-1 2.6 (above), SSP-2 4.5 (center), SSP-5 8.5 (below).
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2.6 (above), SSP-2 4.5 (center), SSP-5 8.5 (below).

29



As shown in Fig. 6 and Fig. 7, the MC estimates P and P§. (red stars) consistently fall within the
. T — 8 . . .
tolerance intervals [PC(T), PC(T)] and [PCI(T),PCI (T)] , respectively, across all time slices and SSP
— Y — Y
scenarios. This demonstrates that the DBN framework captures the essential behavior of the underlying
physical processes, bounding the uncertainty stemming from limited climate model data and simulation

variability. Furthermore, the MLE-based point estimates (P, ; and P} ) are in close agreement with the

MC estimates, confirming that the CPT learning procedure preserves the statistical properties of the

physical models. The broad tolerance intervals (e.g., Pc(t = 2090) — P;(t = 2090) = 0.22, for SSP-5

8.5) highlight the significant residual uncertainty in the carbonation and chloride corrosion exceedance
probability, that might have been overlooked, otherwise: incorporating such deep uncertainty related to
CC enhances the PA of NWR, providing a conservative (yet trustworthy) assessment of the phenomena

occurring, well-suited for decision making in the presence of deep uncertainty. Indeed, since the upper
bounds P, (7) and Pg;(7) exceed PG, and PGl -, neglecting the deep uncertainty of CC variables may

lead to underestimating the probability of chemical degradation from carbonation and chloride ingress.

Note that while for P-(7) the bootstrap-based tolerance interval always lies within the interval computed
: : boot boot g D B

using the proposed RIC method (i.e., [PC (), PZ°° (T)] c [PC(T),PC(T)] for each 1 =0,...,T;)
— y = 14

— 48
(Fig. 6), this does not always hold for Py (7) (iie., [ngot(r),ngot(r)]y ¢ [@(r),Pa(r)]y) (Fig. 7).

The difference arises from the fundamentally different ways in which the proposed RIC method and the

bootstrap-based method treat conditional probabilities pg, | Sim) in the presence of unobserved parent

o : ; NsiulSiomy
state combinations (i.e., when Z‘lcll=1N5i,u| Simy = 0). In such cases, the MLE pé"i’ifsi—(m) = ﬁ is
! SiulSi(m)

undefined. Then, the bootstrap-based approach handles this situation by assigning fixed probabilities

ps(fils-_ =1/c¢; for u=1,...,¢;. Since this assignment is identical across all bootstrap resamples

i(m)

(because the parent-state combination remains unobserved in every resample), the resulting bootstrap
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distribution exhibits zero variance for these parameters, thus failing to represent the epistemic uncertainty

associated with data scarcity. In contrast, the RIC method samples py, | Sim) from the Dirichlet posterior

Dir (asi' Siimy 7 Fsic| si_(m)) which, despite having the same expected value as the bootstrap estimate

(i.e., given the BDeu prior, E [psl ISk )] = 1/¢;), exhibits significant variance. This variance explicitly
Lu t(m

represents the epistemic uncertainty associated with unobserved parent state combinations and is
propagated through the DBN inference. Table 4 reports, for V. and V;, the number of unobserved parent

state combinations (i.e., how many of the d; parent state combinations in S§; are such that

Zzi=1Nsiu|Si_(m) = 0), showing that this number is markedly larger for the carbonation nodes. As a

consequence, for carbonation, epistemic uncertainty dominates, resulting in wider RIC tolerance intervals

and ensuring that the bootstrap-based interval remains a subset of the RIC interval for all Tt (i.e.,
boot boot g D A ; ;

[PC (), P¢ (‘[)] c [PC(T),PC(T)] for each T =0, ..., T;). Conversely, for chloride ingress, most

— y = 14

parent-state combinations are observed (Table 4), leading to comparable widths of the bootstrap and RIC
intervals. Finally, for P,;,(7), the node Vp,(t) depends on V. (7), which is a logical OR of P.(t) and
P¢i (7). Since P;(7) is characterized by a wide, prior-driven RIC interval (as explained above), this large
epistemic uncertainty propagates to V-p(7) and subsequently to Vp;(7). As a result, P,;,(7) inherits the
behavior of the P;(t), with a wide RIC interval that consistently envelops the narrower bootstrap-based

interval.

Table 4. Number of unobserved parent state combinations for V. and V.

Number of unobserved parents state Number of unobserved parents state combination
DBN combination (out of d;) DBN (out of d;)
node SSP1 SSP2 SSP5 node SSP1 SSP2 SSP5
V:(0) 11(18) 11(18) 9(18) Ver (0) 2(9) 2(9) 0(9)
V(1) 28(36) 29(36) 27(36) Ve (1) 3(18) 5(18) 0(18)
V.(2) 28(36) 27(36) 27(36) Ve (2) 3(18) 2(18) 0(18)
V.(3) 27(36) 20(36) 27(36) Ve (3) 1(18) 0(18) 0(18)
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Ve (4) 27(36) 18(36) 21 (36) Ve (4) 0(18) 0(18) 1(18)
Ve(5) 27(36) 25(36) 22 (36) Ve (5) 0(18) 0(18) 3(18)
V(6) 26 (36) 27(36) 23 (36) Vei(6) 0(18) 0(18) 5(18)
Ve(7) 22(36)  20(36) 23 (36) Ve (7) 0(18) 0(18) 5(18)
Ve(8) 18(36) 18(36) 24 (36) Ve (8) 0(18) 0(18) 6(18)

CC variables enter both carbonation and chloride ingress degradation models (see Appendix A) through
the correction factors (for example, £, (7) and £,£(7) accelerate reaction kinetics and effective diffusivity
as temperature increases). As a result, SSP-5 8.5 leads to higher carbonation depths and faster chloride
penetration over time compared to SSP-1 2.6 and SSP-2 4.5. In addition, the fact that carbonation depth
xc(7) is cumulative with respect to Ceo, (7) makes the long-term carbonation process sensitive to the
increase of C0,, whose growth is more evident for the SSP-5 8.5. Conversely, in the carbonation physical
model, the factor fi%;(7) leads to maximum carbonation rates at intermediate RH values, whereas very
low or very high RH reduces effective CO, transport; in the chloride ingress model, the factor f& (1)
increases with RH, so higher RH enhances chloride diffusion. Under the CMIP6 projections for Belgium,
the combined evolution of T, RH and CO, thus produces different sensitivities for the two degradation
mechanisms: in periods or scenarios with high RH, chloride penetration is more strongly promoted than
carbonation, whereas in drier but warmer conditions carbonation can become more dominant. These
interactions, as represented in the DBN through the CC variable nodes, explain the carbonation and

chloride exceedance tolerance intervals shown in Fig. 6 and Fig. 7.
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Fig. 9. Dose violation tolerance interval during time slices from 2030-2100 for three climatic projections.

— B
Finally, the residual uncertainty of the Dose Intake violation, represented by interval [Pm-o (7), Pyio (‘L’)] ,
— 14

is calculated and plotted in Fig. 9 for each time slice T from 2030 to 2100 under scenarios SSP-1 2.6
(blue), SSP-2 4.5 (orange), and SSP-5 8.5 (red). The results indicate that P,;,(7) increases over time for
all SSPs, with SSP-5 8.5 showing the steepest trend. This steeper behavior reflects the compounded effect
of the CC drivers: higher temperature and CO, accelerate the degradation of concrete barriers, whereas
RH modulates the relative importance of carbonation versus chloride ingress. These interactions are, then,
propagated through the DBN to the dose-intake node. The steeper increase and broader tolerance intervals
of P,;,(7) under SSP-5 8.5 are, therefore, a direct consequence of the more aggressive and more uncertain

joint evolution of T, RH, and €O, in this high-emission scenario.

PMLE

The upper-bound P,;, (7) consistently exceeds the corresponding point estimate P,;,~, which is computed

adopting the MLE of parameters p9* and p°™. The residual uncertainty described by

- B .
[@ (), Pyio (T)]yarises from the uncertainty in (C)PT parameters p%%t and pS'™. These uncertainties
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stem from both the limited number of CC climatic variables model (Nyq; = 30), representing epistemic
uncertainty, and the variability associated with the Ng;,,, = 10* simulations of the carbonation and
chloride ingress processes. Hence, the width of the tolerance intervals underscores the utility of the

proposed methodology in supporting DBN-based PA of NWRs.

From an operational point of view, these results can be directly interpreted in terms of safety design

margins and maintenance planning for existing repositories. For each SSP scenario and time slice, the
. — 17 . . : :
tolerance interval [Pvio (1), Pyio (‘L’)] provides a conservative, uncertainty-aware estimate of how close
— Y

the system may come to exceed the safety target (1 mSv/year). In practice, operators may define risk-

informed trigger levels (e.g., a maximum acceptable exceedance probability) and identify the grace time

before P,;,(7) approaches or exceeds such levels. This grace time can be used to anticipate the need for
mitigation measures (e.g., local strengthening or repair of concrete covers, improvement of drainage to
reduce ingress, or implementation of additional engineered barriers), and to prioritise inspection and
monitoring campaigns. Because the DBN can theoretically be updated as new monitoring data on climatic
variables and FEPs become available, the proposed framework enables an adaptive maintenance strategy
in which inspection intervals and mitigation actions are dynamically revised in response to the evolving

understanding of both climate change and degradation processes.

5. Conclusion

In this work, DBNs have been developed to model concrete degradation within the PA of NWRs. The
developed DBN modeling framework allows considering the causal effects of CC climatic variables on
the FEPs of the system, accounting and propagating the uncertainty to quantify the residual uncertainty of
the safety relevant variables for PA and conducting a dynamic, long-term risk assessment of NWRs. The
original methodological contribution consists in the procedure to quantify the impact of the epistemic
deep uncertainty in climatic variables arising from CC scenarios and their available models (i.e., CMIP6).

By so doing, the framework is suited to:
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i.  account for the time-dependent impact of CC variables relevant to the chemical degradation
processes of concrete, i.e., carbonation-induced and chloride ingress corrosion,

ii.  support CC adaptation decision-making through an uncertainty-aware PA.

In this context, with respect of using traditional PA, DBNs offer the following advantages:

i.  Considering multi-state variables, which are frequently considered in the PA of NWRs,

ii.  Capturing the time-evolving nature of PA by explicitly representing the temporal dependencies
among FEPs, for instance, the degradation processes in engineered concrete structures under CC
scenarios,

iii.  Updating the results of NWR PA as new evidence becomes available (e.g., from climatic
variables or observable FEPs), thus enabling sequential planning strategies in response to CC-
induced environmental changes,

iv.  Overcoming the conservative assumptions inherent in traditional deterministic PA by explicitly
accounting for aleatoric and epistemic uncertainties, thereby enabling a realistic probabilistic

inference.

A case study has been considered, regarding a near-surface NWR located in Dessel, Belgium, under
different CC scenarios (SSP-1 2.6, SSP-2 4.5, SSP-5 8.5). The solely target considered is the probability
of dose intake violation, because of the chemical degradation of concrete engineering barriers of NWRs,
and specifically because of carbonation-induced corrosion and chloride ingress which are affected by
temperature, relative humidity, and CO, concentration. The results show that when deep uncertainty in
CC variables is explicitly modeled, the residual uncertainty in the outcomes increases significantly, e.g.,
in high-emissions scenarios (SSP-5 8.5). But even in the intermediate SSP-2 4.5 case, the limited CC data
leads to wide tolerance intervals and highlights the critical importance of uncertainty quantification for

PA.
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Although the modeling framework presented can support uncertainty-aware design decisions for a
trustworthy PA of NWRs by including the full spectrum of CC-driven uncertainty in long-term risk

assessments, some limitations are to be addressed:

e DBN structure is assumed to be fixed and determined through expert elicitation, which neglects
structural uncertainty in the causal relationships among variables. This structural uncertainty
could significantly contribute to the overall uncertainty associated with dose intake violations.
Future work may address this by investigating the use of causal-discovery methods to generate
alternative DBN structures and assess their impact on risk outcomes.

e The physics-based degradation models adopted in this work are simplified representations of
carbonation and chloride ingress processes. Future work will consider more realistic and
comprehensive models that account for additional phenomena, such sulphate attack, or even
geochemical weathering of natural barriers, which will require thorough validation against
experimental data from laboratory tests and field measurements.

o  While computational complexity remains tractable for the current DBN, extending the framework
to finer temporal resolutions or additional FEPs could increase the computational burden. Future
work will explore approximate inference algorithms [54] to maintain scalability for more

complex repository configurations.
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Appendix-A: Concrete degradation models

A.1. Carbonation-induced corrosion model

Carbon-dioxide (C0O,) abundance accelerates the likelihood of carbonation-induced corrosion of concrete
structures. The interaction between concrete and atmospheric CO, results in the formation of calcium
carbonate, a phenomenon known as carbonation, which lowers the concrete’s alkalinity making the steel
of the concrete susceptible to corrosion [10]. Thus, carbonation is quantified by measuring the depth from
the concrete surface to the point where alkalinity has reduced to a minimum allowable value. Once
carbonation reaches the steel reinforcement, the corrosion propagation phase initiates, leading to expedite
the degradation of the concrete structure. In this work, the carbonation depth x.(7) is computed as

follows [65, 66, 77]:

2ksiteff () figy (T)DF (1) "d Tim
x,(7) ZJ tefT (D) fgn(WDg ( fTTO Ceo, (1) dt (T?o) (A.1)

a

where D§ is the CO,, diffusion coefficient at 7, the starting reference year, ng denotes the aging factor for

. .. ) k . .
D§, ¢ 1s the CO, mass concentration in the environment 29 , Ny, is a factor accounting for the
0> Lco, m3 m

exposure to microclimatic wetting and drying cycles (0 for sheltered outdoor, 0.12 for unsheltered

outdoor), a is derived from:

co,

0.75C,C,0 M
a=0. eaaHMcao

(A.2)

where C, is cement content (%), CqO represents the CaO content in the cement (~0.65), M¢o, and
M¢, o are the molar masses of CO, (44 %) and CaO (56 %) respectively, ay is the degree of hydration,
estimated as a function of the water to cement ratio W/, as follows:

ay =1—e 338"/ (A.3)
to incorporate the effects of climatic variables related to climate change projections, the model is

modified considering the factors f (7) and fi%; () to account the effects of temperature (T'), and relative
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humidity (RH) variations over time, respectively [67]. kg;te 1S, also, a related factor for potential CO,
concentrations in industrial sites and urban areas [67]. This analytical model provides a time-dependent
corrosion analysis of concrete structures under alternative climate conditions. The dynamic effect of the
temperature (T') on carbonation depth follows Arrhenius Law [66, 67], where climatic variables impacts

the diffusion coefficient, as follow:

Ef1 _ L]
fr (@) = ekl T (A.4)
where E is the activation energy of the diffusion process (38.3 %) [68]; R is the gas constant (8.3 14 %

103
mol.K

), and T, the reference temperature, is usually 293 K. The carbonation depth, thus, increases

at higher temperatures. For example, the temperature rising during a climate change projection causes an

increase in the factor f¥ (), which then adapts diffusion coefficient over time.

The effect of relative humidity (RH), as another climatic variable, has been a subject of consideration for
carbonation depth. While some research indicates that RH levels below 30% do not significantly impact
carbonation depth [78, 79], it has been found that RH levels above 50% have a notable influence [80].
The factor f; () considers the influence of RH on diffusion coefficient over time as follows [67]:

0 if RH(t) < 0.25

féa @) = (1 — RH(7)P
1—RH?

a
) otherwise (A-5)

Where RH, is the reference relative humidity, @ and [ are independent parameters of exposure
conditions, as reported in [67], i.e., « =5 and f = 2.5. When RH is larger than 0.65, the carbonation

depth significantly decreases.

A.2. Chloride-induced corrosion model

The penetration and movement of chloride ions into concrete structures involves the electrochemical
dissolution of iron, which can lead to the degradation of concrete barriers. Chloride ingresses into

concrete is typically described using a diffusion model, a single mass transport equation for chloride ion
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transport. In this work, a time-dependent model is applied, incorporating the chloride diffusion coefficient
to estimate the chloride concentration over time [65, 81, 82]. The chloride concentration at a depth x mm

and time T 1s:

C(x,7) = c§* 1—erf/ a \
\zjkektkc FLOfg @D (%")"r/

(A.6)

Where C§' denotes the Chloride ion concentration on the surface; D§' is the reference diffusion
coefficient; n is aging factor for D§'. k, is the environmental coefficient, k, is the test method factor, and
k. is curing factor. Like carbonation depth process, f'(r) and f(t) are both factors related to
environmental exposure variables, temperature (T) and relative humidity (RH), respectively. f£'(t) has

the same formula as well as £ (7) in Eq. A.4, while f$; (7) is defined as follows [83]:

(1 - RH@))*\ (A7)
(1 — RHy)*

fan (@ = <1 +
The surface chloride boundaries, CS', can be categorized into specific exposure zones such as submerged,
splash, tidal, and atmospheric zones. For instance, C§' = 1.15 m_g3 is typical for atmospheric zone, which
1s far from the coast, whereas the chloride concentrations are more severe in coastal and tidal
environments [84]. CC, thus, has the potential to impact chloride penetration into the concrete through

related changes in Tand RH, which are incorporated in ££!(7) and £ (7). The following section aims to

provide results in different climatic projections.
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