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Abstract

When developing complex, software-intensive or cyber-physical
systems, uncertainty must be managed during all stages. Especially
if made explicit, it can significantly affect the design decisions of
various stakeholders. A necessary requirement for determining the
effect of uncertainty on a system and deciding whether it must
be resolved is explicit quantification of uncertainty. However, that
alone is not enough. Often, in multi-model development processes,
dependent parameters are affected by such quantified uncertainty.
To ensure efficient development and uncertainty-aware decision
making, we present an approach that allows to quantify uncer-
tainty probabilistically or through a sample set. This quantified
uncertainty is then kept consistent across all models. Furthermore,
uncertainty is propagated and merged onto downstream model
elements that depend on model elements or parameters with quan-
tified uncertainty, and the contribution of each uncertain input to
the derived uncertainty is quantified using Sobol sensitivity indices.
We evaluate the approach using two case studies, comprising seven
scenarios from cyber-physical systems and software engineering,
based on industry scenarios and literature. The results show that
quantified uncertainty can be expressed and correctly propagated
and merged across all scenarios, matching an independent analyti-
cal oracle.
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1 Introduction

Uncertainty is an inseparable challenge in the development of com-
plex software-intensive or cyber-physical systems [10]. Decisions
rely on assumptions about system properties, external components,
requirements and the execution environment. These assumptions
are often incomplete, evolving, or only partially communicated
across the development artifacts and models created by different
roles. Consequently, the specification contained in development
artifacts may diverge from the implemented system or even the
actual requirements [2, 10]. If left unmanaged, such uncertainty
can lead to design decisions that appear sound during development
but later cause costly problems in operation.

In modern development processes, these uncertainties are dis-
tributed across multiple semantically overlapping artifacts and
models, such as requirements specifications, models of the sys-
tem architecture, simulation models, and implementation artifacts.
Consistency preservation mechanisms can help keep such arti-
facts aligned [18]. However, existing approaches typically treat
uncertainty only qualitatively, for example, as an annotation or a
concern noted in a single artifact [13, 22]. This is insufficient when
downstream analysis and decision making depends on quantified
assumptions, such as simulations conducted repeatedly during de-
velopment to verify design decisions. In such cases, uncertainty
must not only be represented explicitly, but also quantified in a way
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that can be processed automatically across related models. Existing
approaches rely on parameterized uncertainty representations spec-
ified by developers, such as fuzzy numbers, to capture uncertainty
in decisions [11, 20].

Consistency-preservation frameworks already keep such arti-
facts aligned and can propagate qualitative uncertainty annotations
across them, so that an uncertainty introduced in one artifact be-
comes visible in all dependent artifacts [13, 18]. However, they treat
uncertainty purely qualitatively. They record that an element is
uncertain and where this uncertainty propagates, but neither rep-
resent how uncertain an element is in a machine-processable form
nor compute the resulting uncertainty of downstream elements that
depend on several uncertain inputs. Consequently, the quantified
assumptions needed for repeated downstream analysis, such as
simulations, still have to be reconstructed and combined manually
whenever an uncertain input changes.

This paper presents an approach that closes this gap by adding
probabilistic quantification to cross-artifact uncertainty propaga-
tion. Quantified uncertainty is attached to the artifact in which
it originates, propagated consistently across related artifacts, and
automatically merged where downstream properties depend on sev-
eral uncertain inputs. Concretely, this paper makes the following
contributions:

e Stochastic expression language extension. We extend an
existing stochastic expression language (StoEx [5]) with con-
structs for probability distributions and sample-based uncer-
tainty, providing a human-readable and machine-processable
representation of quantified uncertainty that can be attached
to uncertainty annotations.

e Interpreter for merging and propagation. We provide an
interpreter that evaluates, combines, and propagates these
quantified uncertainties, so that the uncertainty of a down-
stream element depending on several uncertain inputs is
computed automatically. It additionally quantifies the con-
tribution of each uncertain input to the output using Sobol
sensitivity indices.

e Realization in a propagation workflow. We integrate
both into a model-based consistency-preservation and prop-
agation workflow, so that quantified uncertainty is propa-
gated and merged automatically as artifacts evolve.

We evaluate the approach using scenarios from model-driven
development of a cyber-physical system and software engineer-
ing. The results indicate that the approach is expressive enough
to represent the required quantified uncertainties and that quanti-
fied uncertainties can be propagated and merged consistently into
downstream artifacts. Overall, the approach contributes a practi-
cal step toward making uncertainty-aware analysis available in
consistency-automated development processes.

2 Foundations

Uncertainty characterizes the distributional behavior of variables
within a system. These variables may follow predefined distribu-
tions, such as Gaussian, Gamma, or Poisson, or their distributions
may be approximated through stochastic simulation techniques,
most notably Monte Carlo methods, which estimate a target distri-
bution by repeatedly drawing random samples from the underlying
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process. According to the Law of Large Numbers, the empirical
distribution of these samples converges toward the true distribution
as the number of samples increases [31]. The resulting distribution
can then be represented, for example, using histograms or kernel
density estimation.

To propagate uncertainty, the objective is to determine the output
distribution induced by the joint distribution of the inputs. For
two independent input variables X; and Xj, the distribution of the
output Z = f(Xj,X;) may either admit a closed-form expression
or require numerical approximation, depending on the properties
of the inputs and the function. For example, if X; ~ N (y;, 67)Vi €
{1, 2}, then for the sum Z = X; + X, the resulting distribution is also
Gaussian, with Z ~ N (p, 62), where pi; = iy + pp and 62 = o2 + 6Z.

For discrete random variables, the distribution of Z can be com-
puted exactly rather than approximated. It is obtained by enu-
merating all outcome pairs and summing the corresponding joint
probabilities:

Pr(Z=2)= )

x1€X1, x2€ Xy
fGerxz)=2

P(Xy = x1, X5 = x3), (1

where X; denote the supports of X;, respectively. This generalizes
convolution, which is the special case for addition [24]. While this
procedure is exact, its computational cost may become high for
large supports.

If the output distribution cannot be derived analytically or com-
puted exactly, it can be approximated using Monte Carlo (MC)
methods. Specifically, one draws N independent samples (x1, x3);
from the distributions of X; and X;, evaluates z; = f(x1[j], x2[j]),
and constructs an empirical approximation of the distribution of Z
from the resulting samples. The set {z; }j\[: | can then be aggregated
into a histogram, providing a practical representation of the output
distribution. To quantify the sensitivity of the model output to the
uncertainty of each input parameter, we compute the first-order
Sobol sensitivity indices [16]. Sobol indices measure the contribu-
tion of each input parameter to the variance of the model output,
thereby quantifying the influence of input uncertainty on output
uncertainty. The first-order Sobol index of an input variable X; is
defined as:

Var (E[Z | X;])
= @)
Var(Z)

By computing Sobol indices, we identify which input parameters
contribute the most to the uncertainty of the output. This informa-
tion helps identify sources of instability and guides design decisions,
such as refining uncertain inputs or modifying the architecture to

improve the robustness of the resulting quality attributes.

3 Running Example

We use the cross-domain development of an automotive brake
system as a running example, adapted from the industrial cyber-
physical system (CPS) case study of Hagel et al. [14]. The example
is representative of CPS development, in which several roles work
on semantically overlapping models, see Figure 3: the project man-
ager maintains a textual brake specification model that captures
the required brake-system characteristics, the design engineer de-
tails the geometry in a 3D CAD model, and the simulation engineer
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Figure 1: CAD 3D model of the brake system under devel-
opment [14]. The brake disc (red) is enclosed by the caliper
( )- The friction pad (green) is mounted on its steel back-
ing plate (blue). The bridge gap is the caliper opening that
has to seat the disc together with the pad and its backing
plate, and is therefore derived from the brake-disc thickness,
the pad thickness, and the backing-plate thickness.

maintains Simulink simulation models used to validate the design
on a test bench. These artifacts are strongly interdependent and
are automatically kept consistent using a consistency-preservation
framework for multiple models. A characteristic recorded in the
specification model constrains geometric parameters in the CAD
model, and the same parameters must ultimately be reflected in
the simulation models used for validation. In practice, however, the
parameter values underlying such a design are often uncertain, dis-
tributed across the models of different domains, and only partially
communicated between teams.

Concrete scenario. Consider the assembly of the disc-brake caliper.
Three geometric parameters drive whether the pads and the disc
physically fit into the caliper: the friction-pad thickness thickness-
PadInMM, the steel backing-plate thickness thicknessBacking-
PlateInMM, and the brake-disc thickness brakeDiskThickness-
InMM. During consistency preservation, two design parameters are
derived from them. First, the total brake-pad width is

padWidth = thicknessPadInMM + thicknessBackingPlateInMM

and, using it, the required caliper bridge gap, i.e., the clearance
the caliper must provide to seat the disc and the pad (Figure 1), is

bridgeGap = brakeDiskThicknessInMM + padWidthInMM.
With the nominal values from the specification
(thicknessPadInMM = 8, thicknessBackingPlateInMM = 2,

brakeDiskThicknessInMM = 30)

, this yields a pad width of 10 mm and a required bridge gap of
40 mm. The design is only consistent as long as the caliper still
provides a positive residual clearance for this required bridge gap.
Once the combined thickness of disc and pad consumes the available
caliper opening, the assembly no longer fits and the design becomes
inconsistent.

Sources of uncertainty. None of the three parameters is known
exactly at design time, and each is uncertain for a different, possible
reason:
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e Friction-pad thickness is uncertain because the friction ma-
terial is pressed and sintered, a process that introduces a
manufacturing variance around the target thickness.

e Backing-plate thickness is uncertain because the plates are
sourced from several suppliers whose stamping tolerances
differ.

o Brake-disc thickness is uncertain because of quality devia-
tions between the casting batches of the disc.

These sources are exactly the ones a stakeholder would later act
upon, e.g., by changing the pad manufacturing method, switching
supplier, or increasing the caliper size (cf. Figure 5).

First requirement: explicit, probabilistic quantification. A first in-
sight from this scenario is that uncertainty must be stated not only
qualitatively but also quantitatively. Merely annotating that the
disc thickness is “uncertain” is insufficient for automated design
validation. What is needed is an explicit probabilistic character-
ization of the uncertain quantities. Depending on the available
information, this characterization takes different forms: the project
manager can quantify the disc thickness analytically as a normal
distribution N (30, 1) derived from the supplier datasheet, whereas
the procurement side provides the pad and backing-plate thickness
as sample sets obtained from incoming-goods measurements (cf.
the two quantification paths in Figure 4). This turns uncertainty
into an analyzable modeling concept: the simulation engineer can
then evaluate not just a single nominal caliper geometry, but the
range of plausible geometries induced by the same specification.

Second requirement: propagation and automated merging. How-
ever, explicit quantification alone is still not enough. The uncertain
inputs are not consumed only in the model in which they originate.
The pad and backing-plate thickness first have to be combined into
the derived pad width, and this pad width then has to be combined
with the disc thickness to obtain the bridge gap in the CAD and
simulation models. The derived bridge gap is therefore not a copy
of a single uncertainty but is jointly determined by three uncer-
tain inputs. If such derived quantified uncertainty is maintained
manually, each stakeholder must repeatedly reinterpret and recom-
pute the consequences of upstream uncertainty whenever an input
changes. This is error-prone, leads to divergence between the brake
specification, CAD, and simulation models, and creates substantial
communication overhead. This motivates a second requirement:
automated merging of quantified uncertainty during consistency
preservation, so that the bridge-gap distribution is derived and
kept up to date automatically from the pad, backing-plate, and disc
uncertainties instead of being lost or inconsistently interpreted. For
the concrete scenario, merging the disc uncertainty with the two
sampled pad-related uncertainties yields a bridge-gap distribution
with a mean of 40 mm and a standard deviation of V3 ~ 1.73 mm.

Third requirement: contribution analysis for informed decisions.
Even a correctly propagated bridge-gap distribution only tells the
stakeholders how uncertain the assembly is, not where that uncer-
tainty comes from. Yet the design decisions differ fundamentally
in cost and effect: changing the pad manufacturing method, qual-
ifying a different backing-plate supplier, or enlarging the caliper
each address a different source. To decide rationally, stakeholders
need to know how much each uncertain input contributes to the



MODELS Companion 2026, October 04-09, 2026, Malaga, Spain

Bridge gap (output)
bridgeGap =t + w
o =~ 1.73 mm

Brake-disc thickness
w=p+b t
51 =0.69 S; =0.31

Total pad thickness

Pad thickness Backing-plate
P thickness b
S1 =0.58 S; =0.11

Figure 2: Derivation tree of the caliper bridge gap for the
running example. The uncertain input parameters (leaves)
are merged by addition into the derived total pad thickness
and, together with the disc thickness, into the bridge gap
(root). The first-order Sobol index S; annotated at each node
quantifies its contribution to the variance of the bridge gap.
The index of the aggregated total pad thickness equals the
sum of its children (in this example). The highlighted path
shows that the friction-pad thickness dominates, indicating
where refining an assumption improves robustness the most.

variance of the bridge gap. This is precisely what first-order Sobol
sensitivity indices provide, which our approach attaches to each
node of the bridge-gap derivation tree (Figure 2). In the scenario,
the friction-pad thickness is the single largest contributor to the
bridge-gap variance (S; = 0.58), followed by the disc thickness
(S1 = 0.31) and the backing-plate thickness (S; = 0.11). Aggregated,
the two pad-related inputs account for roughly two thirds of the
variance while the disc accounts for the remaining third. Conse-
quently, refining the pad manufacturing process reduces the risk
of an infeasible assembly far more effectively than qualifying a dif-
ferent backing-plate supplier, re-specifying the disc, or oversizing
the caliper. Without such a contribution analysis, this ranking of
otherwise equally plausible design decisions would remain hidden.
The scenario thus highlights three capabilities required for an
uncertainty-aware CPS development process. First, uncertainty
must be captured explicitly and probabilistically so that it can in-
form analysis rather than remain a qualitative annotation. Second,
once quantified, it must be propagated and automatically merged
across related models so that all stakeholders work with a consistent
and up-to-date view of both direct and derived uncertainty. Third,
the contribution of each uncertain input to the derived uncertainty
must be quantified so that stakeholders can prioritize the design
decisions that improve robustness the most. Otherwise, the most
important consequences of uncertainty, and the levers to control
them, remain hidden precisely in those downstream models.

4 Approach

We present an approach to explicitly quantify probabilistic un-
certainty in development artifacts and consistently propagate and
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merge it throughout a multi-model-based development process. The
approach builds on automated consistency preservation across mod-
els and incorporates probabilistic expressions, using a stochastic ex-
pression Domain Specific Language (DSL) to define the metamodel.
In particular, the approach contributes (1) an extension of StoEx to
represent probability distributions and sample-based uncertainty,
(2) an interpreter for combining quantified uncertainties, and (3)
the integration of both into a consistency-preservation, uncertainty
propagation, and uncertainty contribution analysis workflow. The
approach comprises three steps:

(1) Specify quantified uncertainty referencing an artifact.

(2) Propagate and merge quantified uncertainty across related
artifacts.

(3) Use the propagated quantified uncertainty in downstream de-
sign and analysis and quantify the contribution of uncertain
inputs to the output uncertainty using Sobol indices.

As in many CPS development processes, different roles work on
different models that partially describe the same system entities.
In the running example, the project manager maintains the brake
specification model, the design engineer maintains the CAD model,
and the simulation engineer maintains the simulation models. These
models are semantically overlapping because they refer to the same
components, geometric parameters, and design characteristics.

Our approach assumes that such semantic overlap is made ex-
plicit through correspondence relationships or trace links. A cor-
respondence indicates that two model elements describe the same
underlying concept or information, even if they use different no-
tations or appear in different models or artifacts. For example, the
brake-disc thickness recorded in the brake specification model may
correspond to a dimension of the disc in the CAD model and to a
parameter of the corresponding simulation model.

To establish and maintain these links, we rely on automated
consistency specifications as provided by view-based consistency-
preservation frameworks such as Vitruvius [18]. These correspon-
dences provide the basis for propagating uncertainty information
across artifacts. As a result, the same uncertainty can be refer-
enced consistently from the ticket level down to artifacts at the
architecture, analysis, and implementation levels. Second, uncer-
tainty can also be automatically propagated across such consistency-
preservation rules. At the same time, it is refined by automatically
merging probabilistic quantification.

In the brake-system example, this means that the pad, backing-
plate, and disc thicknesses in the brake specification model, the
corresponding dimensions in the CAD model, and the derived
caliper bridge gap are linked through correspondence relationships.
Their overlap, meaning which information is kept consistent au-
tomatically is defined using consistency preservation rules, which
we leverage to propagate uncertainty even further by merging it
to downstream artifacts. The overall approach overview is given
by Figure 4.

4.1 Specify quantified uncertainty referencing
an artifact
The first step is to annotate artifact elements with quantified uncer-

tainty. For this purpose, we extend an existing uncertainty model [13,
22] with a formal probabilistic expression featuring the defined
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Figure 3: Running example: the cross-domain development process of an automotive brake system [14]. Different roles work on
the brake specification model, the CAD model, and the simulation model, which are kept consistent by consistency-preservation

specifications that also propagate the quantified uncertainty.

Stochastic Expressions (StoEx) DSL!. Concretely, the Effect of an
uncertainty is extended by an expression attribute of type Expression,
which references the top-level concept of the StoEx metamodel. This
allows uncertainty to be represented not only qualitatively, but also
in a form that can be processed automatically during propagation
and analysis.

To support this, StoEx is reused and extended as a domain-
specific language for stochastic expressions. The original Palladio
StoEx [5] already provided an expression language for stochastic
terms, but it did not directly support explicit probability distribu-
tions in the required form. Therefore, the language is extended
with dedicated constructs for continuous and discrete probability
functions.

This representation supports both parameterized [17] and sample-
based quantification. Parameterized distributions are useful when
a stakeholder can characterize uncertainty analytically, for exam-
ple, by specifying a normal distribution for a request rate or an
exponential distribution for an inter-arrival process. Sample-based
specifications are useful when uncertainty is derived from measure-
ments, experiments, or monitoring data. The SampledDistribution
construct allows such observed values to be represented directly
in StoEx. According to the grammar, a sample-based uncertainty
can be written explicitly as a list of values, for example using the
Sampled[...] notation.

In the brake-system running example, this step allows the stake-
holders to annotate uncertain inputs such as the friction-pad thick-
ness, the backing-plate thickness, or the brake-disc thickness with
explicit probabilistic expressions, for example a normal distribution
N (30, 1) for the disc thickness or a sample set for the measured pad
thickness. These annotations are attached to the model elements
where the uncertainty is introduced, for example a parameter of the
brake specification model or of the CAD model, while remaining
part of the shared uncertainty model.

nspect the respective metamodel in the replication package [15]

4.2 Propagate and merge quantified uncertainty
across related artifacts

Once quantified uncertainty has been attached to an artifact el-
ement, it must be propagated to all related elements connected
through correspondence relationships. For quantified uncertainties,
however, propagation is not always a direct copy. In software de-
velopment, downstream model elements often depend on several
uncertain inputs at once. In such cases, the quantified uncertainty
of a target element must be derived from multiple upstream uncer-
tainties.

To enable this, the approach introduces a StoEx interpreter that
evaluates and combines uncertainty expressions. The interpreter ac-
cepts either a StoEx DSL String or an instantiated Expression model
element and returns the resulting expression after evaluation. It
supports the arithmetic combination of probability distributions
and scalar values. The implemented operators include addition, sub-
traction, multiplication, and division for probability distributions,
and scalar operations on literals. The evaluation result is, again,
returned as a StoEx expression, which can then be attached to a
propagated uncertainty annotation.

The combination strategy depends on the type of quantified
uncertainty. For discrete probability mass functions, the result can
be computed exactly by enumerating value pairs and aggregating
their probabilities. For continuous distributions, the interpreter uses
closed-form solutions where available and otherwise falls back to
Monte Carlo simulation.

This is the key extension needed for CPS scenarios in which
downstream quantities are derived and plain propagation along
trace links reaches its limits. In the brake-system example, the un-
certainty of the caliper bridge gap does not originate from one single
parameter. It is derived from the pad thickness and the backing-
plate thickness, which are first merged into the pad width, and from
the disc thickness. The interpreter makes it possible to express such
dependencies as StoEx expressions (here p + b for the pad width
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Figure 4: Overview of the approach. Stakeholders quantify uncertainty annotated to model elements or parameters. If these
affect dependent parameters as defined in consistency preservation rules, the uncertainty quantification of the dependent
element is calculated by merging the quantified uncertainties accordingly. Sobol indices are calculated during that process.

and t + w for the bridge gap) and to compute the resulting quanti-
fied uncertainty automatically when uncertainties are propagated
through the Virtual Single Underlying Model (VSUM). The updated
UnCertaGator metamodel therefore, serves as the integration point
between the uncertainty model and the StoEx-based quantification.

The proposed approach requires an annotation of existing con-

sistency preservation rules to define whether uncertainty should
be merged and propagated or not.

4.3 Using the propagated quantified uncertainty
in downstream analysis

The final step is to use the propagated and, where necessary, merged
quantified uncertainty in downstream analyses that support design
decisions. Since uncertainty and its contribution to the propagated
uncertainty remain attached to the relevant artifact elements across
the linked views, all stakeholders can work with the same up-to-
date quantified assumptions.

For the brake-system example, this means that once the stake-
holders introduce quantified uncertainty on the pad, backing-plate,
and disc thicknesses, the simulation engineer can evaluate not only
the distribution of the plausible caliper bridge gap but also the
contribution of each uncertain input to the resulting output uncer-
tainty using Sobol indices. Consequently, downstream analyses can
operate on the current uncertainty-aware design state, enabling
stakeholders to identify the parameters that have the greatest im-

pact on the bridge-gap variability and to prioritize design refine-

ments, such as changing the pad manufacturing method or supplier,
accordingly.

This step is not a separate uncertainty formalism but the intended
use of the previous three steps. StoEx provides the analyzable rep-
resentation, the interpreter provides the combination mechanism,
and the integration into consistency frameworks [18] provides the
propagation infrastructure. Together, they allow uncertain design
assumptions to remain available across models and to inform analy-
sis consistently throughout the development process. The overview
figure Figure 4 of the approach shows this interaction.

4.4 Implementation

The approach is implemented by extending the UnCertaGator [13]
Eclipse Modeling Framework (EMF) based metamodel with StoEx.
The StoEx DSL is implemented as a standalone Xtext-based project
whose grammar serves as the single source of truth for generat-
ing the corresponding Ecore metamodel. This makes the language
reusable in EMF-based environments and allows the existing un-
certainty metamodel to reference StoEx expressions directly.

The interpreter is implemented as a separate evaluation com-
ponent. It can be invoked from consistency-preservation rules to
evaluate propagated expressions.

Overall, the implementation provides the technical basis for
quantified uncertainty management in development processes: ex-
plicit modeling via stochastic expressions, automated evaluation

via the interpreter, and cross-artifact propagation via consistency-

preservation rules. The implementation is provided in the replica-
tion package [15].
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5 Evaluation

Methodology. We evaluate the approach along two lines. First,
we follow the Goal-Question-Metric (GQM) method [4] [3] to as-
sess whether quantified uncertainty can be expressed and correctly
propagated and merged across models. We use two case studies.
The main case study is the automotive brake system from the CPS
domain [1] [14], which is also our running example (section 3).
It provides six scenarios, CPS-1 to CPS-6, that vary the represen-
tation and the variance of the uncertain inputs. As an additional
software-architecture case study, we reuse the TeaStore scenario
from [13], denoted SA, which is adapted from an industrial scenario
and transferred to the TeaStore [28] for confidentiality reasons. It
complements the additive brake scenarios with a multiplicative and
division-based combination. This yields seven evaluation scenarios
in total, summarized in Table 1. Second, we report the feasibility
of the approach in terms of the runtime overhead it induces, and
we make a coherent argument for its practical benefit based on the
running brake-system scenario.

Goal: Evaluate the proposed approach with respect to its ability
to correctly express, propagate, and merge probabilistically quanti-
fied uncertainty across models, from the perspective of the involved
engineers, in the context of multi-model CPS and software devel-
opment.

Q1 (Expressibility): Can the probabilistically quantified uncer-
tainties from the case-study scenarios be specified using the proposed
StoEx DSL?

Metric: Distribution coverage, i.e., the fraction of the quantified
uncertainties required by the scenarios that can be expressed.

Q2 (Propagation correctness): Can such specified uncertainty
be propagated and merged onto downstream elements so that the
derived quantified uncertainty is correct?

Metric: Propagation output agreement, i.e., whether the propa-
gated and merged downstream uncertainty matches an independent
correctness oracle.

Expressibility (Q1). Q1 refers to whether the required quantified
uncertainties can be expressed using the presented approach. The
scenarios, see Table 1, require 20 quantified uncertainties in total,
ranging from closed-form normal distributions to sample-based
quantifications and, in the SA scenario, a log-normal distribution

combined by multiplication and division. Using the presented meta-
model, all of them were expressed, so the distribution coverage is
100%. The metamodel additionally covers more distribution types
than are exercised by the scenarios, so its expressibility exceeds
what was required. QI can be answered with yes.

Propagation correctness (Q2). Q2 refers to the propagation and
merging of uncertainty within and across models along consistency-
preservation rules. For each scenario, the consistency-preservation
rules were annotated to make use of the presented approach, and
each scenario was executed by annotating quantified uncertainty
on the input model elements. A scenario is successful if (1) a new
downstream uncertainty is created at the dependent element and (2)
the merged quantified uncertainty matches an independent oracle.
As an oracle we use manually derived closed-form solutions. For
the brake scenarios the bridge gap follows a normal sum, so the ex-
pected mean is 1 = 30 + 8 + 2 = 40 mm and the expected variance is
the sum of the input variances. For the SA scenario the closed-form
log-normal result is used. For the closed-form scenarios (CPS-1,
CPS-4, SA) the propagated distribution must equal the analytical
solution exactly. For the Monte Carlo and mixed scenarios (CPS-2,
CPS-3, CPS-5, CPS-6) the sampled result must match the analytical
mean and standard deviation within a tolerance (£2.0 mm for the
mean and +0.1 mm for the standard deviation, using 10,000 sam-
ples and a fixed seed). In addition, the first-order Sobol indices are
estimated by the Saltelli-Jansen estimator [16], and then attached
to the derived bridge gap were checked against the analytically
expected variance split. Uncertainty estimation and sensitivity anal-
ysis can be further improved by increasing the number of samples.
All scenarios satisfied these criteria, resulting in a propagation out-
put agreement of 100%.

Feasibility: overhead. Beyond expressibility and correctness, we
assess the feasibility of the approach by analyzing the runtime
overhead it induces. Applying the approach adds overhead on three
dimensions. (1) specifying the quantified uncertainty on model
elements, (2) the automated consistency preservation that now
merges uncertainty, and (3) a one-time annotation of consistency-
preservation rules to mark which dependencies should be uncertainty-
propagation aware. The specification effort (1) is limited to a single
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Table 1: Overview of the evaluation scenarios and their characterization. All brake scenarios (CPS-1 to CPS-6) merge the three
input uncertainties into the derived bridge gap via addition. CPS-3 is the running example.

Scenario # Quant. Unc. o [AB,D] Representation Propagated output Oracle match  Sobol ind. [A,B,D]
SA (TeaStore) 1 [1.1,None,None]  Closed form (log-normal)  LogNormal(—0.13,1.1) exact [1, None, None]
CPS-1 3 [0.1,0.1,0.1] Closed form (Normal) N (40,0.17) exact [0.33,0.33,0.33]
CPS-2 3 [0.1,0.1,0.1] Monte Carlo (sampled) Sampled (40, 1.73) within tol. [0.32,0.33,0.34]
CPS-3 (Running ex.) 3 [0.1,0.1,0.1] Mixed (Normal + sampled) Sampled (40, 1.73) within tol. [0.34,0.34,0.34]
CPS-4 3 [0.4,0.1,1.7] Closed form (Normal) N (40,1.75) exact [0.05,0.01,0.94]
CPS-5 3 [0.4,0.1,1.7] Monte Carlo (sampled) Sampled (40, 1.75) within tol. [0.07,0.01,0.94]
CPS-6 3 [0.4,0.1,1.7] Mixed (Normal + sampled) Sampled (40, 1.75) within tol. [0.05,0.01,0.95]

model element or a short string following the DSL, or a list of
values for sample-based quantification. The rule annotation (3)
is a single-time modification performed once when the approach
is integrated into a development process. The dominant runtime
cost is dimension (2), since derived distributions must be sampled
whenever the interpreter falls back to Monte Carlo. We therefore
measured the most expensive task, merging uncertainty, over 100
repeated propagation operations per scenario on an AMD Ryzen
53600 XT CPU with 32 GB of memory, using an approach [13]
with uncertainty information propagation, which has no mecha-
nism to propagate quantified uncertainty, as the baseline. For single
propagation operations, the relative overhead ranged from about
3% (closed form, one uncertain input) to about 7x (Monte Carlo,
two uncertain inputs). For merge operations that combine several
uncertain inputs into a derived downstream element, the relative
overhead reached up to two orders of magnitude (roughly 130X~
190x), with the higher factors occurring for the Monte Carlo and
mixed scenarios that must sample the derived distribution. In abso-
lute terms, however, the means stayed below =~ 2.3 s for the most
expensive scenario and below ~ 666 ms for the others, which is
acceptable for non-real-time design-time analysis.

Qualitative evaluation using the running scenario. Beyond the
quantitative results, the approach provides a practical benefit for
uncertainty-aware CPS development. Previous work has already
shown that making uncertainty explicit and consistently propagat-
ing it across semantically overlapping models improves traceability,
reduces communication overhead, and supports earlier detection of
design problems that would otherwise remain implicit in a single
stakeholder’s artifact [13]. Our extension strengthens this benefit
by turning such uncertainty into an analyzable quantity rather than
a purely qualitative annotation.

In the running brake-system scenario, the relevant assumptions
are not limited to the existence of uncertainty. They concern geo-
metric parameters such as pad thickness, backing-plate thickness,
and disc thickness, whose combined effect only becomes visible
in the derived caliper bridge gap used in downstream CAD and
simulation models. If these assumptions are maintained informally,
the simulation engineer must repeatedly reinterpret the specifi-
cation and manually recompute the derived bridge-gap input for
the analysis. This is error-prone and risks divergence between the
brake specification, CAD, and simulation models. By contrast, our
approach keeps quantified uncertainty attached to the model ele-
ment from which it originates and automatically propagates it to

dependent elements. In addition, it merges several quantified uncer-
tainties into derived downstream properties, such as the pad width
and the caliper bridge gap, and attaches the Sobol contribution of
each uncertain input. Thus, downstream analysis operates on the
current design assumptions rather than on manually reconstructed
point estimates, and stakeholders can rank design decisions, e.g.,
changing the pad manufacturing method, qualifying a different
supplier, or increasing the caliper size, by their effect on robustness
(cf. Figure 5).

This yields three concrete benefits. First, it preserves information
that would otherwise be lost when uncertainty is propagated only
qualitatively. Second, it improves consistency between the specifi-
cation, uncertainty model, CAD, and simulation models, because
dependent parameters are updated automatically through formal
consistency-preservation rules. Third, it enables uncertainty-aware
downstream analysis. Stakeholders can evaluate not only a single
nominal design but also the range of plausible outcomes induced
by quantified uncertainty, and, through the Sobol indices, identify
the inputs that drive it. We argue that this additional modeling
effort is justified because the integration is a one-time effort and
the specification of an uncertainty requires only a single model
element or a short DSL string. For CPS development, this means
that uncertainty-aware simulation and analysis can reveal fragile
design decisions before manufacturing or physical validation, when
adaptations are still comparatively cheap.

Overall, the benefit of the approach is not merely that uncer-
tainty is represented more precisely. Its main value is that quantified
uncertainty remains consistent across models and becomes directly
usable in downstream analysis, bridging the gap between design
assumptions and their evaluation, and enabling more informed,
uncertainty-aware analysis of design decisions in multi-model de-
velopment processes.

Threats to Validity. We follow Wohlin et al. [30] and Runeson
and Host [25] to describe the threats to validity.

Internal Validity: Regarding the performance overhead induced
by propagating the uncertainties, we measured under identical con-
ditions to reduce the risk of confounding factors. As the approach
uses tools like Vitruvius and its implementation, the results are
affected by both and by the consistency-preservation rules used.
The brake scenarios were designed within this work, which may
have resulted in unconscious design choices favoring the presented
approach. We mitigate the risk of a circular “does what it was built
to do” evaluation by comparing every propagated result against an



Uncertainty-aware Design Decisions

independent analytical oracle rather than against the tool’s own
output.

External Validity: The evaluation draws on seven scenarios from
the CPS and software-architecture domains using a variety of un-
certainty quantifications. However, they cannot cover the full vari-
ability and scale found in real development processes. The brake
scenarios use additive derivations only, and the SA scenario is a
scenario translated into the TeaStore case study because original ar-
tifacts cannot be used for publication and was therefore abstracted
from the actual structure and scale. This reduces the realism of
the evaluation setting, so generalizability is limited and further
empirical validation is required.

Construct Validity: The evaluation uses distribution coverage,
propagation correctness against an oracle, and runtime overhead
as operational measures for expressibility, correctness, and feasi-
bility. While suitable at the feasibility stage, they only partially
capture the approach’s practical usefulness in real development
processes. In particular, representing a quantified uncertainty in
the DSL does not by itself show that stakeholders would model
it consistently or correctly in practice, and successful propaga-
tion demonstrates technical correctness of the implemented rules
rather than the meaningfulness of the resulting quantified uncer-
tainties for downstream decision-making. The Monte Carlo results
are approximations. We bound the resulting error through a fixed
sample count, a fixed seed, and reported tolerances, but a residual
approximation error remains. Finally, the current scenarios use only
additive and multiplicative derivations without cyclic dependencies
between propagated uncertainties, so the behavior on larger or
cyclic propagation graphs is not evaluated.

6 Related Work

Classifying and Representing Uncertainty. Uncertainty represen-
tation has been addressed across different domains, including me-
chanical engineering [1], cyber-physical systems [2], and software
engineering [27]. Mahdavi-Hezavehi et al. [21] and Acosta et al. [2]
categorize uncertainty across development phases and architectural
concerns. Mékelburg et al. [22] survey existing representations and
highlight that current approaches remain fragmented and lack a
unified modeling perspective. Weyns et al. [29] outline a research
agenda for uncertainty in self-adaptive systems, emphasizing chal-
lenges such as uncertainty propagation, interaction, and runtime
management. These works provide a structured understanding of
uncertainty but treat it primarily as descriptive information, not
directly integrated into architectural artifacts or analysis models.
In contrast, our approach enables explicit probabilistic quantifi-
cation using stochastic expressions, allowing uncertainty to be
embedded into artifacts and processed automatically during analy-
sis. Esfahani et al. [11] represent uncertainty using fuzzy numbers
through optimistic, expected, and pessimistic parameter values.
These fuzzy values are then used to evaluate and select the most
suitable architecture. However, these approaches assume a prede-
fined design space, where uncertainty is primarily used to rank
decision candidates. Consequently, they provide limited insight
into how individual sources of uncertainty propagate through the
model, and they offer limited support for incrementally refining
alternatives during the design process.
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Quantifying and Analyzing Uncertainty. A variety of techniques
exist for quantifying and analyzing uncertainty, including sampling-
based methods such as Monte Carlo simulation [31], analytical ap-
proaches such as Markov models and moment-based techniques,
and model-based strategies such as model averaging [23]. These
methods support reasoning about system behavior under uncer-
tainty by deriving output distributions from uncertain inputs. In
addition, uncertainty can be analytically characterized in closed-
form when the input distributions and their combinations permit
it [17].

However, such approaches operate within individual models and
do not address how uncertainty is propagated and combined across
multiple interrelated artifacts. Our approach extends probabilistic
analysis beyond single models by enabling the systematic combina-
tion of multiple uncertainty sources across architectural artifacts
using a dedicated expression language and interpreter.

Consistency Preservation Across Artifacts. Software architecture is
described through multiple artifacts, such as architectural decision
records, component models, and performance models, which must
remain consistent with one another. Frameworks such as Vitru-
vius [18] establish correspondences between artifacts and propagate
changes through consistency preservation rules. Complementary
work addresses cross-domain consistency checking [26] and change
propagation across views [19], focusing on maintaining structural
and semantic alignment between models.

These approaches ensure consistency of deterministic informa-
tion but do not account for quantified uncertainty or its interaction
across artifacts. Our approach extends consistency preservation by
treating uncertainty as first-class information that is propagated
and merged along these relations.

Uncertainty in Transformations and System Evolution. Prior work
studies uncertainty in different contexts, including model trans-
formations [9], runtime adaptation in self-adaptive systems [6, 7],
system evolution and digital twin scenarios [8], or exploring how
uncertainty effects multi-model consistency through state space
exploration [12]. These approaches analyze how uncertainty af-
fects specific transformations or decision points, often focusing on
localized interactions or runtime behavior.

While they acknowledge uncertainty in model interactions, they
do not provide a mechanism for systematically propagating and
combining quantified uncertainty across multiple artifacts. Our
approach addresses this limitation by enabling uncertainty-aware
propagation and merging across interrelated artifacts in a view-
based development process.

7 Conclusion

We presented an approach to explicitly specify and automatically
propagate quantified probabilistic uncertainty in multi-artifact de-
velopment processes using consistency preservation. For the speci-
fication, a DSL and metamodel were defined. An interpreter was
implemented to automatically merge such quantified uncertainties.
The approach is evaluated using scenarios from industry and liter-
ature. Our results show its capability to express and automatically
propagate uncertainties in multi-artifact multi-team development.
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For future work, we plan to extend the approach by providing fur-
ther automated analysis to provide more feedback and intuition on
the automatically propagated uncertainties.
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