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In structural reliability assessments, the selection of suitable parameters for the definition of stochastic
models of component properties—such as concrete compressive strength, steel yield strength

or geometric dimensions—is a prime requirement. Typically, during the production of structural
components, several conformity control criteria, which are part of quality control assessments,

are adopted to evaluate whether their properties comply with specified requirements. Previous
investigations have demonstrated that the consideration of conformity control assessments in
reliability studies might have a positive influence on the structural reliability of a component, thereby,
enabling more material and resource efficient designs than conventional designs that do not take
conformity control into account. In this investigation, a methodology grounded on the principles of
reliability theory and Bayesian statistics is offered to quantify the positive effects of conformity control
assessments in structural reliability levels. The practical application of this methodology is further
demonstrated through an example extracted from previous investigations concerning the reliability
level of a short concrete column subjected to compression. The results suggest that existing safety
margins can be activated to adjust partial safety factors on the resistance side and, thus, optimise
design solutions. Finally, possible improvements for the overall methodology are identified, opening
avenues for the design of more sustainable structures.

Keywords Conformity control assessment, Stochastic models, Building material properties, Filtering effect,
Structural reliability

In structural engineering, material and geometric properties play a major role on the mechanical performance
and durability of structural components and systems!2. The control of such properties during the execution
(or production) of key structural materials (e.g., concrete, reinforcing steel) is ensured through conformity
control assessment as part of quality control procedures. The goal of conformity control assessment is to compel
contractors or producers to deliver high quality components and, thus, avoid rejection of the produced structural
components*°. In principle, structural components that are subjected to a conformity control inspection
have improved properties (e.g., concrete compressive strength, steel yield strength or geometric dimensions)
compared to those that do not go through such an assessment®~”.

The pioneering work of Rackwitz et al.>® conducted during the 1970s and 1980s laid important foundations
to understand the impact of conformity control assessment on the reliability level of structural components.
These Authors demonstrated that uncertainties in the actual distribution parameters (i.e., in terms of probability
distributions) of concrete compressive strength can be meaningful and, thus, may lead to consequences on the
reliability level of a component. Within this work, a general model was proposed to define the distribution of
materials strength and consider the favourable effect of conformity control assessment on concrete compressive
strength by means of Bayesian statistics®. Over the recent years, this knowledge was extended and consolidated
in the work of Caspeele et al.’~> through the quantification of a so-called filtering effect, whose concept is
illustrated in Fig. 1. In a nutshell, the concept is the following: When components are subjected to a conformity
control assessment and, then, inspected lots are accepted or rejected, the average quality of outgoing lots (i.e.,
after acceptance by conformity control) are higher than the average quality of incoming lots (i.e., presented for
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Fig. 1. Illustration of the filtering effect from conformity control assessment (adapted from?).

conformity assessment)*=>. This filtering effect influences the stochastic characterisation of concrete compressive
strength.

To quantify the filtering effect, the incoming (i.e., original) statistical distribution of the (entire) population
of the property—in this case, concrete compressive strength—can be updated into an outgoing (i.e., updated)
statistical distribution of the accepted inspected lots*=°. In principle, due to this filtering effect from conformity
control inspection, the scatter of the outgoing distribution is reduced and the expected value is ameliorated
(i.e., the expected values have a tendency to increase). Then, when the outgoing statistical distribution of such
parameters is considered in structural reliability assessments, the reliability level derived with the outgoing
distribution might be higher than the reliability level derived with the incoming distribution (i.e., distribution
without the contribution of quality control). The potential of the filtering effect identified by Caspeele et al.>= is,
nowadays, particularly relevant to engineering design since it may enable the identification and further activation
of hidden safety margins (or reserves). When safety margins exist, partial safety factors can be adjusted without
compromising target reliability levels that are recommended in modern design codes as in EN 1990:2023'°
(e.g., reliability index 8 = 3.8, for a 50-year reference period and a reliability class RC 2 recommended for
residential buildings and offices). The activation of those reserves may facilitate resource and material design
optimisations''~!* and, thus, the reduction of greenhouse gas emissions of structural solutions—an ambitious
goal of the building and construction sectors across the World*%,

Albeit the groundbreaking nature of such preliminary work, in practice, not only concrete compressive
strength is subjected to conformity control assessment. Instead, other material or geometric properties (e.g., as
geometric dimensions, effective depth or, even, yield strength) that are also subjected to such control may influence
the structural resistance level. The effect of conformity control assessment when it is concurrently performed on
multiple properties was not considered in those preliminary studies. In this context, this investigation offers a
novel methodology that enables the consideration and quantification of parallel conformity control assessments
on distinct basic variables and open avenues to utilise such benefits to reduce partial safety factors without
compromise predefined target reliability levels offered in modern structural codes, as in'°. The underlying goal
is that the activation of safety margins through the reduction of partial safety factors may promote material
and resources efficiencies in early design stages. Furthermore, the stochastic models of concrete compressive
strength utilised in those preliminary investigations mostly follow a Normal or a Lognormal distribution. Recent
investigations conducted by Feiri et al.!® have demonstrated that a Log-Student-¢ distribution enables an accurate
stochastic description of concrete strength. By utilising a Log-Student-¢ distribution, the distribution parameters
can be Lognormal-Gamma-distributed, which is an advantage for the computation of the Bayes’ Theorem (part
of Bayesian statistics) further detailed in Section “Brief overview on the fundamentals of Bayesian statistics>°.
This enhanced stochastic model was also considered in the present investigation.

This manuscript is organised as follows: Sect. “Brief overview on the fundamentals of Bayesian statistics”
provides an overview on the fundamentals of Bayesian statistics. Section “Methodology to consider the filtering
effect of conformity control in reliability-based assessments” describes the methodology to consider the filtering
effect of conformity control in reliability-based assessments. The methodology is applied to a numerical example
described in Sect. “Numerical example”. Finally, Sect. “Conclusions” includes the main conclusions of this
investigation and offers new paths for future research work.

Brief overview on the fundamentals of Bayesian statistics

As briefly introduced in Sect. “Introduction’, Bayesian statistics form a suitable basis to update the distributional
parameters of material or geometric properties, enabling the quantification of the filtering effect of conformity
control, which can ultimately be considered in structural reliability assessments®~. The underlying principle
is that the parameters of a distribution for a basic variable X (e.g., concrete compressive strength, steel yield
strength or geometric properties) are assumed as random variables. For the cases that these parameters are
described through a two-parameter distribution (e.g., Normal or Lognormal distribution), both parameters of
the distribution—i.e., the expected value  and the standard deviation o—correspond to Normal or Lognormal
distributions. Since the parameters pu and o are regarded as random variables, they can be described by a
joint density function fu,s(p, o), with M referring to the mean and ¥ referring to the standard deviation
of the distribution function. Both parameters M and ¥ are associated to the conformity control criteria
under consideration. In the following, all the formulae are valid for a normally-distributed (i.e., with two
parameters) basic variable X.

The prior and posterior joint density functions refer to the functions before and after conformity control
assessment, i.e., '\ »(u,0) and f”y; 5(p, 0), respectively. The Bayes’ Theorem—one of the cornerstones
of Bayesian statistics—requires a Likelihood function L(u,o|I) to update a prior function with additional
information I into a posterior function. Additional information can be directly considered (e.g., experimental
test values on similar structures or components) or indirectly considered (e.g., findings reported in literature and/
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or expert input or engineering judgement). The posterior probability density function f”y; 5;(1, o) expressed
through Eqs. (1)—known as the Bayes’ Theorem—is strongly dependent on f'y; (1, 0) and L(p, o|I)":

7 _ fl(/[,E(Nv U) ~L(/.L,0’|[)
faslin.0) = Jrp o) L, oll) dyido ®

It should be highlighted that the choice of prior distribution in combination with the weight of the Likelihood
function (i.e., here defined through experimental data) affects the posterior distribution. Considerations on the
possible trends followed by these distributions are described in detail in'®'7.

Methodology to consider the filtering effect of conformity control in reliability-
based assessments

Based on a preliminary work presented in'’, a methodology is proposed to consider the filtering effect of
conformity control in reliability-based assessments (Fig. 2).

Step 1. Prior joint density function f'\; (1, o) of parameters

In this step, suitable prior information should be selected and characterised for the stochastic characterisation
of the property under analysis. Examples of such properties are concrete compressive strength and steel yield
strength as well as geometric properties as dimensions and effective depth. Prior information can be retrieved
from reference literature such as JCSS Probabilistic Model Code'®. For example, Table 1 lists the prior
hyperparameters m, n’, s’and v/’ available in JCSS Probabilistic Model Code for the stochastic characterisation of
ready-mixed concrete according to distinct concrete strength classes. Prior information on concrete compressive
strength can be found in other relevant literature or can be entirely tailor made based on the type of information
available. For example, in!'° a set of revised prior hyperparameters were proposed, which were derived on the
basis of a large dataset of experimental strength results available in Germany. Also, a set of generalised prior
parameters based on combined vague-informative prior information is offered in'® to be utilised when the
number of samples is limited.

Unlike the prior information available for concrete compressive strength, prior information for basic
variables is not always available. Typically, this is the case of steel yield strength or geometric properties. In
the absence of documented prior information, synthetic data can be generated providing that it follows the
stochastic nature of the property being investigated. To this, also the JCSS Probabilistic Model Code offers a
wide range of stochastic models for the most relevant basic variables. Also the recently introduced guideline
“Procedure for the derivation of safety factors in concrete structures using probabilistic methods” developed by
the German Committee for Structural Concrete (DAfStb) includes a set of stochastic models for relevant basic
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Fig. 2. Methodology to update the distributional parameters of properties and integrate them into reliability-
based assessments (adapted from'?).

Scientific Reports |

(2026) 16:8277 | https://doi.org/10.1038/s41598-026-42152-4 nature portfolio


http://www.nature.com/scientificreports

www.nature.com/scientificreports/

Prior

hyperparameters*)
Concretegrade (m’ |’ |s° |o/
C15 340 {3.0 |0.14 | 10
C25 3.65 (3.0 0.12 | 10
C35 3.85 (3.0 {0.09 | 10
C45 3.98 | 3.0 | 0.07 | 10
Cs5 I

Table 1. Prior hyperparameters for concrete strength distribution for ready-mixed concrete according to
JCSS Probabilistic Model Code'®. 7" mean value of an equivalent sample of size 7’ s standard deviation of an
equivalent sample of size ’+1. 1: degrees of freedom. (*) Hyperparameters for cylindric samples (reference
dimensions: 300 mm height and 150 mm diameter)

Pa A

m"

Fig. 3. Generic form of an OC curve>>152627,

variables?. Additionally, a wider range of literature including stochastic models for relevant basic variables is
available as, e.g.,"?!"2. Once data is generated, the so-called Maximum Likelihood Estimators (MLE) can be
utilised to derive new prior parameters for the function f ,M,E (1, @). The derivation of such estimators is further
detailed, for example, in®2°.

Step 2. Updated prior joint density function f'\; s (1, 0) of parameters (optional)

If experimental data is available (e.g., measured strength values or measured geometric dimensions), the
prior joint density function f’y; 5, (14, o) can be directly updated. More, if such prior information is available
in the direct form of data pairs of the sample parameters m; and s; from k samples, MLE®?® can be utilised to
update prior parameters for f’ .5 (1, 0). As mentioned in Step 2, the derivation of such estimators is further
detailed in®%.

Step 3. Conformity control criteria

In this step, specific conformity criteria shall be selected for the control of material and geometric properties.
These criteria can be retrieved from codes of practice, standards or even country-specific regulation (e.g., for
concrete compressive strength in DIN EN 206:2021%8 and in DIN 1045-2%, for reinforcing steel in DIN EN
10080:2005%° and DIN 488-6:2024°! and for geometric properties EN 13670:2011%%, and DIN 18202:2019%,
among others). Notwithstanding, bespoken conformity control criteria can be also established based on specific
conformity control requirements.

Step 4. Likelihood function L(, o|I)

The goal of this step is to determine the Likelihood function L(j, o|I) needed for the Bayes’ Theorem
expressed through Eq. (1). When conformity control criteria are utilised as described in Step 3, the quantification
of the filtering effect is rather straightforward through Operating Characteristics (i.e., OC functions or curves)
describing the discriminating capacity of the adopted criteria. An OC function P, (6) illustrates the probability
P, that an inspection lot characterised by a certain fraction defective 6 is accepted®>!>2%27, The term 0 refers
to the fraction of the population below a specified Acceptance Quality Level (also known as AQL) (e.g., the
5%-quantile of the theoretical distribution of concrete compressive strength)*%. An ideal OC function of a
“perfect” conformity control (i.e. no wrong decisions occur), which allows for a fraction defectives of 5% (e.g.,
for material strengths), is represented by the lines ABCD (Fig. 3). This can only be achieved if each individual
production unit is subjected to conformity control or if the hypothetical sample is infinitely large for continuous
processes in which the product cannot be discretely separated. For basic conformity criteria, analytical
expressions are available to compute the function Py (0)%!°. When combined or complex conformity criteria are
needed, Monte Carlo simulations can support the computation of Py (6)°.
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For those properties that are characterised by an attribute, such as geometric dimensions or effective depth,
the probability of acceptance P,(6) follows a distribution function (Bernoulli type), which is suitable for
independent samples®*°. In this case, the probability that in a n-sample taken from a lot will have at most k
defective items can be estimated as:

Pa(0) = (Z) oF . (1—0)"* @)

withk = 0,1 ..., n. Theprobability of acceptance P (0) of a defectivelot 0in the k|| plan is called the characteristic
of a single plan and the graph of dependency on 8 is the OC function (or curve). Further explanation regarding
the utilisation of OC functions for the conformity control of geometric properties is available in>*3°.
Step 5. Posterior joint density function f"\; 5, (1, o) of parameters

Here, the posterior joint density function f”y; 5;(1, o) shall be determined on the basis of Equation 1
through the combination of the prior function f’y; 5; (11, o) and the Likelihood function L(y, o|z). Frequently,
this step requires the utilisation of numerical simulation methods>®.
Step 6. Outgoing distribution function after conformity control

Once the effect of conformity control criteria is quantified, the predictive distribution of the material or
geometric property (i.e., basic variable X) can be estimated. By integrating over the parameters u and o, the
desired distribution of X—i.e., outgoing distribution function for the material or geometric property—can be
determined as the marginal function fx () of the posterior density function f"y; 5, (14, 0):

@ = [ [ pelne) seo) dudo 3)

When a basic variable X is Normally or Lognormally distributed, the distribution for 1+ and o can be described by
a Normal-gamma or Lognormal-gamma distribution and the marginal density is a Student’s- or Log-Student’s-¢
distribution'>!”. This function shall be further considered in reliability-based assessments®.
Step 7. Reliability-based assessment

This step aims to assess the influence of conformity control assessment on the level of structural reliability. To
this, reliability-based techniques, such as First- or Second Order Reliability Methods (i.e., FORM or SORM) and/
or Monte Carlo simulations—Crude or with variance reduction techniques as Importance Sampling or Subset
Sampling—can be utilised!*®. Robust statistical software tools are available such as those described in**-°.

Numerical example

General considerations

In this section, an axially loaded reinforced concrete column with square section under compression load was
extracted from®* and analysed with the aim to demonstrate how the described methodology can be applied to
the resolution of common structural engineering problems. For this purpose, the limit state function g(Z’) of a
column failure under compression is expressed as>*:

g(@)=0r-[(1—p) b h-ac-fetp-b-h-fy] =05 (G+Qs5) =0 4)

with the basic variables and respective stochastic models being described in Table 2.

To design a reinforced concrete member exposed to permanent and imposed load effects, EN 1990:201
provides the fundamental load combination for an accompanying action Q (e.g., Category A imposed load in
building construction)®*:

141

Ra = max{yg - Gk + 0,0 - 70 - Qu; § 76 - Gr + 70 - Qi) =

. (5)
max{1.35- G + 0.7-1.5-Q,; 0.85- 1.35 - G + 1.5- Q. }

For an economic design where the design value of the load effect corresponds to the design value of the resistance,
G and Qx can be calculated for a given resistance Nrq and a given load ratio y:

Qx
= 6
X= G +a, (6)
The influence of conformity control on f. and on b and h were investigated. The computational analysis was
conducted in TesiproV¥, an open-source software library developed in R*2. The reliability-based assessment
utilised a FORM method (Hasofer-Lind algorithm*3).

Analysis and results
Step 1. Prior joint density function f'y; 5;(1t, ) of parameters

In Step 1, the prior joint density functions f’y; 5;(, o) for the properties under analysis—i.e., concrete
compressive strength and geometric dimensions—were defined. The information for the prior distribution
of concrete compressive strength was retrieved from the JCSS Probabilistic Model Code'®. For the geometric
dimensions, synthetic data was generated fitting a probabilistic model given in JCSS Probabilistic Model Code
since neither a prior distribution is offered in reference literature nor experimental data is available as it is
detailed in Table 2.

Scientific Reports |

(2026) 16:8277 | https://doi.org/10.1038/s41598-026-42152-4 nature portfolio


http://www.nature.com/scientificreports

www.nature.com/scientificreports/

X Basic variable Dist. type | Nominal value X. | Expected value 1 Stand. deviation o,
fe Concrete compressive strength (MPa)(%) | LST fek Equation I Equation IT

fy Yield strength of reinforcing steel (MPa) | N fyk 500+2 o 30

b Width (mm)(® ST bom brom +0.003 brom |4+0.006 brom

h | Height (mm)® ST Bonom Bnom +0.003 hpom | 4+0.006 Apom

Pl Reinforcement ratio (=) Pl,nom Pl,nom 0.02 pr nom

G Permanent load (MN) N G (x, Nra) Gr 0.1 Gy

Q50 | Imposed load (MN) GU Qs50,6(X, Nra) |06 Qp 035 0.6 Qg

Or Resistance uncertainty (-) LN - 1.0 0.1

Op | Load effect uncertainties (-) LN - 1.0 0.1

Table 2. Probabilistic models for the basic variables based on**18. LST: Logstudent’s ¢-distribution; N: Normal
distribution; LN: Lognormal distribution; ST: Student’s ¢-distribution; GU: Gumbel distribution @The prior
hyperparameters of the distribution (Normal-Gamma) describing the distribution of the paramaters of
concrete compressive strengths (m’, n’, s’ and ') were interpolated from the prior information available in

JCSS Probabilistic Model Code!3. The expected value (Equation I) and standard deviation (Equation II) can
m/+0A5<s'2 m'+0A5-s/2

be calculated depending on these parameters: Equation I: 1y = ¢’ ; Equation IL: oy =e
\/em'+0.5:5"2 _ 1 (b) The prior hyperparameters describing the parameters of the Student’s ¢-distribution
f the external dimensions were calculated using MLE®? for a synthetic dataset with a sample size of N = 10

000 and a random sample size of n = 15. The synthetic samples were generated using random values from a
normally-distributed population with the above-listed stochastic parameters.

No. Type of deviation Description Permitted deviation A
Tolerance | Tolerance
Class 1 Class 2
see 10.1(2)
Notes
a
b A Cross-sectional
dimensions
Applicable to beams,
slabs and columns
f For (<150 mm +10 mm +5mm
= £ =400 mm +15 mm +10 mm
i
> 2500 mm + 30 mm +30 mm
=3
with linear
interpolation for
(- length of cross-sectional dimension | intermediate values
NOTE 1 For foundations, permitted plus-deviations shall be stated in the execution
specification, if required. Minus-deviations are as stated.
NOTE 2 Tolerances for special geotechnical concrete members cast directly into the ground
are not covered by this standard, e.g. slurry-walls, bored piles, etc. However. ordinary, normal
foundations cast directly onto the ground are covered (i.e. blindings etc.).

Fig. 4. Extract of conformity control criteria for cross-sectional properties based on DIN EN 13670:2011%2.

Step 2. Updated prior joint density function f'\; (1, o) of parameters (optional)

Step 2 was excluded from this numerical analysis since experimental data was not available.
Step 3. Conformity control criteria

In this step, conformity control criteria were selected for the properties under analysis. For the concrete
compressive strength, the criteria were extracted from DIN EN 206:2021%8 considering a continuous production
regime with Criterion 1 being fcm > for + 1.48 o and Criterion 2 being fe; > for — 4. Here, fem refers
to the mean value of concrete compressive strength samples of a production batch, f.r refers to the concrete
compressive strength of the target strength class and f; refers to the individual value of concrete compressive
strength sample of a production batch.

For the geometric dimensions, the provisions of DIN EN 13670:2011%* were considered concerning to
permitted deviation by means of Tolerance Classes 1 and 2 (Fig. 4).
Step 4. Likelihood function L(, o|I)

In this step, the Likelihood functions L(y, o|I) needed in Eq. (1) were estimated through OC functions.
Figure 5 illustrates the OC functions for both properties under analysis. For the concrete compressive strength,
since both multiple conformity control criteria needed to be evaluated (Step 4), the OC function required as the
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Fig. 5. OC curves for the concrete compressive strength and for the geometric properties (sampling plan 0 ||
20).
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Fig. 6. Incoming and outgoing distribution for the concrete compressive strength fe.

Likelihood function L(u, o|I) could not be analytically determined. Therefore, the probability of acceptance
P, () for discrete points 6 was approximated in a Monte Carlo simulation. This involved generating N = 100 000
fictitious samples (each with n = 15 test results), originated from a given distribution and parameters of the
distribution utilised with the respective proportion of defective units 6. Then, it was assessed whether both
conformity criteria were met. The ratio of the number of accepted samples to the total number of samples
provided the approximate P,(6). Then, the points between the discrete 6 values were interpolated. For the
geometric properties, a sampling plan was idealised consisting of 20 inspected items in a batch and zero defective
items (sampling plan 0 || 20) (Fig. 5). The OC function was determined through Eq. (2).

Step 5. Posterior joint density function " \; 5, (1, o) of parameters

In Step 5, the posterior joint density function f”y; 5;(1t, o) was computationally determined according to
Eq. (1).

Step 6. Outgoing distribution function after conformity control

In Step 6, the marginal function of the updated joint probability distributions was determined with Eq.
(3). Figure 6 illustrates the distributions without and with conformity control (i.e., incoming and outgoing
distributions, respectively) for an entire range of concrete compressive strengths f.r on the basis of DIN
EN 206:2021%8. Here, a continuous production was considered. For reference, a sample size of n = 15 values
and concrete compressive strength fci, value of 30 N/mm? were assumed. Figure 6 demonstrates that due to
conformity control, the standard deviation decreased from 5.81 N/mm? to 4.89 N/mm?2. The expected value
followed an inverse trend by increasing from 42.8 N/mm? to 44.0 N/mm?.

By using the OC functions for the Likelihood function in Eq. (1), the influence of conformity control
assessment on the geometric properties can be quantified. Figure 7 illustrates the prior distribution (i.e., without
conformity control assessment) and the posterior distribution (i.e., with conformity control assessment) for
the cross-section width b. The positive effect of conformity control assessment led to a decrease of the standard
deviation from 6.08 N/mm? to 4.69 N/mm?2. In this case, the expected values remain unchanged.

Step 7. Reliability-based assessment

The reliability-based assessment conducted in Step 7 confirms the positive influence of conformity control

assessment on the structural reliability level of the column being investigated for the entire range of concrete
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Fig. 7. Incoming and outgoing distribution for the column width b.
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Fig. 8. Variation of reliability index 3 on concrete compressive strength fcr with and without the filtering
effect of conformity criteria.

strength classes. To this, it was assumed that Anom and brom is equal to 300 mm, pg,nom is equal to 3% and the
load ratio Xnom is equal to 35%. Figure 8 demonstrates that by utilising the outgoing distribution (i.e., after
conformity control assessment), the reliability index f results higher than the /5 value determined with the
incoming distribution (i.e., before conformity control assessment). Depending on the parameter combination,
the reliability index 3 increases from 3% up to 10% due to conformity testing in accordance with DIN EN
206:2021%8.

A further investigation was conducted on the variation of the external dimensions when they are subjected
to conformity control assessment. To this, it was assumed that fcx nom is equal to 30 MPa, pi, nom is equal to 3%
and the load ratio Xnom is equal to 35%. From this investigation, the results suggest that conformity control on
the external dimensions has a marginal increase on the 3 value, which can be attributed to the small scatter of
the external dimensions compared to the scatter from concrete compressive strength (Fig. 9). Since the scatter
of the external dimensions has a minor influence on the overall scatter of the load-bearing capacity, a smaller
scatter of the external dimensions has a minimal influence on the calculation of the failure area from which the
probability of failures and reliability indices 3 are determined.

Figure 10 illustrates the variation of the reliability indices 3 for the reinforcement ratio pi,nom varying between
1% and 8%. From this illustration, it is visible that conformity control assessment has a positive influence on the
entire range of reinforcement ratios pi,nom. Yet, the influence is more prominent for small reinforcement ratios
than for large reinforcement ratios. For example, for a p; nom 0of 1% the 3 value increases from 4.5 to 5.1, while
for a p1,nom of 8%, the increase of the 3 value is marginal from 4.2 to 4.3.

Potential to reduce partial safety factors
The results discussed in Section 4.2 indicate that the effect of conformity control on concrete compressive
strength leads to higher reliability indices 3 than the target 5 value of 3.8, the reference value recommended in
EN 1990:2023'°. These results suggest that safety margins exist and can be activated through the reduction of
some partial safety factors.

Figure 11 illustrates the variation of y¢ from the default value of 1.5. Additionally, it demonstrates that
reducing the partial safety factor ¢ to 1.40 for all the considered parameter combination leads to, at least, the
same the reliability index 3 attained without conformity control assessment. Further reduction of the partial
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fck =30 MPa, Plnom = 3 %, Xnom = 35%

----- target reliability index 8
—— without quality control (QC)
—— with QC of f,

with QC of b and &
--- withQCof f., b and h
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200 300 400 500 600
External dimensions b 5, #nom (Mm)

Reliability index B (-)
20 25 3.0 35 40 45 50 55

Fig. 9. Variation of reliability index 3 on geometric variables b and h with and without the filtering effect of
conformity criteria.

Sk =30MPa, pyyom =3 %, Ynom =35 %

----- target reliability index 8
—— without quality control (QC)
—— with QC of f.

with QC of b and &
--- withQCof f., b and h

T T T T T T T
1 2 3 4 5 6 7 8
Reinforcement ratio pjpom (%)

Reliability index B (—)
20 25 3.0 35 40 45 50 55

Fig. 10. Variation of reliability index 8 on reinforcement ratio p; with and without the filtering effect of
conformity criteria.

hnom = bnom =300 mm, Plnom = 3 %, Xnom = 35%

----- target reliability index

—— without quality control (QC)

—— withQCof f,b andh —y-=1.50

—— withQCof f,, b and h —yc=1.40
with QC of f, b and h —y=1.30

T T T T T T

20 25 30 35 40 45
Concrete compressive strength f, (MPa)

Reliability index B (-)
20 25 3.0 35 40 45 50 55

Fig. 11. Variation of reliability index with the filtering effect of conformity criteria with respect to concrete
compressive strength f and variation of partial safety factors for concrete yc ..

safety factor yc to 1.30 appears to be feasible if the conformity control criteria follow the provisions of DIN
EN 206:2021%8. Since the influence of the conformity control assessment on b and h on the outgoing reliability
index 3 appears to be negligible, conformity control on the variables b and 4 is, in this case, not necessary for a
reduction of yc.
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Discussion on further opportunities to leverage structural reliability margins through the
methodology

The findings of this investigation indicate that the influence of conformity control assessment on the reliability
level of structural components varies according to the property being investigated. Additionally, it varies
according to the selected conformity control criteria. This suggests that the positive effect of conformity control
assessment may be even more pronounced if it is derived from stringent conformity control criteria. This
influence might also vary according to the structural member and failure mode being analysed and, therefore,
further investigations shall be conducted in this direction.

Another aspect to consider concerns the influence of autocorrelation. Previous studies suggest that
autocorrelation is present when a large set of results of consecutive tests are conducted due to the manufacturing
process since basic factors that contribute to the scattering of the material or geometric properties remain
constant over a certain period of time. For example, autocorrelation of concrete compressive strength is due
fundamental factors contributing to the variation of concrete compressive strength such as cement strength,
moisture content, and aggregate particle size distribution. For other basic variables (e.g., geometric parameters),
statistical methods (e.g., Durbin-Watson test****) must be utilised to evaluate whether autocorrelation effects
need to be taken into account. The autocorrelation effect can be quantified, for example, by using a second order
autoregressive time series model>°,

From a practical perspective, the most prominent challenge affecting the efficiency of the described
methodology concerns the lack of experimental data available to update the prior joint density function of
the distribution parameters .f "M, (1£,0). In the case of concrete compressive strength, the available prior
information is based on strength data collected during the 1960s%’. Yet, since the concrete technology has
significantly progressed over the last few decades*®*, it can be assumed that the variation of modern concretes
might be considerably lower than the one currently considered in reference documents. Thus, it is presumed that
the estimated structural reliability might be somewhat conservative, i.e., the probabilities of failure and reliability
indices may be overestimated. With more recent data, the calculations can be carried out with enhanced accuracy,
thereby, increasing the potential to reduce partial safety factors. Similar limitations affect geometric data since
open databases of geometric measurements are somewhat limited and, thus, prior information rely exclusively
on artificially-generated data.

Conclusions
The present investigation led to the following conclusions:

« A methodology based on a Bayesian statistics and reliability-based principles is offered enabling the quanti-
fication of the filtering effect of conformity control assessments, which can be further considered in reliabili-
ty-based analyses of structural components.

o The practical application of the methodology was demonstrated through a numerical example. Depending on
the assumptions adopted in this example, the results indicated the following:

o The filtering effect of conformity control assessment on concrete compressive strength may increase the
reliability level of the component up to 10%.

« Even though conformity control on the geometric properties led to negligible effects in the outgoing re-
liability level, the influence of conformity control on the geometric accuracy (e.g., geometric dimensions,
location of reinforcement) may, nevertheless, be more expressive in different structural problems.

« This increase indicates that the partial safety factor for concrete yc may be reduced from 1.50 to 1.30,
thereby, suggesting that resources and material efficiencies might be feasible already in early design stages.

« The results suggest that the Bayes’ Theorem included in the stochastic approach remains a suitable basis to up-
date prior distributions provided that additional information from conformity control assessment is available.

Further investigations should be conducted to overcome the limitations of the proposed methodology. To this,
the influence of tailor made—and, if possible, stringent—conformity control criteria applied to multiple material
and geometric properties shall be investigated. Also, mathematical optimisations of the assessment approach,
such as the consideration of the autocorrelation effect, are idealised. Due to major challenges concerning in-
situ data (e.g., geometric properties), the potential to integrate conformity control strategies, reliability-based
assessments and modern digital tools shall continue to be studied. For the methodology, further investigations
can be conducted on the sensitivity of the results to the choice of prior distributions. Outside the scope of the
proposed methodology, the influence of conformity control criteria on structural components made of modern
concretes (i.e., low carbon concrete) shall be addressed. The extent to which resources and material efficiencies
can be attained shall be thoroughly evaluated alongside the quantification of greenhouse gas emissions. Finally,
integrating time-dependent effects in the proposed methodology, thereby, enabling a lifecycle reliability of
structural systems through frameworks as®*>! should be considered in future research activities.
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Received: 9 January 2026; Accepted: 24 February 2026
Published online: 06 March 2026

Scientific Reports |

(2026) 16:8277 | https://doi.org/10.1038/s41598-026-42152-4 nature portfolio


http://www.nature.com/scientificreports

www.nature.com/scientificreports/

References

1. Melchers, R. E. & Beck, A. T. Structural Reliability Analysis and Prediction (Wiley, 2018).

2. Nowak, A. S. & Collins, K. R. Reliability of Structures (CRC Press, 2012).

3. Caspeele, R. Probabilistic Evaluation of Conformity Control and the Use of Bayesian Updating Techniques in the Framework of Safety
Analyses of Concrete structures (Ghent University, 2010).

4. Caspeele, R,, Sykora, M. & Taerwe, L. Influence of quality control of concrete on structural reliability: Assessment using a Bayesian
approach. Mater. Struct. 47, 105-116. https://doi.org/10.1617/s11527-013-0048-y (2014).

5. Caspeele, R. & Taerwe, L. Numerical Bayesian updating of prior distributions for concrete strength properties considering
conformity control. Adv. Concr. Constr. 1(1), 85-102. https://doi.org/10.12989/acc.2013.1.1.085 (2013).

6. Rackwitz, R. Predictive distribution of strength under control. Matér. Constr. 16, 259-267. https://doi.org/10.1007/BF02473691
(1983).

7. Rackwitz, R. & Schrupp, K. Quality control, proof testing and structural reliability. Struct. Saf. 2(3), 239-244. https://doi.org/10.10
16/0167-4730(85)90030-X (1985).

8. Rackwitz, R. Zur Vergleichbarkeit der Priifvorschriften fiir Beton anhand von Testcharakteristiken/ On the comparability of
acceptance tests for concrete by operation characteristics/ Comparaisons des réglements pour la verification de la qualité du béton
avec des caracteristique operationelles. Mater. Test. 20(6), 230-232. https://doi.org/10.1515/mt-1978-200609 (1978).

9. Rackwitz, R. Die Anwendung der Bayesschen statistischen Entscheidungstheorie auf Probleme der Qualititskontrolle von Beton.
Sonderforschungsbereich 96. Technische Universitit Miinchen (1976).

10. German Institute for Standardisation.: EN 1990:2023—Basis of structural desgin. Berlin, Germany: German Institute for
Standardisation.

11. Feiri, T., Kuhn, S. & Ricker, M. Saving materials through reduced partial safety factors: A case study on a multi-storey commercial-
office building. In: FIB International Conference on Concrete Sustainability. Springer. p. 500-508 (2024).

12. Holicky, M. & Sykora, M. Reliability approaches affecting the sustainability of concrete structures. Sustainability 13(5), 2627.
https://doi.org/10.3390/su13052627 (2021).

13. Poutanen, T. Code calibration of the Eurocodes. Appl. Sci. 11(12), 5474. https://doi.org/10.3390/app11125474 (2021).

14. Programme UNE. Not just another brick in the wall: The solutions exist. Scaling them will build on progress and cut emissions fast.
Global Status Report for Buildings and Construction 2024/2025.

15. Feiri, T., Kuhn, S., Wiens, U. & Ricker, M. Updating the prior parameters of concrete compressive strength through Bayesian
statistics for structural reliability assessment. Structures 58, 105636. https://doi.org/10.1016/j.istruc.2023.105636 (2023).

16. Diamantidis, D., Tanner, P., Holicky, M., Madsen, H. O. & Sykora, M. On reliability assessment of existing structures. Struct. Saf.
113, 102452. https://doi.org/10.1016/j.strusafe.2024.102452 (2025).

17. Feiri, T. et al. Statistical procedures to quantify the influence of quality control in component properties: A methodology for
structural safety assessments. ce/papers 8(3-4), 97-107. https://doi.org/10.1002/cepa.3330 (2025).

18. Commitee on Structural Safety J. JCSS Probabilistic Model Code. Available from: https://www.jcss-lc.org.

19. Caspeele, R. & Taerwe, L. Bayesian assessment of the characteristic concrete compressive strength using combined vague-
informative priors. Constr. Build. Mater. 28(1), 342-350. https://doi.org/10.1016/j.conbuildmat.2011.08.065 (2012).

20. Feiri, T., Schulze-Ardey, J. P., Wiens, U,, Ricker, M. & Hegger, J. A guideline for probability-based structural design: Cornerstones
and principles. In: 20th International Probabilistic Workshop. Springer. pp 315-323 (2024).

21. Vrouwenvelder, T., Dimova, S., Sousa, M.L. & Markova, J. Reliability background of the Eurocodes. JRC report: JRC139110.
110.2760/9482837 (2022).

22. Sykora, M. et al. Probabilistic models for resistance variables in fib Model Code 2020 for design and assessment. Acta Polytech.
CTU Proc. 36, 206-215 (2022).

23. Baravalle, M. Risk and Reliability Based Calibration of Structural Design Codes: Principles and Applications (NTNU—Norwegian
University of Science and Technology. Trondheim, Norway, 2017).

24. Voigt, J. Beitrag zur Bestimmung der Tragfahigkeit bestehender Stahlbetonkonstruktionen auf Grundlage der Systemzuverlassigkeit
(Universitat Siegen, 2014).

25. Pohlmann, S. & Rackwitz, R. Zwei Schitzprobleme bei Gauss’schen Folgen. Berichte zur Zuverlissigkeitstheorie der Bauwerke.
Heft 53. Sonderforschungsbereich 96. Technische Universitit Miinchen (1981).

26. Feiri, T., Schulze-Ardey, J., Ricker, M. & Hegger, ]. Using system reliability concepts to derive partial safety factors for punching
shear with shear reinforcement: An explorative analysis. Appl. Sci. 13(3), 1360. https://doi.org/10.3390/app13031360 (2023).

27. Chorafas, D. N. Operating characteristics curves. In: Quality Control Applications. Springer. pp 187-207 (2012).

28. German Institute for Standardisation. DIN EN 206:2021—Concrete—Specification, Performance, Production and Conformity;
German Version EN 206: 2013+ A2:. Berlin, Germany: German Institute for Standardisation (2021).

29. German Institute for Standardisation. DIN 1045-2:2023—Tragwerke aus Beton, Stahlbeton und Spannbeton—Teil 2: Beton.
Berlin, Germany: German Institute for Standardisation.

30. German Institute for Standardisation. DIN EN 10080—Steel for the reinforcement of concrete. Weldable reinforcing steel—
General; German version EN 10080:2005. Berlin, Germany: German Institute for Standardisation.

31. German Institute for Standardisation. DIN 488-6—Reinforcing steel—Part 6: Assessment of conformity. Berlin, Germany:
German Institute for Standardisation.

32. German Institute for Standardisation. DIN 13670—Execution of concrete structures; German version EN 13670:2009. Berlin,
Germany: German Institute for Standardisation.

33. German Institute for Standardisation. DIN 18202—Tolerances in building construction—Buildings. Berlin, Germany: German
Institute for Standardisation.

34. Skrzypczak, I. Statistical quality inspection methodology in production of precast concrete elements. Materials 16(1), 431. https:/
/doi.org/10.3390/mal16010431 (2023).

35. Feiri, T. et al. Using Operating Characteristic curves to quantify the effect of quality control on geometric properties in structural
members: Use case for structural reliability assessments. ce/papers 8(3-4), 282-288. https://doi.org/10.1002/cepa.3331 (2025b).

36. Ricker, M., Feiri, T. & Nille-Hauf, K. Contribution to efficient structural safety assessments: A comparative analysis of computational
schemes. Probab. Eng. Mech. 69, 103285. https://doi.org/10.1016/j.probengmech.2022.103285 (2022).

37. Nille-Hauf, K., Feiri, T. & Ricker, M. Tesiprov: Calculation of reliability and failure probability in civil engineering. R package
Version 09.1 (2022).

38. Ellingwood, B. et al. Development of methods of structural reliability. Struct. Saf. 113, 102474. https://doi.org/10.1016/j.strusafe.2
024.102474 (2025).

39. Novék, D., Radoslav, R. & Vorechovsky, M. FREeT. Feasible reliability engineering tool. Version 1.7. http://www.freet.cz.

40. Marelli, S. & Sudret, B. UQLab: A framework for uncertainty quantification in Matlab. In: Vulnerability, uncertainty, and risk:
quantification, mitigation, and management. pp. 2554-2563 (2014).

41. German Institute for Standardisation.: EN 1990:2002 + A1:2005/AC:2010—Basis of structural desgin. Berlin, Germany: German
Institute for Standardisation.

42. R Core Team. R: A Language and Environment for Statistical Computing. Vienna, Austria.

43. Hasofer, A. M. An exact and invarient first order reliability format. J. Eng. Mech. Div. Proc. ASCE 100(1), 111-121. https://doi.org/

10.1061/JMCEA3.0001848 (1974).

Scientific Reports |

(2026) 16:8277

| https://doi.org/10.1038/541598-026-42152-4 nature portfolio


https://doi.org/10.1617/s11527-013-0048-y
https://doi.org/10.12989/acc.2013.1.1.085
https://doi.org/10.1007/BF02473691
https://doi.org/10.1016/0167-4730(85)90030-X
https://doi.org/10.1016/0167-4730(85)90030-X
https://doi.org/10.1515/mt-1978-200609
https://doi.org/10.3390/su13052627
https://doi.org/10.3390/app11125474
https://doi.org/10.1016/j.istruc.2023.105636
https://doi.org/10.1016/j.strusafe.2024.102452
https://doi.org/10.1002/cepa.3330
https://www.jcss-lc.org
https://doi.org/10.1016/j.conbuildmat.2011.08.065
https://doi.org/10.3390/app13031360
https://doi.org/10.3390/ma16010431
https://doi.org/10.3390/ma16010431
https://doi.org/10.1002/cepa.3331
https://doi.org/10.1016/j.probengmech.2022.103285
https://doi.org/10.1016/j.strusafe.2024.102474
https://doi.org/10.1016/j.strusafe.2024.102474
http://www.freet.cz
https://doi.org/10.1061/JMCEA3.0001848
https://doi.org/10.1061/JMCEA3.0001848
http://www.nature.com/scientificreports

www.nature.com/scientificreports/

44. Ali, M. M. Durbin-Watson and generalized Durbin-Watson tests for autocorrelations and randomness. J. Bus. Econ. Stat. 5(2),
195-203. https://doi.org/10.1080/07350015.1987.10509578 (1987).

45. Farebrother, R. W. The Durbin-Watson test for serial correlation when there is no intercept in the regression. Econ. J. Econ. Soc.
https://doi.org/10.2307/1912825 (1980).

46. Taerwe, L. The influence of autocorrelation on OC-lines of compliance criteria for concrete strength. Mater. Struct. 20(6), 418-427.
https://doi.org/10.1007/BF02472492 (1987).

47. Riisch, H. et al. Statistische Analyse der Betonfestigkeit. Beuth (1968).

48. Aitcin, P. C. Cements of yesterday and today: Concrete of tomorrow. Cem. Concr. Res. 30(9), 1349-1359. https://doi.org/10.1016/
S0008-8846(00)00365-3 (2000).

49. Somerville, G. Cement and concrete as materials: Changes in properties, production and performance. Proc. Inst. Civ. Eng. Struct.
Build. 116(3), 335-343. https://doi.org/10.1680/istbu.1996.28746 (1996).

50. Biondini, F. & Frangopol, D. M. Life-cycle performance of deteriorating structural systems under uncertainty. J. Struct. Eng. 142(9),
F4016001. https://doi.org/10.1061/(ASCE)ST.1943-541X.0001544 (2016).

51. Biondini, F, Bontempi, E, Frangopol, D. M. & Malerba, P. G. Probabilistic service life assessment and maintenance planning of
concrete structures. J. Struct. Eng. 132(5), 810-825. https://doi.org/10.1061/(ASCE)0733-9445(2006)132:5(810) (2006).

Acknowledgements
The financial support from the Deutsches Institut fiir Bautechnik (DIBt) (Reference P 52-5-21.3.3-2109.24) is
gratefully acknowledged by the Authors.

Author contributions

TL: Data curation, Formal analysis, Investigation, Methodology, Analysis, Software, Validation, Visualization,
Writing—Review and Editing. TF: Formal analysis, Investigation, Validation, Visualization, Writing - Original
Draft, Writing—Review and Editing. JSA: Investigation, Validation. JH: Conceptualization, Funding acquisition,
Resources, Project administration, Supervision. MC: Validation, Resources, Project administration, Supervi-
sion. MR: Conceptualization, Formal analysis, Validation, Visualization, Writing—Review and Editing, Super-
vision, Project administration, Funding acquisition, Resources.

Funding
Open Access funding enabled and organized by Projekt DEAL.

Declarations

Competing interests
The authors declare no competing interests.

Additional information
Correspondence and requests for materials should be addressed to T.F.

Reprints and permissions information is available at www.nature.com/reprints.

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in published maps and
institutional affiliations.

Open Access This article is licensed under a Creative Commons Attribution 4.0 International License, which
permits use, sharing, adaptation, distribution and reproduction in any medium or format, as long as you give
appropriate credit to the original author(s) and the source, provide a link to the Creative Commons licence, and
indicate if changes were made. The images or other third party material in this article are included in the article’s
Creative Commons licence, unless indicated otherwise in a credit line to the material. If material is not included
in the article’s Creative Commons licence and your intended use is not permitted by statutory regulation or
exceeds the permitted use, you will need to obtain permission directly from the copyright holder. To view a copy
of this licence, visit http://creativecommons.org/licenses/by/4.0/.

© The Author(s) 2026

Scientific Reports |

(2026) 16:8277 | https://doi.org/10.1038/s41598-026-42152-4 nature portfolio


https://doi.org/10.1080/07350015.1987.10509578
https://doi.org/10.2307/1912825
https://doi.org/10.1007/BF02472492
https://doi.org/10.1016/S0008-8846(00)00365-3
https://doi.org/10.1016/S0008-8846(00)00365-3
https://doi.org/10.1680/istbu.1996.28746
https://doi.org/10.1061/(ASCE)ST.1943-541X.0001544
https://doi.org/10.1061/(ASCE)0733-9445(2006)132:5(810)
http://creativecommons.org/licenses/by/4.0/
http://www.nature.com/scientificreports

	﻿Promoting structural sustainable design through the influence of quality control assessments
	﻿﻿Brief overview on the fundamentals of Bayesian statistics
	﻿﻿Methodology to consider the filtering effect of conformity control in reliability-based assessments
	﻿﻿Numerical example
	﻿General considerations
	﻿Analysis and results
	﻿Potential to reduce partial safety factors
	﻿Discussion on further opportunities to leverage structural reliability margins through the methodology

	﻿﻿Conclusions
	﻿References


