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Abstract

The embodied emissions of buildings are expected to be limited in European Union (EU)
countries; while the energy consumption of buildings is decreasing, their material footprint
is becoming more significant. This article presents the results of the analysis of the embodied
emissions of single-family houses, depending on their shape features and the types of
construction materials used. Analysis of variance (ANOVA), Shapiro-Wilk’s test, the
Kruskal-Wallis test, and Classification and Regression Trees (C&RT) are used to analyze a
deterministic design-space database comprising over 35 thousand calculated scenarios and
rank the importance of the houses’ features. The unit emissions (per square meter, per year)
and life-long emissions of the houses are analyzed and discussed, considering the areas
of the houses, their shapes, and the materials used for their construction. In planning to
limit CO,e embodied emissions, the recommendation to use life-long emissions in building
assessments (to achieve better sustainability) is worked out and proved.

Keywords: embodied emissions; global warming potential; civil engineering;

sustainable design

1. Introduction

Buildings in the EU are responsible for the highest level of raw material consumption.
Under the EU Climate Law, members of the European Union are striving for climate neu-
trality by 2050, a goal that is likely to have the highest level of influence on the construction
business in the coming years.

Buildings in the EU are also responsible for approx. 40% of the energy consumption
total and 36% of energy-related greenhouse gas emissions [1]. Approx. 26% of these
emissions are operational (produced during the exploration phase). The rest are embodied
emissions, which are emissions associated with construction materials—from extraction,
manufacturing, construction, and maintenance to the disposal phase. Over the last few
years, EU legislation focused on improving the energy efficiency of buildings. Thanks to
these regulations, new buildings consume less energy. The share of renewable energy in
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the EU’s gross final energy consumption reached 26.2% in 2025, according to provisional
Eurostat data [2]. This leads to the fact that, for up-to-date buildings, embodied and
operational emissions are often already equal [3]. With the new EPBD directive [4], the
European Commission aims to reduce energy consumption in buildings, increase the share
of renewable energy, and improve the energy standard of existing buildings. The directive
also requires life cycle GWP to be calculated and disclosed for new buildings with a useful
floor area exceeding 1000 m? from 2028 and for all new buildings from 2030 [4]. All
these activities will increase the significance of embodied emissions, which are expected to
become a more critical aspect of sustainable construction. Embodied emissions have been
the subject of many scientific papers [3,5-9]. Recent research also applies machine learning
to both emission categories; Zhang et al. [10] investigated operational emissions in urban
community service units, while Fenton et al. [11] and Su et al. [12] developed approaches
to predict embodied emissions.

Some countries have already implemented a commitment to calculate whole-life carbon
(WLC) emissions (Denmark, Finland, France, the Netherlands, and Sweden). With the new
CPR regulation [13], manufacturers of construction materials will be obliged to declare the
CO,e footprint of a material in its declaration of performance, in preparation for the potential
requirements of obligatory LCAs for buildings in the future. Denmark, the Netherlands,
and France have already set up threshold values for CO,e. These requirements refer to
1 square meter of the building, similarly to the requirements for maximum primary energy
consumption in other EU countries.

Existing studies address energy efficiency and promising low-carbon materials [3,6].
Recent research also examines the respective roles of material quantities and low-carbon
material selection [14]. Recent studies have examined residential embodied carbon bench-
marks and the influence of building geometry [15-17]. Further analysis is needed to
evaluate the influence of building size, compactness, and sets of different construction
materials simultaneously over the life cycle period. Furthermore, the critical contrast
between absolute total emissions and emissions normalized by floor area is still insuf-
ficiently explored [7,8]. Although recent product-stage research identifies this relation-
ship [17], its implications over longer life cycle periods remain insufficiently explored; larger
houses may generate higher total life-long emissions (LL50) while achieving lower unit
emissions (U50).

As a result of this research gap, it is not clear to policymakers and designers as to which
factors have the highest influence on the total CO,e footprint. Without an explanation of
these factors, future regulations focused only on floor-area-normalized unit emissions may
lead to undesirable outcomes. Because it is mathematically easier to meet per-square-meter
limits in larger houses, such regulations could create an unintended incentive to design
larger buildings, which would ultimately increase absolute greenhouse gas emissions.
However, developer behavior is not modeled here, making this a potential regulatory
consequence requiring further investigation. Meanwhile, filling the research gap on total
CO,e footprint factors by analyzing an extensive database of single-family house variants
allows us to present data-driven evidence supporting the contribution of this study, which
is the recommendation that limiting absolute life-long total emissions should be preferred
over limiting unit emissions in order to effect true sustainability.

This article aims to analyze the CO,e footprint of different types of buildings combined
with different sets of construction materials. Single-family houses are taken into account, as
it is this market segment in which the authors estimate, based on the Polish market, that
45-50% of all masonry units produced are supplied [18,19]. The article presents which
building elements influence the embodied CO,e emissions and describes why total (not
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per unit) emissions are also crucial for sustainable buildings. The article is focused on the
following intermediate issues:

- Comparing the life-long and the unit embodied CO,e emissions of houses with
different areas.

- Assessing the influence of the shape and size of the building vs. the influence of the
construction materials on the unit and life-long emissions.

Explaining them through the presented calculations and discussing them considering
the clients” approach allows for reasoning about which factors should be limited (by the
regulations) to protect the environment more.

2. Materials and Methods
2.1. Materials

The database for an article consists of two databases combined. The first database
contains the surface areas of individual partitions for various building types. The database
was originally used for cost estimation and was implemented in 2018 as a web service [20].
Originally, the database included data for single-family houses with a total area of 40 to
400 m2. For this article, we analyze houses with areas of 40, 70, 100, 120, 150, 180, 200,
240, and 300 m?. In this study, floor area refers to the gross floor area. To ensure the
functional equivalence of the compared houses, all analyzed variants provide the same
basic residential function for single-family housing. Furthermore, as described later in this
section, all structural and material configurations are determined to cover the exact same
thermal requirements, ensuring that the buildings are functionally equivalent in terms
of energy performance standards. For each area, 12 types of buildings are analyzed, as
surfaces of partitions (thus embodied CO,e emissions) strongly depend on the number of
floors, types of roofs, and complexity of the shape. The types of buildings analyzed are
shown in Figure 1. The simple structure was a rectangular footprint with a constant width-
to-length ratio of 0.8 (where the base length is calculated as L = y/GrossFloorArea/0.8). The
medium structure was an L-shaped building with a garage protruding from the main body;,

geometrically modeled by subtracting a constant 5.5 m? from the rectangular footprint and
applying an adjusted perimeter multiplier. To ensure the reproducibility of calculations,
the architectural model incorporates strict geometric assumptions. The standard storey
height is set to 2.8 m for each full level. The window-to-wall ratio (WWR) is defined as 20%
for all bungalow and two-storey buildings, 15% for houses with an attic and a gable roof,
and 10% for houses with an attic and an envelope roof. The roof slope is fixed at 25° for
bungalow houses with gable roofs and 40° for houses with an attic. Based on 9 gross floor
area categories and 12 distinct building geometries, 108 base building types were defined.

Type of the building Type of the roof Type of the structure
bungalow flat
simple
with attic gable
medium
with one storey envelope

Figure 1. Types of analyzed buildings.

The second database consists of building materials.
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Foundation

Concrete slab
with XPS
insulation

Foundation
walls with
concrete

footings and

The materials used for calculation were the most popular for single-family houses in
Poland. All variants are determined to meet the thermal requirements stated in national
regulations [21]. Only common variants were combined, as shown in Figure 2. The more
detailed description of the layers is shown in Appendix A.

External walls Insulation Internal walls Partition walls Ceiling Roof Life cycle
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Figure 2. Combination of construction materials used for building simulations.

Service life was assumed according to the [22] guidelines for each layer, and the specific
replacement intervals applied to the respective components are summarized in Appendix A.

For analysis, the following modules are used:

Al: Raw material supply;

A2: Transport of raw material;

A3: Manufacture of the construction products;

B1: Use;

B4: Replacement;

C3: Waste processing;

C4: Waste disposal.

It should be pointed out that this selection of modules focuses strictly on embodied
emissions. Terminology such as “life-long emissions” used in this study refers only to the
sum of these specific modules over the assumed timeframe. It does not constitute a complete
whole-life carbon (WLC) assessment, because operational carbon (e.g., module B6—energy
use) is explicitly excluded. This boundary is maintained to keep a clear distinction between
the materials” embodied emissions and the building’s operational energy consumption.

It should also be pointed out that the data does not contain all products in the market,
so the obtained calculations should be treated as estimates only. For example, only two
EPDs are available for clay—one for monolithic elements with insulation in hollows and the
second for standard blocks with density 575 kg/m?, that is majority of elements available on
the market having higher density. The results show a significant influence from module B1,
in which elements containing lime or cement have recarbonation calculated. Calculation
of module B4 may also have a considerable impact, as it is essential to know how often
particular materials need replacing.

All materials were calculated for 3 service life periods: 50, 70, and 100 years. Fifty years
of service life results from the new EPBD directive. This likely reflects European standards,
where 50 years is the service life of residential buildings [23]. It does not mean that the
building will exist only for an assumed period; rather, it is the time after which renovation
may be required. Two other periods were analyzed as, in 2021, the age of 38% of residential
buildings in Poland exceeded 50 years [24]. Regarding sustainability, buildings should be
designed for a more extended period.
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It should be pointed out that this study is a deterministic design-space analysis. The
true unit of analysis is a calculated scenario, not an independent statistical observation of
an existing building. In this article, a design “variant” means a feasible combination of a
building shape and construction materials. A calculated “scenario” is a variant calculated for
a specific life cycle period (50, 70, or 100 years). The combinations were generated according
to strict component-existence and structural compatibility rules. First, the 9 gross floor areas
were combined with 12 building geometries, providing 108 base architectural types. Next,
they were combined with the material configurations shown in Figure 2. The algorithm
filtering the design-space database excluded structurally or architecturally incompatible
combinations to ensure realistic models. For instance, specific roof finishes were strictly tied
to their geometric types; flat roof layers (e.g., EPDM membranes) were exclusively assigned
to flat roof geometries, whereas sloping roofs with ceramic tiles were assigned solely to
gable or envelope geometries. Furthermore, structural safety exclusions were applied, such
as preventing the placement of heavy reinforced concrete roofs or ceilings on light wood-
frame walls. This algorithmic filtering procedure resulted in exactly 1323 admissible and
structurally feasible material-geometry combinations for each of the 9 house-area groups.
Consequently, the total number of valid design variants exactly amounts to 11,907 (9 area
groups x 1323 variants). Calculated for 3 life cycle periods, the final database consists of
35,721 deterministic scenarios.

Environmental product declarations for particular materials were obtained from on-
line databases [25-27]. As EPDs from different sources may differ significantly, a basic
harmonization and selection procedure was applied to ensure the comparability of the data.
First, only valid declarations based on the EN 15804 standard [28] and relevant Product
Category Rules (PCR) were selected. To ensure geographical consistency, EPDs repre-
senting materials produced in Germany and Poland were prioritized, which allowed for a
relatively consistent assumption regarding the electricity mix and production technology.
Next, the declared units from various EPDs were recalculated to match the specific volume
or area of the partitions analyzed in this study, taking into account the typical density and
moisture content of the materials used. Despite this selection process, it must be noted that
combining several databases always carries a risk of minor methodological discrepancies,
such as differences between EN 15804+ A1 and +A2 [28,29] versions or the specific treat-
ment of biogenic carbon. These factors are considered an inherent limitation of the current
EPD system.

2.2. Methods
2.2.1. Assessing Means of Samples with ANOVA

The created set of data allows for many analyses. Initially, the analysis of variance
(ANOVA) [30] was selected to compare the groups of houses’ structures against the total
built-in emission and the unit CO,e emission. ANOVA was successfully applied to many
problems, e.g., in [31-33]. The statistics F is calculated there and compared to F, (read
from Fisher’s distribution), which depends on the assumed confidence level «, df btw’ and
df .- Degrees of freedom (df,,, and df, ,) are defined as:

df,., =k-1 (1)

df,,, =n—k (2)

where
n is the total number of cases in all samples;
k is the number of different samples to which the sample cases belong.
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The null hypothesis H, (about the equality of means calculated for each sample) cannot
be rejected only if F < F,. The application of ANOVA requires the following conditions to
be met [34,35]:

- Independence of random variables for each population;

- Measurability of variables;

- Normality of distribution of random variables in each population;
- Variance homogeneity in all populations.

Based on [36], it can be stated that the independence and the measurability of all cases
in the created database are provided. The powerful test of normality [37] of the sample
is the Shapiro-Wilk test [38]. It is applied in a variety of analyses, e.g., in [39,40]. The
following hypotheses are tested there:

H,. Values of the examined parameter are normally distributed.
H,. The distribution of these values is not normal.

The statistics W is calculated for this test based on the formula:

W [Z?jam(xn—iﬂ - X(i>)]2 3)
T (= %)’

where

x;,—non-ordered values in the sample;

x—Vvalues in the sample ordered increasingly;

X—mean value;

n—number of values in the sample;

n/2—total part of n divided by 2;

a, —tabularized coefficient dependent on 7.

Then, the calculated test statistics W is compared to the theoretical W,;,, which depends
on 1 and the confidence level a. If W > W, there is no reason to reject the null hypothesis H,
(about the normal distribution of the sample). The Statistica 13 software (by Tibco), instead
of W comparison, returns the p value. If p > a, then also W > Wy,. So, the normality is
confirmed then. This confirmation is necessary before confirming the ANOVA application’s
last condition, i.e., the homogeneity of variances of the compared samples. It can be done
with Levene’s test [41], which was widely discussed, e.g., [42,43], and successfully applied,
e.g., in [44,45]. Similarly to ANOVA, the W statistics is compared to the theoretical value
based on Fisher’s distribution F, which is confidence level &, and degrees of freedom, i.e.,
k —1and n — k dependent. However, the test statistics is calculated based not on x;; values
(like in ANOVA) but based on the z;; values calculated as

Zj; = ‘xij - x_1| (4)

where

x;; is a j value in i sample;

X, is mean value in i sample;

Z; is a mean value of z;; in i sample, given by the following formula:

If W > F, the null hypothesis is accepted (about the homogeneity of variances) of
analyzed samples.

However, during analyses, it has occurred that, for the majority of attempts to com-
pare the subsets of the prepared database, the normal character of the subsets cannot be
confirmed with Shapiro-Wilk’s test (see the exemplary result in Table 1).
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Table 1. Shapiro-Wilk’s test results.

House Area Number of Types of Houses’ Structures  Value W (Shapiro-Wilk Test) p Value
40U 1322 0.993617 0.000019
40LL 1322 0.993617 0.000019
70U 1323 0.977881 0.000000
70 LL 1323 0.977881 0.000000
100U 1322 0.969347 0.000000

100 LL 1322 0.969347 0.000000
120U 1323 0.972001 0.000000
120 LL 1323 0.972001 0.000000
150 U 1323 0.96557 0.000000
150 LL 1323 0.96557 0.000000
180U 1323 0.960173 0.000000
180 LL 1323 0.960173 0.000000
200U 1323 0.947964 0.000000
200 LL 1323 0.947964 0.000000
240U 1323 0.944413 0.000000
240 LL 1323 0.944413 0.000000
300U 1323 0.931129 0.000000
300 LL 1323 0.931129 0.000000

The “U” label of the subsets means that the unit emission values are considered. The
“LL” label indicates that lifelong emissions are considered. The p values are below the
assumed a = 0.05, so the alternative H; hypothesis should be accepted, i.e., the normal
character of all these samples is not confirmed. That has excluded the possibility of ANOVA
application (and the necessity of the homogeneity verification with Levene’s test). Therefore,
the nonparametric Kruskal-Wallis test is used to compare subsets.

2.2.2. Kruskal-Wallis Test

Because the samples—types of houses—are generated, not observed, it is understand-
able that the sample distribution may not be normal. Then the Kruskal-Wallis test is helpful
to assess the differences between subsets of the samples. The Kruskal-Wallis’ test [46] is
the nonparametric one, i.e., it can be applied to non-normally distributed samples. It is
based on the Mann—-Whitney U test (also called the Wilcoxon rank-sum test) [47], which
is dedicated to comparing just two samples. The Kruskal-Wallis test can be applied to a
maximum of 10 samples [35]. The values of the sample are ranked separately for each
sample, and only ranks are used to calculate the statistics H.

Lo [ -]
. n—1 (5)
<; ) e, Y (= 7)2

where
k—number of analyzed samples;
n;—number of values in the sample i;
r;j—the rank of j observation is i sample;
7—the average of all r;; given by the formula

_ Z’.‘z n+1
F= == 12 (6)

and
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7;7—the average rank of all observations in i sample given by the formula

m= 7)

n;

Then the statistics H is compared to the corresponding critical value H., which depends
on the confidence level « and can be read from the tables. If the statistics is significant,
i.e,, H > H_, the null hypothesis is rejected. That means that there is stochastic dominance
between the two samples. Then, the pairwise comparison between the two samples is
suggested. The Statistica software returns p value. If p < &, then H > H,.. Considering the
successful application of the Kruskal-Wallis test, e.g., in [48,49], it is decided to use just this
test to confirm the statistical importance of the difference between the analyzed subsets.

For comparisons of the same building variants calculated for two different service-life
periods (50 and 100 years), the observations are paired rather than independent. Therefore,
these comparisons were performed using the Wilcoxon signed-rank test for paired samples.
We applied the test separately to unit emissions (U50 vs. U100) and total life-long emis-
sions (LL50 vs. LL100). Statistical significance was assumed at p < 0.05. The magnitude
of the paired difference was additionally quantified using the effect size r, calculated as
IZ|/ vN. In contrast, comparisons among the nine independent house-area groups were
performed using the Kruskal-Wallis test followed by Dunn’s post hoc comparisons with
Holm adjustment.

2.2.3. Classification and Regression Trees (C&RT)

Breiman et al. popularized the decision trees [50]. They are also called Classification
and Regression Trees (C&RT) or simply decision trees (DT). If several features describe the
analyzed phenomenon and many (hundreds or thousands) observations are recorded, this
classifying (or predicting) tool as C&RT can be applied. The dataset is split into subsets in
the node so-called leaves. The user can specify the stop-split criterion by giving a minimal
number of recorded cases (rows in the database). The node becomes the end-leaf if there
is no split in a specific node. Based on the analysis of the end leaves, the predicted class
or the predicted value can be read. There are so many splits possible—the independent
variables describing the analyzed phenomenon can be numbers but also categories and
metaheuristics are involved in finding the best splitting criteria aiming at the most accurate
predictions (in regression problems) or the most accurate classifications (in classification
problems). If DT is used for a classification problem, it produces the ranking of features,
which is transformed into the list of relative importance [51-53]. This ranking is based on
the number of times that a certain feature is used in the tree as a criterion in a leaf, and it is
based on the number of cases that belong to or pass through these leaves [54]. This ability
of a machine learning tool for creating the ranking of importance of the influence of the
independent variables on the output, i.e., on the dependent variable, is named as “feature
importance”. As the results of feature importance achieved through C&RT are proven, e.g.,
in [55,56], it is decided to utilize this in the article based on Statistica software (by Tibco).

3. Results
3.1. Life Long vs. Unit Emissions

To make the results (especially figures and tables) easy to read, the following abbrevi-
ations and labeling are applied:

U for the unit embodied CO,e emission per year, per m? of a house, in kilograms;

LL for the total embodied CO,e emission in the lifetime of a house, in kilograms;

50 for the 50-year life cycle of a house;

100 for the 100-year life cycle of a house;
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Then, e.g., label U50 means cases grouped by the unit emission calculated based on

50 years of the houses’ life cycle.
The basic statistics for the CO,e emissions are presented in Table 2. The comparisons
of unit emissions and life-long emissions based on 50- and 100-year house life cycles are

presented in Figure 3.

Table 2. Unit and life-long emissions—basic statistics.

Sample Number’ of Types of Mean Minimum Maximum Standard Deviation
Houses’ Structures
U50 11,907 7430 3798 13,695 1647
LL50 11,907 54,530 11,940 168,195 26,018
U100 11,907 5316 2899 9740 1122
LL100 11,907 77,712 17,563 227,035 35,862
life long emission in kg
240.000
220.000
200.000
180.000 | B
160.000
140.000
120.000 —T1—
100.000
80.000 | 5
60.000 a
40.000
20.000 — l o Median
0 : : []25%-75%
100 S0 T non-outliers
years of life o outliers
unitemission in kg/m2/year
16
14}
12} =R
10}
8t =1
D
6l
a
a4t —
-l o Median
2 : (] 25%—75%
100 50 T non—outliers
years of life o outliers

Figure 3. The comparison of LL100 to LL50 emission and U100 to U50 emissions for all 11,907 types
of the houses’ structures.
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The comparison between the 50-year and 100-year life-cycle scenarios involves paired
observations, because each value calculated for a 50-year service life has a directly cor-
responding value for the same building variant calculated for a 100-year service life.
Therefore, we used the Wilcoxon signed-rank test for paired samples instead of a test for
independent groups.

As expected, total life-long embodied emissions increase with the assumed service life.
The median LL emission increased from 51,764.26 kg CO,e for LL50 to 74,284.48 kg CO,e
for LL100. The median paired increase was 22,086.18 kg CO,e. LL100 was higher than LL50
for all 11,907 analyzed building variants. The Wilcoxon signed-rank test confirmed that the
difference was statistically significant (W = 0, p < 0.001), with a large effect size (r = 0.866)
(Table 3). This increase results mainly from replacing or renovating building components
during the longer service-life period.

Table 3. Wilcoxon signed-rank test results for paired LL50 and LL100 emissions.

. . Median Paired
Sample Sample Med.lan LL50 Med'lan LL50 Difference LL100—LL50) W E.ffea
in kg inkg . Sizer
in kg
LL30vs. g 607 51,764.26 74,284.48 22,086.18 0 <0001  0.866
LL100
A different relationship was observed for unit embodied emissions expressed per
square meter and year. The median unit emission decreased from 7.192 kg CO,e/(m?-year)
for U50 to 5.144 kg CO,e/ (m?-year) for U100, corresponding to a median paired decrease of
2.055 kg CO,e/(m?-year). U100 was lower than U50 for all 11,907 corresponding building
variants. The Wilcoxon signed-rank test confirmed that this reduction was statistically
significant (W = 0, p < 0.001), again with a large effect size (r = 0.866) (Table 4).
Table 4. Wilcoxon signed-rank test results for paired U50 and U100 emissions.
. . Median Paired
Sample Sample irllvllf d;rar:; /Usegr ilr\:llidjir:zl/les:r Difference LL100—LL50) W p ]SEifi(:::
8 y & y in kg/m?/year
U50 vs.
U100 11,907 7.192 5.144 2.055 0 <0.001 0.866

These results demonstrate that extending the assumed building service life has oppo-
site effects on the two emission indicators: absolute life-long embodied emissions increase,
whereas annualized unit emissions decrease. Consequently, assessing a building’s environ-
mental performance may lead to different conclusions depending on whether you consider
absolute life-long emissions or emissions normalized by floor area and service life.

3.2. Emissions Grouped by the Houses” Areas

The distributions of the LL50 emissions for the houses of different areas are presented
in Figure 4.

Differences among the nine house-area groups (40, 70, 100, 120, 150, 180, 200, 240,
and 300 m?) are assessed using the Kruskal-Wallis test. Following a significant omnibus
result, pairwise comparisons are performed using Dunn’s post hoc test [57,58]. To control
the family-wise error rate across the 36 pairwise comparisons, p-values are adjusted using
the Holm [59] procedure. Effect magnitude for pairwise comparisons was quantified
using Cliff’s delta (), with 95% confidence intervals estimated by nonparametric bootstrap
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resampling (1000 replicates) [60]. Medians and interquartile ranges (Q1-Q3) are reported
as descriptive statistics. Statistical significance is set at adjusted p < 0.05 (see Tables 5 and 6).

LL50 emission in kg
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Figure 4. The comparison of the distribution of LL50 emissions for the houses of different areas.

Table 5. Descriptive statistics of LL50 for the nine house area groups included in the
Kruskal-Wallis analysis.

House Area n Median Q1 Q3 IQR
40 1323 18,667.98 16,740.92 20,536.68 3795.76
70 1323 28,602.54 25,533.65 31,809.53 6275.88
100 1323 38,145.48 33,925.87 42,886.75 8960.88
120 1323 44,405.84 39,611.10 50,329.20 10,718.10
150 1323 52,671.17 46,805.97 59,676.29 12,870.32
180 1323 60,333.01 53,526.08 68,651.03 15,124.94
200 1323 65,526.73 57,769.81 74,866.85 17,097.04
240 1323 75,659.36 66,591.79 86,583.04 19,991.26
300 1323 91,511.20 79,544.76 105,760.18 26,215.41

The Kruskal-Wallis test reveals significant differences among the nine house-area
groups, H(8) = 10,175.37, p < 0.001, with a large overall effect (¢? = 0.855). Dunn’s post hoc
pairwise comparisons with Holm adjustment confirm statistically significant differences
between all 36 pairs of house-area groups (all adjusted p < 0.001). The magnitude of
pairwise differences varies considerably, as indicated by Cliff’s  (Table 6).

Pairwise comparisons are performed using Dunn’s post hoc test following a significant
Kruskal-Wallis test. P-values are adjusted for multiple comparisons using the Holm proce-
dure. Cliff’s § is reported as a measure of effect size together with its 95% confidence interval.
Only the 36 unique pairwise comparisons are presented. The Kruskal-Wallis test indicates
a statistically significant difference among the nine house-area groups, H(8) = 10,175.37,
p < 0.001. The global effect is large (¢2 = 0.855). Median LL50 increased monotonically
with house area, from 18,667.98 for 40 m? to 91,511.20 for 300 m2. Dunn’s post hoc tests with
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Holm adjustment show statistically significant differences for all 36 pairwise comparisons
(all adjusted p < 0.001). Pairwise effect sizes vary substantially: Cliff’s 5 ranged in absolute
magnitude from 0.265 for the 180 vs. 200 m? comparison to approximately 1.000 for several
widely separated area groups, indicating that statistical significance is accompanied by
effects ranging from modest to near-complete separation of distributions.

Table 6. Dunn’s post hoc pairwise comparisons between house area groups with Holm-adjusted
p-values and Cliff’s delta effect sizes.

Areal [m?] Area 2 [m?] D??eclzlnce A dl;llfsltl:: ;1 P Cliff’s & 95% CI Lower 95% CI Upper
40 70 —9934.56 <0.001 —0.950 —0.959 —0.940
40 100 —19,477.50 <0.001 —1.000 —1.000 —1.000
40 120 —25,737.86 <0.001 —1.000 —1.000 —1.000
40 150 —34,003.19 <0.001 —1.000 —1.000 —1.000
40 180 —41,665.03 <0.001 —1.000 —1.000 —1.000
40 200 —46,858.76 <0.001 —1.000 —1.000 —1.000
40 240 —56,991.38 <0.001 —1.000 —1.000 —1.000
40 300 —72,843.23 <0.001 —1.000 —1.000 —1.000
70 100 —9542.94 <0.001 —0.762 —0.787 —0.738
70 120 —15,803.30 <0.001 —-0.932 —0.942 —-0.921
70 150 —24,068.63 <0.001 —0.989 —0.992 —-0.986
70 180 —31,730.47 <0.001 —0.999 —0.999 —0.998
70 200 —36,924.19 <0.001 —1.000 —1.000 —1.000
70 240 —47,056.82 <0.001 —1.000 —1.000 —1.000
70 300 —62,908.66 <0.001 —1.000 —1.000 —1.000
100 120 —6260.36 <0.001 —0.463 —0.498 —0.426
100 150 —14,525.69 <0.001 -0.797 —0.819 —0.775
100 180 —22,187.53 <0.001 —-0.931 —0.941 —0.919
100 200 —27,381.25 <0.001 —0.970 —0.976 —0.963
100 240 —37,513.88 <0.001 —0.995 —0.997 —0.993
100 300 —53,365.72 <0.001 —1.000 —1.000 —1.000
120 150 —8265.33 <0.001 —0.495 —0.536 —0.456
120 180 —15,927.17 <0.001 —-0.772 -0.797 —0.746
120 200 —21,120.89 <0.001 —0.881 —0.898 —0.865
120 240 —31,253.52 <0.001 —0.967 —0.973 —0.960
120 300 —47,105.36 <0.001 —-0.997 —0.998 —-0.996
150 180 —7661.84 <0.001 —0.402 —0.441 —0.365
150 200 —12,855.56 <0.001 —0.615 —0.647 —0.585
150 240 —22,988.19 <0.001 —0.842 —0.861 —0.822
150 300 —38,840.03 <0.001 —0.967 —0.973 —0.960
180 200 —5193.72 <0.001 —0.265 —0.305 —0.225
180 240 —15,326.35 <0.001 —0.613 —0.645 —0.580
180 300 -31,178.19 <0.001 —0.880 —0.896 —0.864
200 240 —10,132.63 <0.001 —0.394 —0.430 —0.354

A similar set of calculations is prepared for the unit emissions. Figure 5 presents the
box plots for these houses’ areas.

The distribution of unit embodied CO,e emissions is analyzed across nine house-area
groups ranging from 40 to 300 m2. Descriptive statistics reveal a clear monotonic decrease
in unit emissions with increasing house area (Table 7). The median value decreases from
9.334 for the smallest houses (40 m?) to 6.101 for the largest houses (300 m?), corresponding
to a reduction of approximately 34.6%. This pattern suggests that, although larger houses
generate higher total embodied emissions, the embodied emission burden per unit of floor
area and year decreases as house size increases.
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Figure 5. The comparison of the distribution of U50 emissions for the houses of different areas.

Table 7. Descriptive statistics of unit embodied CO,e emissions by house-area group U50.

House Area n Median Q1 Q3 IOR
40 1323 9.334 8.370 10.268 1.898

70 1323 8.172 7.295 9.088 1.793

100 1323 7.629 6.785 8.577 1.792

120 1323 7.401 6.602 8.388 1.786

150 1323 7.023 6.241 7.957 1.716

180 1323 6.704 5.947 7.628 1.681

200 1323 6.553 5.777 7.487 1.710

240 1323 6.305 5.549 7.215 1.666

300 1323 6.101 5.303 7.051 1.748

The Kruskal-Wallis test confirms statistically significant differences in unit embod-
ied CO,e emissions among the nine house-area groups, H(8) = 3489.56, p < 0.001. The
associated effect size is €2 = 0.293, indicating that house area accounted for a substantial
proportion of the variability in ranked unit embodied emissions. The magnitude of this ef-
fect is, however, considerably smaller than that observed for total embodied CO,e emissions
(Table 8).

Dunn’s post hoc pairwise comparisons with Holm adjustment showed statistically
significant differences in unit embodied CO,e emissions for 35 of the 36 house-area compar-
isons (Table 8). The only comparison that did not reach statistical significance was between
the 180 and 200 m? groups (adjusted p = 0.149), for which the difference in medians was
only 0.151 and the effect size was negligible (Cliff’s 6 = 0.043). The magnitude of the
differences generally increased with increasing separation between house-area groups. For
example, the comparison between 40 and 300 m? yielded a median difference of 3.233 and
a very large effect size (Cliff’s 6 = 0.848). In contrast, comparisons between neighboring
larger house-area groups were characterized by much smaller effect sizes, even when the
differences remained statistically significant. Overall, the results demonstrate a systematic
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decrease in unit embodied CO,e emissions with increasing house area. However, the di-
minishing effect sizes between neighboring larger houses indicate that the rate of reduction
becomes progressively smaller as house area increases. Thus, the relationship should not
be interpreted merely in terms of statistical significance; while differences across widely
separated house sizes are substantial, differences between some adjacent large-area groups

are small or negligible in practical terms.

Table 8. Pairwise comparisons of unit embodied CO,e emissions between house-area groups using

Dunn’s post hoc test with Holm adjustment.

Comparison (m?) Median Diff. Dunn Z Holm-Adjusted p Cliff’s & 95% CI
40 vs. 70 1.162 13.368 <0.001 0.417 0.379-0.454
40 vs. 100 1.705 21.208 <0.001 0.582 0.548-0.615
40 vs. 120 1.933 24.519 <0.001 0.648 0.615-0.680
40 vs. 150 2.311 31.239 <0.001 0.741 0.712-0.766
40 vs. 180 2.630 36.547 <0.001 0.798 0.774-0.821
40 vs. 200 2.781 37.991 <0.001 0.798 0.774-0.820
40 vs. 240 3.029 42.265 <0.001 0.836 0.815-0.857
40 vs. 300 3.233 45.367 <0.001 0.848 0.828-0.869
70 vs. 100 0.543 7.840 <0.001 0.213 0.171-0.255
70 vs. 120 0.771 11.152 <0.001 0.298 0.257-0.340
70 vs. 150 1.149 17.871 <0.001 0.446 0.409-0.484
70 vs. 180 1.468 23.179 <0.001 0.548 0.513-0.583
70 vs. 200 1.619 24.623 <0.001 0.566 0.532-0.600
70 vs. 240 1.867 28.897 <0.001 0.637 0.604-0.668
70 vs. 300 2.071 31.999 <0.001 0.676 0.646-0.706

100 vs. 120 0.228 3.312 0.0028 0.086 0.044-0.129
100 vs. 150 0.606 10.031 <0.001 0.254 0.211-0.294
100 vs. 180 0.925 15.339 <0.001 0.378 0.338-0.417
100 vs. 200 1.076 16.783 <0.001 0.408 0.370-0.447
100 vs. 240 1.324 21.057 <0.001 0.498 0.463-0.532
100 vs. 300 1.528 24.160 <0.001 0.555 0.519-0.588
120 vs. 150 0.378 6.720 <0.001 0.173 0.126-0.215
120 vs. 180 0.697 12.027 <0.001 0.304 0.261-0.345
120 vs. 200 0.848 13.471 <0.001 0.337 0.294-0.375
120 vs. 240 1.096 17.745 <0.001 0.434 0.396-0.474
120 vs. 300 1.300 20.848 <0.001 0.499 0.462-0.536
150 vs. 180 0.319 5.308 <0.001 0.138 0.093-0.180
150 vs. 200 0.470 6.752 <0.001 0.178 0.133-0.219
150 vs. 240 0.718 11.026 <0.001 0.288 0.248-0.327
150 vs. 300 0.922 14.128 <0.001 0.367 0.327-0.408
180 vs. 200 0.151 1.444 0.149 0.043 0.001-0.086
180 vs. 240 0.399 5.718 <0.001 0.159 0.114-0.200
180 vs. 300 0.603 8.820 <0.001 0.249 0.207-0.290
200 vs. 240 0.248 4274 <0.001 0.115 0.074-0.160

3.3. The Share of the Elements of a House in LL50 Emission

As presented in Section 2 of this article, 10 elements of a house are considered in
calculating LL50 emission for each house. Table 9 presents the descriptive statistics for

these elements.
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Table 9. Descriptive statistics of LL50 emissions for particular house elements.
Sample I;I_Iumber’ of Types of Mean Minimum  Maximum Standard Deviation
ouses’ Structures
Foundation walls 11,907 13.8366 6.9948 21.6458 2.705626
Insulation 11,907 0.6144 0.0000 2.6299 0.698718
Floor 11,907 11.3079 2.5110 28.2047 5.965349
External walls 11,907 17.7663 5.8111 40.3339 5.776132
Internal constr. walls 11,907 1.4251 0.0000 6.2379 1.073772
Partitions 11,907 2.6994 1.0526 4.6500 0.601224
Ceiling 11,907 12.2345 0.0000 37.8934 9.829270
Windows 11,907 11.6588 4.1840 25.7409 4191249
Concrete elements 11,907 1.5719 0.6833 3.0268 0.398152
Roof 11,907 26.8850 8.7322 56.4928 9.640634

The strength of the variations in the shares is presented in Figures 6 and 7.

the share in LL50 emission in %
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Figure 6. Min—-average-max share of house elements in LL50 emission.

3.4. The Ranking of the Houses’ Features Based on Their Influence on the LL50 Emission

To assess the importance of the selected features for the value of LL50 emission, decision
trees are used. We assigned a class to each of the 11,907 house structure types. If the value
of LL50 for a given case is lower than the median value, the class assigned is Low (L). If not,
the assigned class is High (H). Before running the software to search for the best classifying
decision tree, the variables are set:

o Dependent variable, i.e., the class (H or L);
e Independent variables:

- Area of a house (named Area);
- Type of a house according to the number of storeys (Storey);
- Type of roof shape (Roof);
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- Type of complexity of the building’s shape (Shape);

- Type of construction material for the external walls (External walls_m);
- Type of construction material for the internal walls (Internal walls_m);
- Type of construction material for the partitions (Partitions_m);

- Type of construction material for the ceiling (Ceiling_m);

- Type of construction material for the foundation (Foundation_m).

(The m letter added to the names of the independent variables indicates that the choice
refers to the type of construction materials.)

the share of houses' elements in LL50 emission
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Figure 7. The box plots of the distribution of house elements in LL50 emission.
The split is allowed over 200 cases in a node, and the maximum number of nodes is
defined as 1000. As there is a large number of cases (11,907), the cases were randomly split
into the training and testing subsets. For the same reason, it is not necessary to apply a
cross-validation procedure. Of the total number of cases, 15% were assigned to the testing
subset. The aim of DT application is not to predict a class or a number but just to find the
importance ranking of the independent variables. The result of this automated classification
by the DT found by the software, i.e., the confusion matrix, is presented in Table 10.
Table 10. The confusion matrix for classifying all 11,907 types of houses’ structures to the Low and
High classes of LL50 emission.
Class Predicted: Low Class Predicted: High Total Number of Cases in the
Observed Class
Observed class Low 5663 291 5954
Observed class High 330 5623 5953
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The overall accuracy achieved is 94.8%. Knowing that, the ranking of features (indepen-
dent variables) presented below in Table 11 and in Figure 8 can be assessed as meaningful.

Table 11. The ranking of importance of features (independent variables) for the classification to Low
and High classes of LL50 (for all types of the houses’ structures).

Feature Rank Importance
Storey 100 1.000000
Foundation_m 79 0.793255
Area 73 0.725378
Roof_m 59 0.593249
Roof 45 0.451064
Ceiling m 36 0.363528
Partitions_m 12 0.120100
Internal walls_m 12 0.120100
External walls_m 11 0.114245
Shape 10 0.103232
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Figure 8. The relative importance of features (independent variables) for the classification to Low
and High classes of LL50 (for all types of houses’ structures).

Because the drivers of embodied emissions may differ fundamentally between standard
and large-scale residential buildings, the dataset is divided into two contrasting subsets.
The first subset encompasses houses with an area up to 150 sqm (6615 cases), representing
typical, economical single-family housing. The second subset includes houses with an area
of 180 sqm and above (5292 cases), representing large or premium residential properties.
The intermediate area (between 150 and 180 sqm) was intentionally omitted from this
specific classification step to establish a clear boundary and polarize the two groups. This
methodological choice sharpens the contrast between the datasets, ensuring the classification
tree’s feature importance reflects distinct structural and architectural typologies rather
than transitional cases. The procedure of creating the DT classifier and ranking feature
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importance is repeated for these two subsets. The confusion matrix for the subset comprising
lower houses (i.e., 40 to 150 sqm) is presented in Table 12.

Table 12. The confusion matrix for classifying all 11907 types of houses’ structures to the Low and

High classes of LL50 emission (for houses of the lower area).

Class Predicted: Low Class Predicted: High

Total Number of Cases in the

Observed Class
Observed class Low 5449 114 5563
Observed class High 96 956 1052

The overall accuracy achieved is 96.8%. However, the minimum split is set at 50 cases in
a node this time. Knowing that, the ranking of features (independent variables) presented
below in Table 13 and in Figure 9 can be assessed as meaningful.

Table 13. The ranking of importance of features (independent variables) for the classification to Low

and High classes of LL50 (for houses of the lower area).

Feature Rank Importance
Foundation m 100 1.000000
Storey 71 0.705124
Roof 42 0.416130
Ceiling m 41 0.413694
Roof_m 35 0.350479
Shape 31 0.307773
External walls_m 30 0.295966
Partitions_m 29 0.292482
Internal walls_m 29 0.292482
Area 5 0.052096
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Figure 9. The relative importance of features (independent variables) for the classification to Low

and High classes of LL50 (for houses of the lower area).
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The third attempt at classification by the DT is based on 5292 types of houses’ structures
where the area of the houses is from 180 to 300 sqm. Here, the split limit is set to 50 cases in
the node. The confusion matrix is presented in Table 14.

Table 14. The confusion matrix for classifying all 11907 types of houses’ structures into the Low and
High classes of LL50 emission (for houses of the higher area).

Total Number of Cases in the

Class Predicted: Low Class Predicted: High Observed Class
Observed class Low 310 81 391
Observed class High 38 4863 4901

The overall accuracy achieved is 97.8%. Considering that, the ranking of features (inde-
pendent variables) presented below in Table 15 and Figure 10 can be

assessed as meaningful.

Table 15. The ranking of importance of features (independent variables) for the classification to Low
and High classes of LL50 (for houses of the higher area).

Feature Rank Importance
Ceiling_m 100 1.000000
Area 55 0.546360
Foundation_m 53 0.534446
Storey 50 0.503162
Internal walls_m 41 0.410694
Partitions_m 41 0.410694
External walls_m 41 0.406561
Roof 21 0.205858
Shape 20 0.196638
Roof_m 11 0.112460
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Figure 10. The relative importance of features (independent variables) for the classification to Low
and High classes of LL50 (for houses of the higher area).
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The attempt to assess the feature importance through predicting the LL50 values by the
decision trees has failed (see Figure 11, where predicted values are presented vs. original
values). Despite the mean absolute percentage error (mean relative error) being promising,
ie., 11.7%, the distribution of errors, presented in Figure 12, shows that over 50% of cases
have an absolute relative error higher than 10% (reaching 55.6% maximum).
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Figure 11. LL50 emissions observed vs. predicted.
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Figure 12. The histogram of absolute relative prediction errors.
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Moreover, the house area is the only numerical independent variable. The remaining
independent variables are categorical, so naturally it is found to be the most important pre-
dictor. For these reasons, it was decided to base the reasoning about predictors” importance
on the classifications.

4. Discussion

4.1. The Predictive Importance of Construction Materials vs. Geometric Properties on CO,e Classification
Based on the rankings of properties influencing the lifelong CO,e emission presented

in Figures 8-10, it is possible to compare the influence of the construction materials used

for the houses’ structures and the properties related to the shape of the houses. To do so,

the relative importance of the influence presented in Tables 9, 11 and 13 are transformed to

values whose sums are equal to 1 for each table. The result is presented in Table 16.

Table 16. The relative importance of features for houses of the higher area and lower area on LL50.

Importance for Houses of Importance for Houses of
Feature

Higher Area Lower Area
Ceiling m 0.2311 0.1003
Area 0.1263 0.0126
Foundation_m 0.1235 0.2424
Storey 0.1163 0.1709
Internal walls_ m 0.0949 0.0709
Partitions_m 0.0949 0.0709
External walls_m 0.0940 0.0717
Roof 0.0476 0.1009
Shape 0.0454 0.0746
Roof_m 0.0260 0.0849
SUM 1.0000 1.0000

It is possible to calculate the total influence of construction materials (properties with
the mark m at the end of the description) and the influence of non-material house properties.
Table 17 presents the results.

Table 17. The relative importance of construction materials and non-material features of houses for
houses of the higher area and lower area on LL50.

Importance for Houses = Importance for Houses
Feature

of Higher Area of Lower Area
Construction materials 0.6644 0.6410
Non-material features of houses 0.3356 0.3590
SUM 1.0000 1.0000

Despite the differences observed in Table 17, it is evident that non-material properties
(i-e., area of the house, number of storeys, roof shape, and building shape) hold a sub-
stantial relative importance in the C&RT models—accounting for approximately 33.6% of
the model’s predictive power for larger houses and 35.9% for smaller houses. However, it
must be strongly emphasized that these values represent model-based feature importance
(i.e., the variables’ relative contribution to improving node purity in the classification tree
algorithm) and should not be interpreted directly as a causal decomposition of the physical
embodied emissions. They indicate how effectively a given feature classifies the LL50 emis-
sion level within the model, not the absolute percentage of CO,e kilograms attributed to
that feature.
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Nevertheless, this high predictive importance robustly demonstrates that non-material
design parameters are dominant drivers of the final carbon classification. This is a criti-
cal observation, emphasizing that clients—who are usually non-professionals concerned
more with the size, shape, and visual appeal of the house than with specific construction
materials—inadvertently make early-stage decisions that strongly dictate the building’s
overall sustainability profile.

Another important finding is that, based on the results presented in Table 17, it can
be stated that the influence of the area of the building is 10 times higher for the houses of
higher area than for houses of lower area.

4.2. The Influence of the Area of the House on U50 and LL50 Emissions
The unit, i.e., per square meter, emission is a function of the two groups of parameters:

- Types of construction materials used for erecting a house;
- Type of a house structure, which is non-construction materials features of a house, and
the house area, and the number of years (see Figure 13).

TOTAL Life Long
CO2: emission

_—

Size of a house +| Unit, per m2, per year | Number of years
in m2 ” CO2e emission I of CO2e emission
A
Type of house's Construction
structure materials

Figure 13. The groups of factors (or the single factors) influencing unit U50 and life-long LL50 CO,e
embodied emissions.

As can be observed in Figure 5, the bigger the house area, the lower U50. The statistical
importance of the differences between the groups of houses of different areas is proven.
However, the bigger the house area, the bigger the life-long LL50 emission. As can be
observed in Figure 4, this relationship—also statistically confirmed—is much stronger than
in the case of U50 emissions.

The LL50 emission depends on unit emission, the number of years (50 in this case),
and the area of a house. Introducing regulations that limit only the unit emission might
create an unintended regulatory incentive. Because it is mathematically easier to achieve a
lower U50 in a larger house, such rules could inadvertently encourage the design of larger
buildings just to meet the threshold. As a consequence, the total (life-long) emission LL50
would be much higher, as the relationship between a house area and LL50 is significantly
stronger than the relationship between a house area and the unit emission U50. However,
since actual investor or household behavior is not modeled in this study, this remains a
potential unintended consequence requiring further multidisciplinary investigation.
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4.3. Design Scenario Feasibility Considering LL50 and U50 Limits

Limiting both LL50 and U50 emissions simultaneously could severely restrict the
available design scenarios, making it difficult or even impossible to find a feasible material
and structural combination if the emission limits are set too low. The database that refers
to the 50-year life cycle of the building has been filtered several times to find the houses’
structures whose LL50 emission and U50 emission are in the same decile. The number of

houses’ structures meeting these criteria is presented in Figure 14.

number of types of houses' structures

2500 2172
1975 2040

2000 1758
1520
1500
1152
1000
652
486
500
S s II
0 =
4-4 55 66 7-7

-1 2-2 3-3 8-8 9-9 10-10

deciles of LL50 and U emisiions

Figure 14. The number of the houses’ structures that belongs simultaneously to the same decile of
LL50 and U50 emissions.

5. Conclusions

Data available today are not complex, which does not allow for pointing out the best
materials for sustainable buildings. In theory, data based on EPDs should be reliable, as
they are based on international standards and are subject to third-party verification. In fact,
comparing EPDs of the same type of material often leads to entirely different conclusions.
This is the reason why many parties have been waiting for harmonized standards adaptation
to the newly adopted CPR regulation (Regulation (EU) 2024/3110) [13]. After the new
CPR is fully implemented, CO,e footprint is going to be declared in the Declaration of
Performance and Conformity, and manufacturers will take more responsibility for declared
values. The implementation will last at least a few years.

LCA analysis should include the embodied footprint in the whole life cycle. At the
moment, it depends on the EU members whose modules are taken in the calculation [61];
thus, buildings are evaluated differently. It is essential to take all modules for calculation
and compare the same data, as it has a huge impact on the overall analysis. The initial
evaluation of Al to A3 modules may be misleading, as, e.g., recarbonation [62] during the
use phase and the required replacement of non-durable layers may significantly change
the evaluation of materials. The end-of-life phase of the material is also important for the
complexity of the LCA analysis.

Although the C&RT analysis demonstrates that the choice of construction materials
holds the highest predictive weight for total embodied emissions (accounting for approxi-
mately 64-66% of the aggregated feature importance), non-material parameters—such as
floor area, number of storeys, roof type, and building shape—still account for a substantial
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portion of the predictive model (over 34%). While material selection is the dominant factor,
the architectural geometry determines the total surface area of the partitions, effectively
acting as a multiplier for the material-related emissions. Therefore, building shape and size
optimization remains a crucial early-stage design strategy. It provides an objective basis
for reducing absolute emissions before specific material decisions are finalized, which is
especially valuable when environmental data for construction products is still uncertain.

Any regulation in countries should not focus solely on emissions per 1 square meter,
because, as proven in this study, the larger the house is, the lower the GWP per m?. In the
case of limits based strictly on the unit of living area, it is mathematically easier to meet
the threshold by building a larger house rather than a smaller one. This creates a potential
unintended regulatory incentive that might inadvertently encourage the construction of
larger buildings, which is not sustainable when total absolute emissions are concerned.

The highest emissions from the roof result from the membranes used; choosing different
materials can change their share in total emissions. The factor that has the strongest influence
is the material of the ceiling. On the one hand, the ceiling is the building component with
a high CO,e footprint, and it was expected that the share in CO,e footprint would be the
highest. The second fact is that the ceiling can have an area that can be equal to the area of
the building (bungalow with sloping roof), or a ceiling may not even exist (bungalow with
flat roof).

The second factor that has the strongest influence is the area of the building, as com-
paring the two opposite areas, 40 and 300 m?, in the case of the rectangular shape of the
bungalow building with a flat roof, one has a circumference-to-area ratio of 0,6, while the
second has a ratio of 7.50.

Many variables in total embodied emissions can influence the result. Factors that are to
be optimized depend on building type. Data consistency must be ensured before performing
optimization, which will probably only be possible after introducing responsibility for
declaring environmental parameters.

Despite the significant findings, this study has several limitations that should be ac-
knowledged. First, the database of construction materials and their structural combinations
is based primarily on the Polish market and national thermal requirements. Consequently,
the results and the exact shares of embodied emissions may vary for other climates and re-
gions with different construction practices. Second, the environmental product declarations
(EPDs) currently available do not cover all products on the market, and data consistency is
still developing. Third, it should be pointed out that the database refers to a specific set of
buildings. Thus, it provides only an approximation of the partitions” areas and their CO,e
footprints. Every building is individual, so these general results cannot be directly applied to
any specific design situation. Due to these facts, the obtained calculations should be treated
as estimates only. Furthermore, because module B4 (replacement) strongly contributes to
the differences between the 50-, 70-, and 100-year scenarios, the precise rankings of material
importance generated by the C&RT analysis are sensitive to the assumed service lives and
EPD selection. Modifying the replacement cycles for key components or choosing different
EPD sources could shift the relative importance of specific materials. Finally, the analysis
is limited strictly to single-family houses. Future research should expand the database to
include multi-family residential and commercial buildings, as well as incorporate a wider
range of European markets to verify the broader applicability of the presented conclusions.
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Abbreviations

The following abbreviations are used in this manuscript:

EU European Union

CO,e] Embodied Carbon Dioxide

ANOVA  Analysis of variance

C&RT Classification nnd Regression Trees

DT Decision Trees

EPBD Energy Performance of Buildings Directive (EU)
WLC Whole Life Carbon (emission)

CPR Construction Products Regulation {EU)

LCA Life Cycle Assessment (or Analysis)

K-W Kruskal-Wallis

Appendix A. Materials Used for the Analysis

i . Thickness of the " Assumed Service Life
Type of Partition Main Layer Main Layer Additional Layers (Years)
Foundation
Concrete slab with 25 em XPS 25 cm, foil, concrete  Concrete: >50, XPS/EPS:
XPS insulation screed, foil, EPS 40, Foil/Screed: >50
footing (bituminous
insulation, concrete
Foundation walls foptmg, steel Footings/Walls: >50,

. reinforcement) XPS . ; . -
with concrete 24 cm 24 cm insulation. bituminous Bituminous insulation:
footings insulation, concrete 40, XPS/EPS: 40

layer on ground,
concrete screed, foil, EPS
External walls
autoclaved gypsum plaster, . i
AAC 36.5 aerated concrete 36.5 cm thin-layer external AA.C' =50, Ext. Plaster:
4 40, int. plaster: >50
(monolithic) plaster Gl =
autoclaved gypsum plaster (ETICS . i
AAC24 aerated concrete 24 cm in additional layers) AAC: 250, plaster: 250
calcium silicate gypsum plaster (ETICS ) i
CSU 18 units 18 cm in additional layers) CSU: =50, plaster: >50
ceramic blocks
1 s L Clay: >50, Ext.
Clay 36.5 cm with insulation in 36.5 cm gypsum plaster, Cement-lime plaster: 40,

hollows
(monolithic)

cement-lime plaster

gypsum plaster: >50
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. . Thickness of the - Assumed Service Life
Type of Partition Main Layer Main Layer Additional Layers (Years)
. gypsum plaster (ETICS  Clay: >50,
Clay 25 em ceramic blocks 25 em in additional layers) Gypsum: >50
vagﬁssﬁti(temal dispersion paint, OSB Wood frame: >50,
Wood insulation from 20 cm boards, mineral wool, Wool: >50,
. Light plaster Ext. Plaster: 30
mineral wool
Internal walls
autoclaved gypsum plaster ) i
AAC 24 aerated concrete 24 cm (both sides) AAC: 250, plaster: 250
calcium silicate gypsum plaster . )
CSU 18 units 18 cm (both sides) CSU: =50, Gypsum: >50
Clay 25 cm ceramic blocks 25cm (gg(i;u;?dzss,[er Clay: >50, plaster: >50
wood frame with mineral wool, Wood frame: >50,
Wood mineral wool 20 cm plasterboards Wool: >50,
(both sides) Plasterboards: >50
Partition walls
autoclaved gypsum plaster . i
AAC115cm aerated concrete 11.5 cm (both sides) AAC: >50, plaster: >50
calcium silicate gypsum plaster . .
CSU 8 cm Units 8 cm (hoth sides) CSU: =50, plaster: >50
. gypsum plaster ) i
Clay 25 cm ceramic blocks 25 cm (both sides) Clay: >50, plaster: >50
. . mineral wool, Wood frame: >50,
E;}I;lémng on wood rﬁ?r?i‘zﬁﬁifv ith 8 cm plasterboards Wool: >50,
(both sides) Plasterboards: >50
Insulation
expanded in order to cover  thin-layer external ) i
EPS polystyrene U<02W/(m?K) plaster EPS: 40, Ext. Plaster: 30

Mineral wool

mineral wool

in order to cover
U < 0.2 W/(m?K)

thin-layer external
plaster

Wool: 40, Ext. Plaster: 30

Ceiling
AAC ;ig:lgc\f)ei 2% em concrete screed, mineral AAC: >50, Screed: >50,
aerated concrete wool, gypsum plaster Wool: 250, plaster: >50
) concrete screed, mineral ) .
Concrete slab reinforced 18 cm wool, foil, gypsum Slab: >50, Screed: >50,

concrete ceiling

plaster

Wool: >50, plaster: >50

Precast concrete

precast concrete
panels

concrete screed, mineral
wool, foil, gypsum
plaster

Panels: >50,
Screed: >50, Wool: >50,
plaster: >50

Wood

wood beams

OSB boards,
plasterboards, mineral
wool, dispersion paint,
light plaster

Wood structure: >50,
Wool/Plasterboards:
>50
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ceramic tiles

... . Thickness of the .y Assumed Service Life
Type of Partition Main Layer Main Layer Additional Layers (Years)
Roof
reinforced gypsum plaster, foil, RAAC: >50, EPDM
Flat RAAC autoclaved 20 cm mineral wool, EPDM membrane: 30—40,
aerated concrete membrane Wool: >50
reinforced gypsum plaster, foil, Panels: >50, EPDM
Flat precast concrote panels 20 cm mineral wool, EPDM membrane: 30—40,
p membrane Wool: >50
reinforced gypsum plaster, foil, Slab: >50, EPDM
Flat concrete slab 20 cm mineral wool, EPDM membrane: 30—40,
concrete roof
membrane Wool: >50
g 00 s 330
Flat wood wood beams 20 cm EPDM,m mbran ¢ EPDM membrane:
. v membrane, 30-40, Wool: >50
dispersion paint
Sloping wood with dispersion paint, Wood rafters: >50,

wood rafters 16 cm plasterboards, mineral

. . Ceramic tiles: >50
wool, foil, ceramic tiles

Windows
Windows PCV. proﬁle,. . - - PVC Windows: 40
glazing set, fitting
Appendix B. Architectural and Geometric Assumptions
e  Storey height: 2.80 m (for each full level)
e  Window-to-Wall Ratio:
O  20% for bungalow and two-storey buildings
O  15% for houses with an attic and gable roof
O 10% for houses with an attic and envelope roof
e  Roof slopes:
O  25° for bungalow houses
O  40° for attic houses
e  Width-to-length footprint ratio: 0.8 (for simple structures)
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