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Abstract

Current national-scale building stock models mainly focus on structural materials, over-
looking the significant resource potential of Mechanical, Electrical, and Plumbing (MEP)
systems. These systems are resource-intensive and contain standardized components with
high-value materials such as copper and steel, yet their potential remains largely untapped
due to fragmented data. This study introduces the novel systematic framework to estimate
MEP components at high granularity and national scale. It integrates harmonized public
data, machine-learning imputation (>90% accuracy under sparse conditions), and para-
metric rules reflecting building type, energy system, and construction decade. A Swiss
case study yields scalable material stock estimates and lifespan-based turnover projections,
showing strong consistency with existing GHG benchmarks. The framework highlights
contrasting patterns across regions and building types, indicating where policy and in-
dustry can upscale reuse and recovery. Its modular design enables transferability and
integration with circular economy planning and material-efficiency targets.

Keywords: material stock estimation; building systems; circular economy; building
sustainability

1. Introduction
The environmental pressure from construction activities is growing [1–3], the circular

economy concept has been promoted as a potential solution to it [4–6]. It promotes strategies
such as reuse, repair, remanufacturing, and recycling, while also stressing waste avoidance,
i.e., extending the lifespan of buildings rather than demolishing them. However, to identify
circular opportunities, high-quality data on the composition, quantity, and location of building
materials are essential [7,8]. Building stock modeling has been widely adopted to provide such
data, helping decision makers identify resource hotspots and plan ahead [7,9–12], primarily
focusing on structural systems and aggregated material classes, with limited resolution
for building service components. It usually follows two established approaches: bottom-
up and top-down. Bottom-up models give detailed insights but require large resources;
top-down models are more scalable but lack the resolution needed for component-level
or decade-specific estimates. Both approaches have already been commonly used in the
estimation of material stocks and flows for building structural systems, i.e., the concrete
and rebar, brick, structural steel and wood [13–16].
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However, while building stock modeling has been extensively applied to structural
systems as mentioned above, only a limited number of studies have addressed building
services or technical systems, and mostly in an indirect or aggregated way. Existing studies
that attempt to estimate the stock of service components typically rely on top-down or
material-intensity-based approaches, often using aggregated floor area or functional type
as proxies for service material quantities (e.g., [17–20]. In addition, some studies have
derived service system material stocks indirectly from input–output or demolition waste
data rather than from component-level inventories. While these studies provide valuable
first-order estimates at national or regional scales, they do not resolve component-level
distributions, system configurations, or spatial variability within buildings [17–21]. As
argued by Hashimoto, modeling future demolition waste must consider missing stock
(unrecorded materials) and dissipated stock (materials dispersed from traceable flows)
to avoid discrepancies between estimated and actual waste quantities [22,23]. Several
studies have further emphasized the need to include system-level materials in MFA to
develop a more comprehensive CE strategy [22,24,25]. Mechanical, electrical and plumbing
systems (could be referred as MEP in the later text) components can account for anywhere
from 4% of embodied impacts in residential buildings to 46% in offices, depending on
scope and regional context [26–30]. In contrast to structural MFA, which focuses on load-
bearing materials such as concrete, steel, and masonry, building service systems comprise
heterogeneous, rapidly evolving components whose quantities and configurations are
weakly correlated with gross building mass or area alone. These systems are not only
energy-intensive but also contain standardized, high-value materials (e.g., copper, steel)
that are easier to recover than heavy structural components made from concrete.

The problem is that without a reliable method to quantify and locate these resources,
their potential for a circular economy remains untapped [31–33]. This is a critical blind
spot that prevents effective resource management and strategic planning. Data on these
components is rarely available publicly. Even in construction design companies working
with building information models (BIM), details on HVAC or electrical systems are often left
out, and post-construction additions, i.e., plumbing fixtures, heating distributors, are almost
never recorded in digital models. As a result, there is no building stock that systematically
includes MEP systems at component level as publicly available or digital data is scarce.

This lack of information also discourages reuse, even though reuse is prioritized in
circular economy strategies [4,34]. Without prior data, architects and contractors must
manually inspect demolition sites to identify reusable components. In practice, most MEP
materials end up in construction and demolition waste (CDW) treatment plants, where
they are usually sent to recycling. Recycling often downgrades material quality, consumes
additional energy, and may occur even when MEP components still have service life left. At
many facilities, components require manual separation, which partly explains why reuse
remains rare [35].

In addition, MEP components generally have shorter lifespans than structural systems,
with replacements often occurring independently of the original building construction
cycle, and their specifications often evolve rapidly in response to shifting regulations, tech-
nological innovations, and consumer preferences [36,37]. For example, plumbing systems
in older buildings typically used metal components [38–41], whereas newer buildings
increasingly rely on plastics such as polyvinyl chloride (PVC) [42]. The temporal and
regional variability of MEP materials underscore the need for an agile framework that
considers local practices and captures shifting component prevalence over time.

Machine learning has been increasingly applied in building stock modeling to predict
missing or incomplete data. However, most existing applications are still small in scale
and focus primarily on structural components extracted from detailed floor plans [43–46].
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This approach often excludes older buildings without digital documentation, resulting in
underestimated national-level material stocks. In parallel, large-scale machine learning (ML)
has also been widely adopted in Urban Building Energy Modeling (UBEM), which faces
similar challenges in bottom-up, data-driven analysis of energy systems [13,14,16,47,48].
Studies in both fields have employed techniques such as big data analytics, decision trees,
and artificial neural networks (ANNs) to improve the estimation of building material
composition [49–52]

While ML is good at predicting missing attributes from observed patterns [53,54], it is
not possible to use it directly for MEP components’ prediction due to lack of available data.

Luckily, MEP design and installation typically follow standardized patterns defined
by codes and practices, which are quite dependent on building parameters as confirmed
by local building system designers. This makes them suitable for parametric model-
ing. Although parametric approaches have been used to characterize structural system
stocks [32,55,56], their application to MEP has so far been limited.

Therefore, by understanding how parametric modeling can capture key building
geometries and how machine learning can address data gaps, this study combines the
two approaches to bridge a major blind spot in large-scale material stock modeling. The
standardized nature of MEP system design, when paired with machine learning–based
data imputation, provides a promising path for reliable estimation. Current ML based
building stock modeling and parametric model based ones are happening in isolation:
ML alone cannot reconstruct unrecorded MEP data, and parametric rules alone cannot fill
large-scale data gaps. Combining these two strategies, based on domain knowledge and
engineering principles [55], offers the potential to produce estimates that capture rapid
changes in components.

This study presents a new framework for estimating material stocks in building service
systems, addressing a major gap in current building stock modeling research. To date, very
few building stock studies explicitly include service systems such as heating, ventilation,
plumbing, or electrical installations. Those that do typically rely on aggregated assump-
tions, for instance, applying industry-average material intensity factors (e.g., kg/m2 from
databases such as ecoinvent or regional LCI datasets), rather than capturing component-
level variability. While such top-down approaches provide useful national-scale estimates,
they overlook the substantial heterogeneity of MEP components across building types,
construction periods, and energy systems.

The framework introduced here offers an initial step toward systematically integrating
service system materials into building stock modeling. It builds from component-level
inventories and system logic, providing a scalable yet more detailed approach to estimating
the materials embedded in MEP systems.

By applying the framework to the Swiss building stock, this study generates initial
national estimates of material quantities in MEP systems, identifies key resource hotspots,
and demonstrates how service system data can support the planning and implementation
of circular economy strategies in the built environment. This serves as a starting point for
developing more consistent, data-driven assessments of MEP material stocks and their
contribution to circular resource management in future building stock studies.

2. Methods
Building stock modeling is a data-driven approach that helps decision-makers un-

derstand how materials are distributed across buildings, both across space and over time.
While previous studies have estimated building material stocks using material intensity fac-
tors, hybrid MFA approaches, or UBEM-based assessments, these methods typically focus
on structural elements, energy demand, or aggregated material flows. Component-level
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modeling of MEP systems at the national scale remains limited due to fragmented data
availability and system heterogeneity. This integrated framework for MEP stock estimation
was designed to fill this gap.

Of course, the first step is to identify the right data sources. Because the goal is to
develop a generalizable approach, the framework relies on publicly available datasets,
so that countries with similar building information can also use the same method. The
key information typically includes common parameters such as building height, width,
category, construction year, and energy system, all of which are often available in most
national databases worldwide.

However, even national databases that register every building with a unique ID rarely
provide complete information. For example, in the Swiss case study, some fields in national
databases are partially empty: around 2.6% of building records lack building area, 18.8%
lack perimeter and height, and about 30–40% are missing energy source or living space
information. Despite these gaps, the overall coverage of over 50% for key parameters still
gives strong confidence to perform prediction and imputation for missing values, while
prioritizing data sources with reliable authentic coverage.

2.1. Framework Overview

As shown in Figure 1, the framework starts by bringing together many different types
of building data, such as geometry, age, energy label, and location, from various Swiss and
European sources. Since each dataset uses its own format and structure, the first step is to
clean and harmonize them so that they can link to each other.

Figure 1. Workflow Diagram of Framework Development for MEP components (abbreviation detailed
in Section 2.2).

This harmonization means checking and standardizing how each piece of information
is written (for example, making sure building types or years use the same format), and then
connecting them using shared identifiers, either a unique building ID or spatial information
(the exact coordinates on a map). This “spatial join” ensures that all data referring to the
same building are merged together, so in the end, each building becomes a single record in
a large, consistent database with many columns describing its different characteristics.

Once this harmonized database is prepared, the framework moves through a multi-
step process:

1. Data Completion: A machine learning–based imputation process fills in missing
information, improving both the completeness and reliability of the database, even
when detailed local data are limited. Numerical features (like building area or height)
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are predicted using regression models, while categorical features (such as building
use or heating type) are estimated through neural networks. The result is an enriched
database where missing values are consistently filled.

2. Rule-Based Estimation: The next step applies parametric design rules derived from
building system design knowledge and expert input. These rules estimate the pres-
ence and scale of MEP systems and link them to corresponding material intensities,
depending on the building’s type and function.

3. Dynamic Variation: Material intensities are treated as time- and technology-dependent,
varying with building type, energy system, and construction decade. This enables the
model to reflect evolving design practices instead of relying on static averages.

With this enriched dataset, the framework can estimate how much material, i.e., copper,
steel, or plastic, is contained in different MEP components across the Swiss building stock.
The results can then be analyzed to map material distribution, trace future material flows
in renovation or demolition scenarios, and assess recovery potential.

Although the framework was first applied in Switzerland, its modular and data-driven
design makes it easily adaptable to other national contexts, provided that comparable
building and geographic data are available.

Overall, this framework serves as a powerful tool for decision-makers, policymakers,
and researchers who aim to identify hidden material hotspots within building stocks. By
quantifying the materials locked in MEP systems, it supports long-term circular economy
strategies such as reuse, recycling, and material substitution. It can also give access to
estimate the greenhouse gas emissions linked to MEP materials, keeping results consistent
and comparable across regions.

2.2. Data Sources and Harmonization

As mentioned above, building information for the framework was drawn from several
publicly available datasets, which together provide a rich foundation for characterizing the
Swiss building stock while minimizing the need for generalized assumptions. The main
data sources include:

• Bundesamt für Statistik Eidg. Gebäude- und Wohnungsregister (GWR), Swiss Federal
Building and Housing Register: maintained by the Federal Statistical Office (BFS), this
register covers 1.78 million residential buildings and 4.74 million apartments, offering
detailed information on building types, structures, and spatial attributes [57,58]

• Der Gebäudeenergieausweis der Kantone (GEAK), Cantonal Building Energy Certificate
database: part of the national Building Energy Certificate program, GEAK provides
energy efficiency, envelope performance, and renovation data for ~130,000 buildings.

• EUBUCCO, European Building Stock Characteristics database: includes over 2 million
Swiss buildings, supplying geometric attributes such as footprint and floor area [59].

• Swisstopo, Swiss Federal Office of Topography: provides 3D geospatial and geometric
data to supplement other sources [57].

All records were merged into one unified and standardized database. Each building
was matched and aligned using the federal building ID (EGID) wherever available. When
this identifier was missing (as in EUBUCCO), a spatial match was performed based on
geographic coordinates, linking each record to the nearest building polygon within 50 m.
The results were visually checked to ensure alignment accuracy.

To strengthen the robustness of the modeling, variables with lower missing-data rates
and higher reliability were prioritized, while those prone to inconsistencies or outliers were
excluded. The final set of parameters used in the model includes:

• Building geometries (gross floor area, height, width, length): for system sizing
• Number of floors: affects vertical distribution system design
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• Number of residents, apartments, rooms, and kitchens: determines fixture quantities
and service load

• Living space per apartment: supports heated area estimation
• Construction year or renovation year: applies time-based material composition rules
• Building category—used to select appropriate parametric models (see Section 2.4)
• Heating system information: provides the baseline for component availability

Further details on data preparation and model parameterization are provided in the
Supplementary Information.

2.3. Machine Learning-Based Data Imputation

Significant data gaps in existing databases make it difficult to estimate component- and
material-level stock. As mentioned earlier, several key parameters in the databases still have
2.6–40% missing values. To address this, we developed a variable-specific ML imputation
strategy tailored to the type of data involved.

All variables were first classified as either continuous (e.g., floor area, number of
rooms) or categorical (e.g., heating system type, building use). Continuous variables were
imputed using the XGBoost (v1.7.6) regression framework [60], which performs well in
numerical prediction tasks, while categorical variables were handled by a deep feedforward
neural network implemented in PyTorch (v1.12.1) [61]. This combination allowed us to
capture both structured numerical relationships and nonlinear interactions common in
categorical features.

For each variable with missing values (the target), a set of relevant predictors should be
identified from other attributes in the dataset (such as geometry, building use, location, and
energy system type) to perform the imputation. Predictors were selected through a two-stage,
feedback-driven process. In the first stage, positive values from correlation analysis offer a
preliminary insight into predictors with strong relevance and multicollinearity [62,63]. In the
second stage, these predictors were manually screened to ensure that they are contextually
meaningful. Counterintuitive relations, i.e., strong correlation between the location of
building and number of rooms of the building, which might be caused by spatial clustering
or data bias, were removed to prevent overfitting and misinterpretation. This refinement
process could improve both the reliability and generalizability of the imputation models.

For continuous variables, the XGBoost models were configured with 500 estimators, a
maximum tree depth of 3, and a learning rate of 0.1 to ensure stable convergence. Models
were trained using an 80/20 train–test split, and performance was evaluated using the
coefficient of determination (R2).

For categorical variables, the neural network included 8 fully connected hidden layers
with batch normalization and ReLU activation functions. Dropout regularization was
applied to mitigate overfitting. The model used a batch size of 12,800 and was trained for
100 epochs, with output dimensions matching the number of unique categories in each
target variable. The Adam optimizer (learning rate = 1 × 10−3) and a ReduceLROnPlateau
scheduler were applied to fine-tune the learning rate and improve convergence stability.
Training and testing accuracies were monitored across epochs to ensure generalization.

Imputed values were then reintegrated into the main dataset. Variables with low predictive
performance (e.g., low R2 or test accuracy) were excluded from analyses. Within the framework
workflow, ML-based predictions were used only when necessary, the following parametric
model are built upon authentic data and tries to minimize reliance on assumptions.

2.4. Parametric Model

The second core component of framework is the parametric model, which estimates
material quantities based on architectural logic, design rules and literature review. Building
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codes, standard design norms, and published guidelines were cross-checked with input from
HVAC, plumbing, and electrical design specialists who helped validate the methodology.

The parameter definitions were informed by literature review, professional experience
and expert consultation. The first author has prior experience as an HVAC designer on
international projects, providing practical insights into system configurations and com-
ponent characteristics. In addition, informal consultations were conducted with three
engineers specializing in plumbing, ventilation, and electrical systems to verify design
assumptions against typical Swiss building practices. Lifespan values were drawn from
published studies [64], industry guidelines, and widely used standards across North Amer-
ica and Europe (see Table S6 in the Supplementary Information). These combined sources
of information were used to define parameter ranges, component lifespan assumptions,
construction period categorizations, etc.

The parametric model combines empirical inputs from standards and guidelines
with heuristic rules required for stock-scale estimation in data-scarce conditions. Simpli-
fications such as assuming one radiator per heated room or a fixed heat-demand den-
sity (80 W/m2) are used as representative central values rather than building-specific
design parameters. Given the limited climate variation in Switzerland, climatic differ-
entiation is not explicitly modeled, and the impact of these assumptions is assessed
through sensitivity analysis (Section 3.2). In the Swiss context, residential buildings
dominate the building stock, but rarely include complex cooling or ventilation systems.
Table S1 (see Supplementary Materials) summarizes common components across four ma-
jor systems: heating, electrical, plumbing, and centralized HVAC. The Swiss case study
focuses on components with high circularity potential. Priority was given to those with
strong reuse prospects, such as radiators, boilers, heat pumps, air ducts, water pipes, elec-
trical cables, and plumbing fixtures, based on their disassembly feasibility, metallic content,
and prevalence on the current reuse markets. The framework can be extended to other
components once their design logic is defined.

2.4.1. Connectivity Matrix

Connectivity matrices are commonly used in engineering to describe how different parts
of a system are linked [65,66]. In this study, they were used to combine expert knowledge
and design logic within the framework. Each matrix defines how energy sources, building
types, and system components are connected. The links are expressed in binary form, where “1”
means the connection is typically present and “0” means it is absent or uncertain. This method
makes the model easier to update and adjust for different regions or time periods.

Table 1 shows typical system configurations in Switzerland. For example, buildings
using oil, gas, wood, electricity, or district heating usually have radiators connected to
boilers or water heaters, which deliver heat through piping systems [67,68].
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Table 1. Mapping Common Components to Energy Sources for Heating Systems. Estimates based on
the Swiss Federal Office for the Environment (BAFU) “Life Cycle Inventories of Heating Systems”
and online resources [69–72].

Key Components

Energy Source Radiator Boiler Heat
Pump Flue Solar

Collectors
Storage

Tank
CHP
Unit

Oil
Storage

Tank
Boreholes

Gas
Supply

Line
Connection

Oil 1 1 0 1 0 0 0 1 0 0 0
Gas 1 1 0 1 0 0 1 0 0 0 1

Geothermal 1 0 1 0 0 1 0 0 1 0 1
Wood 1 1 0 1 0 0 0 0 0 0 0

Electricity 1 1 0 0 0 0 0 0 0 0 1
District Heating 1 0 0 0 0 1 0 0 0 1 1

Solar Energy 1 0 0 0 1 1 0 0 0 0 1
Other 1 0 0 0 0 1 0 0 0 0 1

A matrix was developed to link building categories (residential, commercial, institu-
tional, and others) with their typical system components (see Table 2). This simplification
adopts the top-down approach’s way of thinking to model MEP systems, which makes
the model not only realistic but also reducing computational cost and complexity. Data on
boilers and heat pumps were taken directly from the actual database.

Table 2. Categorization of Building Systems and Components by Building Categories. Estimates
derived from online resources [73–75].

Building Categories

Building System Component Commercial Institutional Residential Others

Heating System Radiator 0 0 1 0
Ventilation System Air Duct 1 1 0 0
Plumbing System Water Pipe 1 1 1 1
Electrical System Electrical Cable 1 1 1 1
Plumbing System Sink/Toilet 1 1 1 1
Plumbing System Bathtub/Shower 0 0 1 0

2.4.2. Temporal Differentiation

Buildings constructed between the 1940s and 1990s are now reaching the end of their
service life, so they are likely to be demolished or heavily renovated. Their heating and
MEP systems typically reflect the design standards of those times. For example, the type of
radiator often depends on the heating system used, which has changed significantly over
the decades. This decade-based grouping shows how building construction periods affect
its heating systems and energy performance [76–78]. Similarly, our framework (see Table 3)
links each component type and material to its typical installation decade to capture shifts
in design practice and service lifespan. This makes it possible to estimate material stocks
even when detailed MEP data are missing. The same logic applies to other systems, such
as water pipes, where materials and sizes strongly depend on when they were installed. By
combining these time-based patterns with available data on building systems, the model
provides more dynamic estimates of potentially recoverable material stocks, which is easily
customizable for different energy systems and construction eras even in different context.
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Table 3. Chronological Overview of Radiator Types, Materials, and Lifespans by Decade. Note: Paint
excluded due to negligible weight (~1.5%) and limited relevance to material recovery. Data from
online sources and product model estimates [79–88].

Decade 1940s 1950s 1960s 1970s 1980s 1990s

Type cast iron
radiator

steel panel
radiator

convector
radiator column radiator steel panel

radiator

low surface
temperature

radiator
Main Material cast iron steel steel cast iron steel steel
Unit Weight 70 20 30 80 20 40

Lifespan 50 30 30 30 30 30

2.5. Material Stock Estimation

The Swiss building database has several advantages. It is publicly accessible, based
on reliable government data that is regularly updated. In addition to geometric informa-
tion, it also includes housing registry data such as the number of inhabitants and rooms,
which allows for useful cross-checks. For example, when estimating heating demand, it
is possible to compare both the heated floor area and the number of rooms. In practice,
most living rooms, bedrooms, kitchens, and bathrooms each have at least one radiator. This
cross-checking helps to validate the predictions from the parametric model and increases
confidence in the results.

The development of the parametric model is demonstrated using radiators as an
example, detailed formulations for other systems are provided in the Supplementary
Information. The model assumes that the number of radiators per heated room depends
on the type and presence of the heating system. The total weight of radiators in a building
i denoted as W(i)

rad is calculated as:

W(i)
rad = C(i)

rad × N(i)
rad × wrad

(
t(i)
)

(1)

where C(i)
rad is the radiator availability indicator, N(i)

rad is the number of radiators per building

and wrad

(
t(i)
)

is the unit weight of radiator based on the installation year of building

system components t(i) retrieved from database and mapped to the system installation
decade (from Table 3). The radiator availability indicator C(i)

rad is defined by:

C(i)
rad = C(i)

energy·C
(i)
building (2)

With C(i)
energy indicating the presence of compatible energy sources (e.g., oil, gas, wood),

and C(i)
building indicating suitability by building type (e.g., residential = 1, others = 0). Thus:

C(i)
rad =

{
1, i f energy and building type conditions are met
0, otherwise

(3)

The number of radiators per heated building is estimated based on either heated area,
number of rooms, or heating demand, assuming one radiator per room [89]. The total
number of radiators in a building i is given by:

N(i)
rad = ∑

units
N(i)

rad,unit (4)
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where N(i)
rad,unit represents the number of radiators estimated at the unit level (e.g., per

dwelling). The variable N(i)
rad,unit is determined as the maximum of two values:

N(i)
rad,unit = max

(
A(i)

unit·HLC
RC

, α·N(i)
room + N

(i)
kitchen

)
(5)

where
A(i)

unit: area of the living space of apartment, retrieved from database;
HLC: heat loss rate, which is assumed to be 80 W/m2 for an average insulated building;
RC: radiator capacity, assumed to be 1.5 kW;
α: number of radiators per room, assumed to be 1;
N(i)

room: total number of rooms excluding kitchen;
N(i)

kitchen: total number of kitchens, retrieved from database.
More details are provided in the Supplementary Information.
The study calculated the total material stock and associated GHG emissions using a

consistent, tiered approach. First, the total mass of a specific material m for each individual
building i within a certain building category c was determined by summing the mass of
that material from all relevant components comp. This value is represented as:

Massi, c,m = ∑
comp

Qi,comp,c,m (6)

Next, the total mass of each material for the entire building category was calculated
by aggregating the masses from all individual buildings within that category. This gives us
the total mass of material m for building category c.

TotalMassc,m = ∑
i

Massi,c,m (7)

Following the material stock calculation, GHG emissions could be determined by ag-
gregating the total mass of each material type across all building categories and multiplying
it by its corresponding emission factor EFm, sourced from established databases such as
Ecoinvent v3.10.1 and IPCC 2021 [90]:

Em = TotalMassm × EFm (8)

TotalMassm = ∑
c

TotalMassc,m (9)

The full component inventory considered in the framework extends beyond the
representative examples discussed in the main text and includes additional heating,
ventilation, plumbing, and electrical elements (e.g., boilers, pumps, valves, sanitary
fixtures, ventilation devices, and electrical equipment). The corresponding compo-
nent definitions, parameter assumptions, and material compositions are documented
in Tables S1–S6 of the Supplementary Materials, drawing on standard building-service lit-
erature and technical sources, including boilers [91,92], pumps and valves [93,94], air-duct
systems [95–98], plumbing components [99–105], and sanitary fixtures [106–110].

3. Results
3.1. Predictor Selection and Correlation Analysis

As mentioned in Section 2.3, predictor selection started with a correlation analysis.
The correlation heatmap (Figure 2) shows how different building parameters relate to
each other, including both positive and negative associations. As expected, building area,
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number of rooms, and number of floors were strongly correlated with total living space,
while the system installation or renovation year showed weak or negative correlations,
suggesting these variables are largely independent from others.

Some unexpected correlations were also found. For example, the matrix showed
unusually strong links between building location (coordinate origins) and variables such as
number of room or demolition year, relationships that have no theoretical basis in infrastruc-
ture planning logic. These effects might result from local clustering (for instance, similar
urban layouts within certain districts) or data artifacts (such as missing or incomplete
records in specific areas). Such variables were excluded to avoid misleading patterns.

Figure 2. Correlation Heatmap of Key Predictors for Building Metrics. Note: The color gradient ranges
from dark purple to bright yellow, displaying the correlation matrix of key parameters. A value of 1
indicates a perfect positive linear relationship, while below-zero values reflect negative associations.

3.2. Predictive Performance and Uncertainty Assessment

To evaluate the robustness of framework under data scarcity, we assessed the perfor-
mance of the regression and neural network models used for data imputation. Continuous
variables were evaluated using R2, and categorical variables by classification accuracy
(results see Tables S7 and S8, Supplementary Materials).

Key building attributes—such as floor area, perimeter, number of rooms, and living space—
exhibited strong predictive performance (R2 often >0.9). Scatter plots and feature importance
diagrams further supported model interpretability (Figure S1, Supplementary Materials).

For categorical variables, the neural network model achieved high accuracy (>90%)
for attributes like hot water energy source and construction type. However, more complex
categories such as building class and heat generator type showed moderate accuracy,
indicating potential for further tuning or additional features.

To assess how uncertainties from ML-based imputation affect MEP stock estimates,
we conducted a sensitivity analysis focusing on imputed variables that directly enter the
parametric radiator sizing rules. One-at-a-time perturbation shows that total radiator mass
is most sensitive to the number of rooms, with changes of around ±5%. Sensitivity to
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heated floor area is lower, around ±2 to 4%, while kitchen classification has only a minor
effect below 2%.

A lightweight Monte Carlo analysis was then performed by perturbing all imputed
inputs simultaneously. At the aggregated stock level, total radiator mass remains highly
stable, with a 5th to 95th percentile range of approximately ±0.35% around the baseline es-
timate (Table S10, Supplementary Materials). This indicates that uncertainty from imputed
inputs mainly affects individual buildings, while aggregation and rule-based constraints
limit its influence on stock-level results.

In addition, a separate local sensitivity analysis was carried out to examine uncertain-
ties related to the design of the parametric rules. Each key assumption was perturbed by
±20% while keeping all other parameters constant (Table S11, Supplementary Materials).
Unit weight assumptions affect total mass proportionally, as expected. Spatial allocation as-
sumptions, such as the number of radiators per room, have the strongest influence on both
component counts and total mass. In contrast, thermal proxy parameters and reconciliation
rules show limited impact on aggregated results.

3.3. Visualization of Material Stocks Within Current Infrastructure

Based on Section 2, the framework successfully estimated material stocks for MEP
components using existing national datasets and key building parameters, and subse-
quently derived their associated GHG emissions. This subsection focuses on demonstrating
how these results can be visualized through the framework, showing its potential to
help decision-makers quickly identify major environmental hotspots in a straightforward
manner, without the need to go through the very technical methodology part. To show
how materials are distributed within the Swiss building stock, Figure 3 compares total
MEP material use across residential, commercial, institutional, and other buildings, while
Figure 4 visualize the flows from building categories to systems, components, and materials,
presenting a more detailed breakdown of them.

Figure 3. MEP Material Distribution Across Building Categories.
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Figure 4. MEP Material Flows Across Building Categories, Systems, Components, and Material:
potential weights generated with framework.

In Figure 3, residential buildings make up the largest share of total material stock,
both in building numbers and overall quantity, showing their strong influence on national
material demand. Commercial and institutional buildings use smaller total amounts but
rely on a wider range of materials.

Figure 4 shows a Sankey diagram generated with the proposed framework, illustrating
the distribution of mechanical, electrical, and plumbing materials across building categories,
systems, and components in the Swiss building stock. Residential buildings account for
the largest share of total material stock, both in number and overall quantity, reflecting
their dominant role in national material demand. Commercial and institutional buildings
contribute smaller totals but exhibit a broader mix of system types and materials.

The diagram highlights the most resource-intensive materials within each building
type. Residential buildings consume the most copper, steel, plastics, and cast iron, while in-
stitutional buildings show higher shares of fiberglass and polyurethane foam in ventilation
systems. The “other” category, though small in building count, displayed unusually high
material volumes and was excluded from detailed analysis for clarity.

Although the analysis is static, it still reflects temporal variation through the age
distribution of components. Older systems tend to use PVC or cast iron, while newer
ones increasingly rely on plastics such as PEX or advanced composites. This material shift
explains differences in reuse and recycling potential, as well as replacement priority across
building vintages.

Plumbing systems and sanitary fixtures, especially ceramics in pre-1990 homes, ac-
count for a substantial share of total mass, while heating and ventilation systems contribute
most to embodied GHG emissions due to their high steel and copper content. Porcelain
stands out as a durable, stable material suitable for circular reuse.

We could aggregate building-level material estimates to the municipality level as
shown in Figure 5, summing the total mass of each material (steel, copper, and fiberglass).
To better visualize the wide range of values, the results were plotted on a logarithmic scale.
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Figure 5. Municipal Distribution of Building System Material Stocks in Switzerland.

Across all three materials, higher sums are concentrated in large urban municipalities
and along major transport or industrial zones, while smaller alpine and rural municipalities
fall on the lower end. Steel and fiberglass display similar spatial patterns, reflecting their
strong association with HVAC and ductwork systems that scale with total floor area and
building complexity. Copper is also concentrated in urban areas, mainly through plumbing
and electrical networks, but its pattern is slightly more scattered, influenced by older
infrastructure in dense city cores.

The maps prove framework’s ability to visualize the results: municipalities with more
buildings and denser systems hold a disproportionately larger share of recoverable material
stocks. These could offer practical guidance for planning logistics and identify prioritized
locations to set up collection or reuse hubs.

To check if the results are comparable to benchmark GHG emissions from existing
studies on MEP components, it is necessary to generate average GHG emissions per build-
ing. The framework-generated building material data were first cleaned and harmonized
to ensure comparability across building types. Based on the material masses and per-unit
GHG emission factors from Ecoinvent 3.10.1 (Table S9), the total and area-normalized
GHG emissions were calculated for each building. To minimize the influence of out-
liers, results were clipped between the 10th and 90th percentiles. The grouped analysis
shows that commercial buildings have the highest average GHG intensity per square me-
ter (~110 kgCO2-eq/m2), followed by institutional buildings (~60 kgCO2-eq/m2), while
residential buildings exhibit the lowest values (~25 kgCO2-eq/m2).

As illustrated in Figure 6, the bar chart represents the average area-normalized GHG in-
tensity for each building type, whereas the curve line (right axis, log10 scale) indicates the
number of buildings in each category. Although residential buildings dominate in quantity,
their GHG intensity remains significantly lower. The “other” category was excluded due to
its heterogeneous composition and some extreme values.

Figure 6. Average GHG Intensity and Building Count by Type (log10 scale).
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3.4. Estimating Future Material Availability from Component Lifespans

The framework was further applied to estimate how the existing MEP material stock
may translate into future material availability based on component lifespans and installation
periods. The analysis covers buildings constructed between 1930 and 2020, excluding pre-
1930 structures (typically preserved as heritage) and post-2020 ones still in early service
stages. Average component lifespans are used as expected values at the building-stock
level, rather than as deterministic replacement points for individual components.

The framework is designed to be adaptable: where reliable data on system renovations
or component replacements become available, these can be directly integrated to refine
the projections. In the absence of such data at the national scale, literature-based lifespan
values are used as a practical approximation.

This analysis adds a temporal layer to the current stock-based exploration. It focuses
on the composition and age distribution of existing MEP components to indicate when
these embedded materials may gradually return to circulation.

Component lifespans were derived from two main sources:

• Recorded installation or refurbishment years (≈ 5% of entries), and
• Building age as a proxy, combined with predefined service lives drawn from pub-

lished studies, industry guidelines, and standards (see Table S6 in the Supplementary
Information [64,111–114]).

While simplified, this method offers a practical way to link existing stock data with
prospective material availability under current data limitations.

Steel was selected as an illustrative example because of its dominant share within
MEP systems and well-documented lifecycle data [36,115,116]. Building on the previous
flow diagram (Figure 4), which showed that most material mass originates from plumbing
and heating components, Figure 7 traces how these component-level stocks evolve over
time. The left panel shows how steel accumulated in Swiss MEP systems from 1930 to 2020.
Although the estimates are approximate, the timeline clearly reflects waves of construction
activity, especially the post-war boom of the 1940s–1960s, when radiators, boilers, and
piping systems were installed at large scale. The right panel projects when this embedded
steel is expected to reach end-of-life based on typical component lifespans. Most of the
steel installed between the 1980s and 2000s is likely to be decommissioned between 2030
and 2050, illustrating the usual time lag between construction and material recovery.

Figure 7. Projected Circular Steel Availability from MEP components by End-of-Life Decades.
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These patterns can inform circular economy planning by indicating when significant
volumes of recoverable steel are likely to re-enter circulation. In total, Swiss MEP systems
currently contain more than 300 kilotons of steel, yet only a small portion will become
available in the near term. This shows that existing in-use stocks, especially those locked
in long-lived service components, represent a strategic starting point for planning future
recovery and circular construction initiatives.

4. Discussion
With potential shortages of critical materials ahead [117], the smart use of embed-

ded recoverable resources will be essential for sustainable infrastructure planning. The
often-overlooked MEP components are gaining more attention because they are resource-
intensive despite their much smaller weight compared to structural systems [29]. Knowing
where these resources are located is essential for planning reuse or recycling strategies. In
this study, we proposed a framework which merges parametric modeling with machine
learning to fill missing data and estimate building system material stocks at scale and at
component level.

4.1. Framework Performance and Contribution

To date, national-scale estimates of MEP material stocks with component-level gran-
ularity remain limited, particularly for approaches that integrate machine learning with
parametric system modeling. The framework developed here fills this gap by linking
incomplete building-level information with component-level installation logic to infer miss-
ing data and connect fragmented datasets. Supervised algorithms (XGBoost for continuous
variables and neural networks for categorical ones) were used to predict unobserved at-
tributes such as living space or number of rooms, both showing strong predictive accuracy.

Unlike most building stock models that directly predict material quantities from limited
metrics, this framework introduces an intermediate “installation logic” layer that reflects how
MEP systems are actually configured. This structure makes the workflow more transparent
and computationally efficient, reducing the need for highly complex black-box models.

For the representative components analyzed (radiators, boilers, heat pumps, air ducts,
water pipes, electrical cables, and plumbing fixtures), the calculated GHG emissions based
on estimated material intensities average about 25 kg CO2-eq/m2 for residential and
111 kg CO2-eq/m2 for commercial buildings. These results are broadly consistent with
published benchmarks, which typically range between 30 and 75 kg CO2-eq/m2 for resi-
dential and 120–145 kg CO2-eq/m2 for office buildings [30,36,115,118,119]. This agreement
is largely explained by methodological similarities, as most benchmark studies also rely
on aggregated material intensities and floor-area-based scaling rather than measured com-
ponent inventories. Where differences occur, they can be attributed to system boundary
choices, particularly the exclusion of auxiliary components and cooling-related subsystems
in the present framework. The slightly lower values found here are expected, likely repre-
senting a conservative lower bound, since the current framework excludes certain auxiliary
components such as control panels, valves, and small fans.

Several factors contribute to this conservative bias. First, compared to studies that
infer MEP materials from material densities, demolition waste statistics or input–output
tables [17,19,21], the framework currently models only key components rather than full
systems. Second, building-level MEP installation data remain limited in Switzerland due
to privacy restrictions, meaning that construction year was used as a proxy for system age.
This can lead to underestimation of older, more material-intensive installations. Third, the
typical Swiss building stock relies heavily on radiator-based heating without centralized
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cooling, which inherently involves less ductwork and cabling than systems in regions
dominated by large-scale HVAC or central air conditioning.

It is important to note that this reliance on benchmark-based validation is not a
methodological shortcut, but rather a response to the fact that data on MEP systems
are widely limited. Unlike structural materials, MEP components are typically installed,
replaced, and upgraded independently over a building’s lifetime and are therefore rarely
documented in BIMs or national building registries. As a result, bottom-up validation
using measured component quantities is currently not feasible at the national scale, not
only in Switzerland but also in most international contexts.

Given this constraint, coherence checks against independent national benchmarks
and published stock-level studies provide an appropriate preliminary validation for large-
scale building stock modeling. The consistent trends observed across building categories
suggest that the framework delivers reasonable order-of-magnitude estimates, even without
detailed component-level installation data.

High-level, top-down approaches based on average material intensities tend to aver-
age out differences across components, regions, building types, and construction periods.
In contrast, component-level estimation helps reveal where differences originate, for in-
stance, there could be higher HVAC shares in commercial buildings or higher densities of
plumbing fixtures in residential buildings. Given the dominance of residential buildings in
Switzerland, the initial component selection is aligned with a residential baseline and does
not yet include some components typical of other building types. Therefore, the current
component set likely leads to an underestimation of total material stocks and associated
GHG impacts. But this could be expanded once more empirical data is collected.

While comparisons with literature-based benchmarks provide a useful first-order
validation at the stock level, they do not constitute independent verification of component-
level estimates. As with any large-scale bottom-up model developed under incomplete
data conditions, compensating errors cannot be fully excluded. Certain components may
be underestimated, such as auxiliary elements (e.g., control units or small fans) that are not
explicitly modeled, while others may be overestimated due to simplified installation rules
or conservative assumptions. At an aggregated level, these opposing effects may partially
offset each other and result in apparent agreement with published benchmarks.

Uncertainty is further introduced by the use of proxy variables where direct installation
data are unavailable. For example, using construction year as a proxy for installation age
when installation data is unavailable may lead to misestimation, as in reality older, heavier
components (such as radiators) might have been replaced by lighter, modern systems. The
framework therefore uses recorded information whenever available, with proxy-based
estimation applied only as a fallback. As more detailed installation or replacement data
become available, these uncertainties can be reduced without altering the underlying
framework logic.

4.2. Material-Specific Recovery and Circularity Potential

While our study estimates the mass and embodied GHG emissions of various materials,
these materials differ in their actual circularity potential, depending on how easily they can
be recovered, and subsequently recycled, reused, or refurbished.

Copper and steel were highlighted as materials with the highest cumulative GHG
emissions. Although reuse of steel components could cut greenhouse gas emissions by
60–80% compared with recycling or new production [120], the reuse of MEP components
such as radiators remains rare in practice, less than 5% [121,122]. Sector-specific studies
show that reuse of building service components is largely confined to small, niche second-
hand markets rather than mainstream recovery pathways.
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This limited uptake reflects both technological and systemic factors. From a technology
perspective, older radiators are often incompatible with current heating system trends,
which increasingly favor low-temperature systems, heat pumps, and underfloor heating.
From a system perspective, the recycling chain for metals in Switzerland is highly mature,
with recycling rates for steel and copper already exceeding 75–90%, making material
recovery a more established and economically efficient pathway than component reuse.
These metals have well-established recovery markets, yet the predominant end-of-life
strategy remains recycling. For example, in Switzerland, metal recycling rates already reach
75–90%, supported by well-established collection systems [123].

Empirical investigations of construction and demolition waste treatment further indi-
cate that service components are typically dismantled only to the extent required for metal
recovery, with limited separation at component level due to time constraints, manual labor
requirements, and liability concerns at CDW facilities [122–124].

As a result, reuse of radiators and other steel-based MEP components remains
marginal, despite their theoretical reuse potential. A similar pattern is observed for porce-
lain components such as bathtubs, which exhibit high cumulative embodied emissions
but face limited reuse due to handling difficulties, esthetic preferences, and a lack of
standardized secondary markets.

Polymer-based components such as plastic pipes pose different challenges. Even
though single-material thermoplastic pipes like PVC, PE, and PP are technically fully
recyclable, their actual recovery rate is still low. Most are only reaching the end of their first
service life, and separate collection systems for these materials are still rare [125,126]. As a
result, plastic piping contributes little to circular material flows in practice and is usually
downcycled into low-grade aggregates or sent to landfill.

These examples point to a broader pattern. While recycling and reuse are beneficial
for circularity, and, in most cases, provide greater environmental benefits, their large-scale
implementation is often limited by design and market barriers. The actual circularity
potential is determined by factors such as how easily something can be disassembled, its
physical condition, whether it fits modern systems, and whether there is a functioning
second-hand market. Integrating these insights into the framework presented in this
work would make it possible to estimate not only embodied emissions but also secondary
material flows and upscale reuse opportunities, linking building-stock modeling more
directly with circular economy and planned strategies.

4.3. Outlook

Internal cross-validation showed that the framework performs consistently, but
broader testing with real-world data will be an important next step. External valida-
tion could be improved if empirical installation or maintenance data become available in
the future, for instance through collaboration with housing management companies. As
such data are typically not publicly accessible and may remain confidential, the framework
is designed to allow assumptions and parameters to be easily tuned once empirical evi-
dence becomes available, for example by incorporating additional measured data such as
cable lengths or duct volumes.

At the same time, the framework is intentionally transparent and flexible. By sepa-
rating data-driven imputation from rule-based installation logic, it allows assumptions
to be clearly adjusted based on local expertise and data availability. While Switzerland
provides a data-rich testbed for this study, the framework is designed to function even
when detailed building data are unavailable. To support application in other national
contexts, we therefore define a Minimum Functional Data Set consisting of the following
core attributes:
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(i) Primary Geometries: Basic descriptors of building size, such as footprint area and
height or number of floors.

(ii) Functional Classification: A coarse building use or typology classification.
(iii) Temporal Indicators: Aggregated construction or renovation periods expressed in

broad time bands.
(iv) Internal Scale Proxies: Simple indicators of occupancy or internal density, such as

average dwelling size or the number of dwellings.

These inputs, often derived from cadastral data, satellite-based products, or statistical
averages, are sufficient for the machine-learning module to impute missing attributes.

Furthermore, the modular parametric design facilitates regional customization. For
instance, while the Swiss building stock is largely characterized by radiator-based heating
without active cooling, other regions may rely more heavily on centralized HVAC systems.
In such cases, the same framework can be applied by updating the connectivity matrix and
installation assumptions, rather than retraining the entire model.

Another key next step is to translate the quantified material stocks into realistic
recovery and reuse flows. This requires integrating component-specific recovery rates that
reflect market and technological conditions, which are currently insufficiently documented
for MEP systems.

Future research efforts can build on the presented work by integrating the static model
with projections of new construction and records of building renovation to establish a
dynamic stock with scenario-based circularity analysis of materials within building service
systems. As national databases begin to include more detailed MEP information, the
framework can be expanded to cover additional components such as lighting, control
panels, or secondary ducts.

5. Conclusions
This study presents a transparent and adaptable framework for estimating material

stocks in building systems when data are fragmented or incomplete. It focuses on the
often-overlooked “black box” of MEP components, which make up a small fraction of total
building mass but are highly resource-intensive and contribute significantly to embodied
carbon. To date, no large-scale dataset exists for them worldwide.

The proposed framework is one of the first systematic attempts to model material
stocks and flows within MEP systems. By combining machine-learning imputation with
parametric modeling and expert knowledge, the framework enables structured, component-
level assessments across different building types and system configurations.

It also supports spatial visualization and scenario interpretation, helping planners
locate material hotspots and prioritize cities for action. By linking stock estimates with
greenhouse-gas indicators, it creates a foundation for resource management under the
circular economy goals. Beyond static estimation, the setup allows it to incorporate typo-
logical and temporal dimensions, captures how MEP materials evolve over time and when
recoverable resources may re-enter circular loops.

Validation against existing MEP stock studies shows consistent greenhouse-gas es-
timates, supporting its use as a potential lower-bound reference. Future work should
focus on empirical validation through collaboration with housing agencies and facility
managers to record more details on components installation datasets and keep good track
of them. Expanding regional design rules and localized datasets will further strengthen
its contextual adaptability. With continued refinement, the framework could become a
practical decision-support tool for material recovery, decarbonization, and sustainable
construction planning.
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Validation against existing MEP stock studies shows consistent greenhouse gas es-
timates, supporting the use of the framework as a conservative, lower-bound reference
under current data constraints. Future work can further strengthen the approach through
empirical validation, for example via collaboration with housing agencies or facility man-
agement actors to access more detailed installation or maintenance records. Expanding
regional design rules and localized datasets would also enhance its contextual applicability.

Despite ongoing limitations in data availability, this study demonstrates that mean-
ingful progress can still be made toward understanding MEP material stocks at scale and
at a higher level of detail. Rather than seeing data gaps only as constraints, we also take
this challenge as a motivation to develop methods that operate under realistic conditions,
i.e., when MEP data cannot be retrieved. In this sense, the work is intended as a starting
point rather than a final solution. By making individual MEP components visible at the
stock level, it aims to stimulate further research, encourage closer collaboration between
researchers and data holders, and raise awareness of the importance of MEP systems in
sustainability and circular economy discussions.
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The following abbreviations are used in this manuscript:

ANN Artificial Neural Network
BIM Building Information Modeling
BSM Building Stock Modeling
CE Circular Economy
CDW Construction and Demolition Waste
EGID Federal Building Identifier (Switzerland)
GHG Greenhouse Gas
GWR Swiss Federal Building and Housing Register
HVAC Heating, Ventilation, and Air Conditioning
LCA Life Cycle Assessment
LCI Life Cycle Inventory
MFA Material Flow Analysis
MEP Mechanical, Electrical, and Plumbing
ML Machine Learning
PDP Partial Dependence Plot
PVC Polyvinyl Chloride

R2 Coefficient of Determination
UBEM Urban Building Energy Modeling
XGBoost Extreme Gradient Boosting
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