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Abstract: With the advancement of building energy efficiency simulation technology, sensitivity analysis

has become increasingly important in optimizing architectural design. This study examines typical rural
dwellings in the Beijing—Tianjin—Hebei region, using Regional Sensitivity Analysis (RSA) to assess how

design parameters affect energy consumption, carbon emissions, costs, and thermal comfort. Eleven

parameters were analyzed through 1,000 simulations, including insulation type, envelope geometry, and
photovoltaic configuration. Eave depth showed the highest sensitivity for all metrics, while roof insulation

thickness and PV panel angle strongly influenced thermal performance and cost. The study also applies an
RSA workflow to mixed continuous and categorical variables, with binning adjustment improving sensitivity

results for discrete parameters. Based on sensitivity findings, differentiated optimization strategies were
proposed: prioritizing passive shading and roof insulation for comfort optimization, while focusing on PV

system scale for carbon emission and cost control. This study provides quantifiable evidence for low-carbon,

efficient, and comfortable design in rural buildings.

1. Introduction

Under the “dual carbon” targets[1], the construction
industry must reduce energy use and emissions while
maintaining comfort and cost-effectiveness. Building
Performance  Simulation (BPS) supports design
optimization by quantifying parameter impacts[2], yet
efficiently determining the relative significance of
multidimensional variables in materials, structures, and
equipment remains a core challenge.

Sensitivity analysis (SA) has a long history in building
performance simulation (BPS), predating energy
consumption models from the 1980s and evolving into a
core method for evaluating design uncertainties|3,4].
Traditional local SA relies on gradient information,
offering intuitive insights but overlooking multi-
parameter nonlinearity; while global SA (GSA)
comprehensively assesses full-range impacts, it struggles
to capture condition dependency [5,6]. Regional
sensitivity analysis (RSA), as a semi-global approach,
reveals how parameters influence performance across
different ranges through the binning mechanism of output
cumulative distribution functions [7]. This exposes the
conditional dependency of parameters on varying
performance levels, facilitating the identification of
critical performance points and enabling differentiated
optimization strategies|[8].

For rural dwellings in northern China, the architectural
forms are relatively uniform, primarily featuring brick-
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concrete structures with rudimentary envelope systems[9].
Heating and cooling systems are also simplified, typically
relying on scattered coal or electric heating [10].
Performance optimization primarily relies on envelope
design and passive measures, with significant feasibility
impacts stemming from residents' economic conditions
[11], material availability, and policy direction [12].
Therefore, applying the RSA method to this building
category can not only identify conventional “key
parameters” but also reveal how their relative importance
shifts across different objectives—energy efficiency, low-
carbon performance, comfort, and cost [13]. This
facilitates the development of more targeted and
actionable optimization strategies.

This study examines typical rural dwellings in the
Beijing-Tianjin—Hebei region, selecting 11 design
variables spanning geometry, materials, and photovoltaic
configurations. Using SALib to implement the RSA
method, sensitivity and pattern analyses were conducted
for four metrics: annual electricity use, carbon emissions,
global cost increment, and thermal discomfort hours. The
main contributions are: (1) an RSA workflow for mixed
discrete—continuous variables, reducing sensitivity bias in
categorical data; (2) identification of variation patterns in
parameter importance across performance levels; and (3)
a differentiated optimization strategy providing
quantitative guidance for low-carbon, efficient, and
comfortable rural housing design.

© The Authors, published by EDP Sciences. This is an open access article distributed under the terms of the Creative Commons Attribution License 4.0
(https://creativecommons.org/licenses/by/4.0/).
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2. Methodology

2.1. Overview of the Principles of Regional
Sensitivity Analysis (RSA)

Regional Sensitivity Analysis (RSA) is a sensitivity
analysis method based on output distribution
characteristics. Its core approach involves binning the
cumulative distribution function (CDF) of model outputs
to compare differences in the conditional distributions of
input variables across distinct performance intervals,
thereby characterizing how variable importance shifts
under varying performance levels. This method can be
regarded as a semi-global, distribution-based sensitivity
analysis capable of revealing nonlinearities, threshold
effects, and conditional dependencies in input-output
relationships [14,15].
The model is formalized as:

X = (X, Xy, o, Xi), k €N 6))
Y = F(X) (2)

2.2. Partitioning Mechanism (Based on
Cumulative Distribution Function CDF)

In RSA, the “regional” aspect is defined by partitioning
the model output space into bins. A cumulative
distribution function (CDF) of all outputs is first
computed:

Fy(®) =P(Y <t) (3)
Quantile points are then obtained as:
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With ( m =20 ) in this study—this value is the default
in the SALib library and is widely used for RSA
sensitivity analysis—producing intervals:

B ={y?|q;.. <y® <q,} (5)

This ensures each bin contains outputs of similar
performance levels and adequate sample numbers, which
is more robust than direct slicing by (Y) value. For
categorical (discrete) inputs, whose values change in
jumps rather than smoothly, sensitivity estimates may be
biased by category codes within different CDF regions.
To mitigate this, discrete variables are one-hot encoded
before RSA, preserving distribution trends without
numeric ranking effects.

2.3. Conditional
Framework

Probability Interpretation

For an input variable X,,, its conditional distribution
within the jth interval can be described by the conditional
mean and variance:
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RSA compares the front interval (low percentile, e.g.,
Biow) with the rear interval (high percentile, e.g., B;gp):

Low-value interval (front of array): Represents
excellent performance (e.g., low energy consumption, low
carbon emissions, high comfort)

High-value range (rear of array): Represents degraded
performance (e.g., high energy consumption, high carbon
footprint, low comfort)

The sensitivity index can be defined as:

Su = .uulBlow - 'uu|Bhigh (8)

2.4. Analytical Tools

Determination

and Sample Size

To balance analytical precision and computational
efficiency, this study employs the SALib open-source
Python library to implement the RSA method. SALib's
built-in RSA module efficiently performs:

- Construction and binning of the CDF for output data

- Calculation of conditional distribution parameters

- Evaluation and ranking of sensitivity indices S,

For sample selection, Latin Hypercube Sampling
(LHS) was employed to generate (N = 1000) sample
points covering the full range of input variables. This
sample size ensures numerical stability in sensitivity
assessment while aligning with computational resource
constraints in engineering calculations[16].

3. Case Study

3.1. Research Subjects and Reference Model

This study analyzes energy-saving retrofits for typical
rural residences. Consequently, such projects are
generally cost-sensitive, employ straightforward and
easily implementable retrofit technologies. They also
ensure the benchmark model used in this study possesses
realistic representativeness and engineering feasibility.
These characteristics make rural housing retrofits an ideal
testing ground for validating sensitivity analysis methods
and exploring differentiated optimization strategies.

Fig. 1. Baseline Model Example

A sample survey revealed [10] that the main house
lengths ranged from 10.50 m to 18.10 m, with a median
of 13.85 m and an average of 13.91 m. Based on
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preservation status and structural integrity, Farmhouse A
was selected as the reference model (see Figure 1).
Constructed using the Rhino plugins Ladybug+ Honeybee,
it supports dynamic thermal-humidity coupled simulation.
Model geometric parameters were derived from field
measurements: wall thickness 0.41 m (clay brick +
mortar); The HVAC system includes air conditioning +
electric heating (COP=3.2), with loads based on TMY
meteorological data (Tianjin station). To validate the
model, calibration was performed using monthly bills and
field monitoring data, achieving RMSE<10%. Operating
conditions reflect the impact of rural residential behaviors
and clothing thermal resistance on building loads,
providing a foundation for subsequent thermal comfort
index calculations [17].

3.2. Parameter Definitions and Coding

3.2.1 Definition of Independent and Dependent
Variables

To investigate the mechanisms by which different design
parameters influence building performance, this study
defines 11 independent variables (X1-X11), detailed in
Table 1. Independent variables encompass insulation
material types, geometric dimension parameters, and
photovoltaic system configurations; dependent variables
include: Y1: Electricity consumption (kWh); Y2: Carbon
emissions (tCOze); Y3: Incremental global cost (CNY);
Y4: Thermal discomfort hours (h), reflecting occupant
comfort.

The study's independent variables include both
continuous parameters (e.g., insulation thickness, eave
depth, PV panel angle) and discrete parameters (e.g.,
insulation material type, window type, exterior wall/roof
cladding material). This mixed-type input poses unique
challenges for sensitivity analysis methodologies.

Table 1. Summary of Design Variables and Ranges

Code Variable Type / Range
X1 Insulation material Categorical (3)
X2 Wall'insulation 0.14-0.29 m

thickness
X3 Roof‘insulation 020-0.30 m
thickness
X4 Floor. insulation 0.07-0.20 m
thickness
X5 Window type Categorical (2)
X6 Eave depth 0.6-1.5m
X7 Window trim length Categorical (2)
X8 Exterior wall finish Categorical (3)
X9 Roof finish Categorical (3)
X10 PV module quantity 1-24
X11 PV tilt 3-15°

3.2.2 Discrete Variable Handling and One-Hot
Encoding

In regional sensitivity analysis (RSA), when binning
cumulative frequencies, samples may concentrate in a
limited number of bins if discrete variables have few

categories. This leads to systematic amplification of
sensitivity indices, compromising the accuracy of variable
importance rankings.

To mitigate this bias, this study employs one-hot
encoding to transform each categorical variable into
multiple binary features (taking values 0 or 1 to indicate
membership in the category) [2]. This allows them to be
treated as “continuous variables” during binning. This
approach ensures distribution uniformity while avoiding
spurious ordinal relationships between categories.
Following encoding, these features can be input alongside
continuous parameters into simulation models and RSA
analysis.

4. Results and Discussion

4.1. Comprehensive Processing of Results Data

In the RSA results, multiple NaN values appeared in the
sensitivity indices for Y1 (electricity consumption).
Cumulative distribution plots (Figure 2) show Y1’s data
distribution starts at a 50% cumulative frequency, causing
NaNs at lower percentiles. Consequently, sensitivity
calculations at lower percentiles produce NaN values.
This does not indicate analysis failure but rather signifies
insufficient variation in certain regions of the data
distribution to compute sensitivity.

When a large number of samples cluster around the
same value, the binning mechanism of the RSA method
fails to effectively distinguish between different samples.
This leads to division by zero or undefined conditions
during sensitivity index calculations, resulting in NaN
values. This phenomenon is not unusual in building
energy consumption analysis; rather, it reflects the
physical reality that buildings can achieve their theoretical
minimum electricity consumption under specific

parameter combinations.

Y1-Count Y2-Count
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Fig. 2. Dependent variable statistical relationship, with the
vertical axis representing Y values and the bars indicating
technology.

Data processing for RSA sensitivity analysis was
conducted as follows. For Y1 (electricity consumption),
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two data subsets exhibiting anomalous spikes were
identified and excluded; the arithmetic mean of the RSA
sensitivity index was then calculated using the remaining
valid data. For Y2, Y3, and Y4, data distributions were
stable, allowing direct calculation of the arithmetic mean.

The final RSA sensitivity analysis results shows that
discrete variables consistently exhibit higher sensitivity
values than continuous variables, including insulation
material type (X1), window type (X5), window sill length
(X7), exterior wall finish material (X8), and roof finish
material (X9), with consistent rankings across all four
indicators. This reflects both the foundational influence of
these construction types and the systematic amplification
effect of the RSA partitioning mechanism on categorical
variables.

4.2. Trends and Physical
Regional Sensitivity Analysis

Interpretation of

In the sensitivity array, the front section reflects lower Y
values and the rear higher Y values. For Y1 (electricity
consumption), low values imply more energy-efficient
configurations; for Y4 (thermal discomfort hours), high
values indicate less comfort. This conditional-probability
framework reveals how parameter importance shifts
across performance levels. Data with unexplained
fluctuations—e.g., separation variables Y3, X5 and X7—
are omitted.

4.2.1 Trend of RSA Results for Separated Variables
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Fig. 3. Trend of RSA Results for Separated Variables

Fig. 3 reveals distinct response patterns among separated
variables. In Y2 (carbon emissions), the intersection of
X1 _0(EPS)and X1_1 (XPS) at the CDF midpoint defines
a critical performance threshold. While the overall
sensitivity of cladding (X8, X9) is stable, specific material
traits shape their peak responses: cement tile (high
absorption) responds more at low emissions, light

linoleum (low conductivity) at medium, and steel exhibits
marked fluctuations.

In Y4 (thermal discomfort hours), material responses
diverge contextually: XPS surges under high discomfort,
whereas RWI1 maintains elevated sensitivity in
low-discomfort ranges before declining, and EPS remains
stable. For X8 materials, lime mortar and cement mortar
peak at moderate and high discomfort levels respectively,
influenced by solar absorption, while tile's low sensitivity
relates to its high thermal mass. An intersection near CDF
group 15 suggests a thermal-comfort inflection point.

Overall, these trends confirm diminishing marginal
benefits: high-performance materials (e.g., XPS) are
crucial under stringent or extreme conditions, while
compensatory options (e.g., RW1) become significant in
lower-efficiency scenarios.

4.2.2 Trends in RSA Results for Continuous
Variables
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Fig. 4. Trends in RSA Results for Continuous Variables

Fig. 4 reveals distinct response patterns among continuous
variables. X10 shows a U-shaped curve in Y2 and Y3,
critical under both low and high carbon-cost extremes but
with differing primary mechanisms (carbon reduction vs.
cost recovery). In contrast, its sensitivity remains low in
Y1 and Y4. X3 is highly volatile in Y1 and Y4 but stable
in Y2/Y3. X6 is most sensitive in Y4, while X11 shows
moderate sensitivity (~10-13).

Although Y2 and Y3 share similar overall sensitivity
distributions, X10's unique nonlinear pattern (decreasing
then increasing in Y2, fluctuating then rising in Y3)
differentiates them. Overall, shading and roof insulation
act as foundational drivers, PV specializes in carbon/cost
optimization, and exterior walls serve as conditional
modulators. These trends reveal indicator dependencies
for continuous variables: shading and roof insulation
serve as foundational drivers, PV specializes in
carbon/cost optimization, while exterior walls function as
conditional modulators.
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5. Conclusion

5.1. Key Findings

This study applied RSA to assess the conditional
sensitivity of design variables across key performance
metrics. The results confirm that variable impacts are
highly nonlinear and contingent on building performance
levels. Key findings include: (1) For discrete variables,
the intersecting sensitivity curves of insulation (X1) and
finish materials (X8/X9) define critical performance
thresholds, dictating material selection (e.g., XPS in high-
efficiency vs. RWI1 in low-efficiency scenarios).
Windows (X5) are a consistently high-sensitivity element.
(2) For continuous variables, eave depth (x10) is
predominant, photovoltaic quantity (x11) shows a U-
shaped carbon/cost sensitivity, and roof insulation (x6) is
central to thermal comfort. These patterns arise from the
dynamic interactions of thermophysical properties across
performance levels.

5.2. Method Applicability, Engineering
Implications, and Future Research Directions

The findings translate into tiered design strategies:
prioritize eave depth (x10) and roof insulation (x6) for
energy/comfort optimization; tailor PV capacity (x11) to
avoid low-sensitivity troughs for carbon/cost control; and
follow a roof > walls > floor insulation sequence,
selecting materials (e.g., XPS or RW1) based on target
performance thresholds. High-performance windows (X5)
should be standardized.

Future work should validate the robustness of these
sensitivity rankings through multi-method comparison
(e.g., Sobol or Morris methods) and expand parametric
coverage under extreme conditions. Cross-climate and
building-type validations are needed to test the
universality of the proposed strategies.
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