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dUniversity of Victoria, BC, Canada

Abstract

The development of building energy performance simulation models often requires signif-
icant time and effort to achieve an acceptable degree of prediction accuracy. As such,
energy modelers introduce various simplifications and assumptions that require a high de-
gree of modeling literacy to avoid any errors in energy predictions. Previous studies relate
these simplifications to the identification of influential building parameters using engineering
judgement techniques that are often subjective and differ based on experts’ opinion. The
proposed methodology accurately defines influential and non-influential building parame-
ters to formulate a guideline minimum dataset in the context of residential building energy
models. The methodology integrates two feature selection techniques (Bayesian Information
Criteria and Least Absolute Shrinkage with Selection Operator) with parametric analysis
to determine the set of influential parameters. The study uses Irish residential archetypes
to compare and validate the subsets of influential parameters using sensitivity rankings and
established validation metrics. The predicted annual energy use lies within 10% of measured
data for both subsets of influential parameters. Thereby, energy modelers could significantly
reduce the time and effort spent on model development while maintaining the desired accu-
racy. The formulated datasets represent only influential features and hence, could be used
by urban planners and energy policymakers to estimate energy retrofit investment costs,
emission reductions and energy savings.

Keywords: Energy modeling, Building Energy Performance Simulation, BEPS, Feature
Selection, Sensitivity Analysis, Parametric Analysis



List of Abbreviations

ANOVA Analysis of Variance.

BEPS Building Energy Performance Simulation.

BIC Bayesian Information Criteria.

COP Coefficient of Performance.

CSO Central Statistics Office.

CV Cross Validation.

DSA Differential Sensitivity Analysis.

EPC Energy Performance Certificate.

EPSIH Energy Performance Survey of Irish Housing.

FS Feature Selection.

GSA Global Sensitivity Analysis.

INSHQ Irish National Survey of Housing Quality.

IWEC International Weather Energy Calculation.

LASSO Least Absolute Shrinkage and Selection Operator.

LSA Local Sensitivity Analysis.

MPE Mean Percentage Error.

PDF Probability Distribution Function.

RMSE Root Mean Square Error.

SA Sensitivity Analysis.

SEAI Sustainable Energy Authority of Ireland.
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List of Symbols

µ∗
i Absolute Mean of Parameter i

σ Standard Deviation

a Minimum Value

Aux Auxiliary Energy Consumption (kWh)

b Modal Value

c Maximum Value

D Variance

DHW Domestic Hot Water Usage (m3/s)

EE Elementary Effects

Equip Equipment Power Density (W/m2)

HSBT Heating Set-Back Temperature (◦C)

HSPT Heating Set-Point Temperature (◦C)

IC Influence Coefficient

IG Information Gain

k Parameter Identity

Km Conductivity value being modified (W/m2K)

Ld Normalized Lighting Density (lx)

N Number of Samples

Occ Occupant Density (people/m2)

OP Output Parameter

r Number of trajectories

Si First Order Effect from Parameters i

Sij Second Order Effect from Parameters i and j

ST i Total Order Effect from Parameters i

SHGC Solar Heat Gain Coefficient
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US−S Surface-to-Surface U-Value (W/m2K)

UDoor Door U-Value (W/m2K)

UFloor Floor U-Value (W/m2K)

UFrame Frame U-Value (W/m2K)

UGlaze Glazed Portion U-Value (W/m2K)

UPart Internal Partition U-Value (W/m2K)

URoof Roof U-Value (W/m2K)

UWall External Wall U-Value (W/m2K)

Vt Light Transmittance Value (%)

WWR Window-to-Wall Ratio (%)

X N *k Matrix

X1,2,..r Trajectory point

Xi Input Parameter i

Y Model Output

YPred Vector of predicted values

YTrain Vector of observed values

Roof abs Roof Solar Absorption

Roof E Roof Emissivity

Wall abs Wall Solar Absorption

Wall E Wall Emissivity

1. Introduction

Despite recent technological advancements in energy technologies, building energy effi-
ciency improvements have not resulted in any significant decline to the continually rising
energy demand [1]. The final energy use of buildings grew from 118 EJ in 2010 to around
128 EJ in 2019. Direct and indirect emissions from electricity and commercial heat used in
buildings rose to an all time high of 10 GtCO2 in 2019. Approximately half of the building
stock in the European Union is at least 50 years old with 75% of these buildings classified
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as ‘inefficient’ based on infrequent renovations [2]. According to a recent report by the Eu-
ropean Commission, enhancing the existing energy efficiency through fabric enhancements
and energy conversion system upgrades could reduce the current consumption trend by 5 to
6% with an associated 5% reduction in CO2 emissions (2030 projections) [3].

The use of Building Energy Performance Simulation (BEPS) has become increasingly
popular in the evaluation and assessment of building energy performance for new and exist-
ing buildings [4]. BEPS tools facilitate energy forecasting and energy performance analysis
with various levels of detail [5]. Such tools implement a suite of detailed physical relations
that employ numerous parameters, the details of which are often not available to modelers
[6]. These parameters are set to default values based on previous literature, prior experi-
ence or industry standards that introduce a gap between simulated predicted and measured
data [7]. Therefore, it is crucial to limit the number of parameters and associate a rank to
each parameter in order to reduce the likelihood of incorrect interpretations. Using these
limited parameters, modelers could have additional time to acquire accurate values of influ-
ential parameters [8]. Modelers could further quantify the uncertainty of the reduced set of
parameters to build confidence in simulation results

Existing BEPS studies on building energy model formulation primarily focus on examin-
ing techniques which improve the post occupancy results of BEPS models [9]. While these
techniques enhance the accuracy of post-occupancy BEPS models, the process provides little
guidance as to how the pre-construction design model can be made more accurate [10]. A
study by Shiel et al. formulated modeling guidelines to aid modelers in generating accurate
models depending on the type of available data [11]. One of the significant modeling aspects
identified in this study linked the overall accuracy of the model to modeler’s interpretation
of the design performance of a building. Another study by Imam et al. investigated the
role of modeling competency of the developer [12]. The authors identified the role of time
limitations and the modeler’s ability to omit or include influential parameters with regard
to the model output. Furthermore, assumptions and simplifications are unavoidable when
developing Building Energy Performance Simulation (BEPS) models and the implication of
these comes with experience [13].

Sensitivity Analysis (SA) is the main method for determining these sensitive parameters
and has been widely investigated in numerous studies and across various sectors [14]. SA aids
the identification of system boundaries in terms of influential parameters, prioritization of
additional data collection, and verification and validation of a model [15]. When developing
a BEPS model, it is important for the energy modeler to have a strong understanding of all
parameters (influential and non-influential) within the model. Numerous studies implement
SA to examine the characteristics of building thermal performance for various applications,
such as building design and retrofit, energy model calibration, and climate change impact
on buildings [16]. An identical procedure is followed when implementing SA for different ap-
plications; the fundamental difference in formulating SA lies in the definition of uncertainty
or probability distribution of input factors [16].

Broadly categorized as local and global SA, the Local Sensitivity Analysis (LSA) operates
on one parameter at a time while keeping other parameters constant at their reference value.
LSA is particularly useful when formulating a BEPS model using limited resources due to the
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ability to outline the accurate set of influential parameters [17]. This technique considers an
equal probability of occurrence for each parameter without considering the effect of range and
shape of the Probability Distribution Function (PDF), thus, undermining any correlations
between input parameters [18]. Differential Sensitivity Analysis (DSA), another variation of
LSA, is commonly used in the BEPS domain to examine the relative influence of different
input parameters [19]. Although DSA reduces the number of required simulations and hence
the computation time, this method assumes the output varies linearly over the range of input
values. Thus, DSA only imparts a partial view of the behavior of any BEPS model and most
nonlinear models are a complex function of the multidimensional space of input factors [20].

LSA methods usually work as a preliminary elimination technique to reduce large sets of
parameters to smaller, more manageable sets for Global Sensitivity Analysis (GSA). Heisel-
berg et al. used the one-parameter-at-a-time method and applied a “sensitivity index” to
omit the less influential parameters prior to the application of GSA [21]. Methods that fall
under this category work on a probabilistic framework whereby the effect and range of an
input parameter are incorporated. Several methods exist under GSA including screening-
based methods, regression methods and variance-based methods. The most popular GSA
method in BEPS is the regression method due to the moderate computational cost and
relative ease of implementation. Although SA methods identify the most influential pa-
rameters, many of these methods lack the means of separating influential parameters from
the non-influential ones that would result in an accurately defined minimum data set. The
majority of SA studies only provide an indication of the most influential parameters and fail
to define a minimum dataset of influential parameters to produce accurate BEPS models.
Furthermore, previous SA literature often defines the minimum dataset using the stepwise
regression approach, which has been found to give unreliable results [22]. Although meta-
models increase the reliability of regression approaches, their application is not set-up for
defining a minimum dataset of parameters [23].

Feature Selection (FS) methods are a potential means of grouping only the most in-
fluential parameters. These methods identify a subset of input parameters that effectively
describe the overall input data while diminishing the effects from noise or irrelevant param-
eters and still provide accurate prediction results within defined accuracy bounds [24]. FS
methods comprise three categories, namely, filter, wrapper and embedded methods. Filter
methods are used as a pre-processing technique to reduce the dimensionality experienced in
wrapper methods, which employ a learning algorithm to score subsets of features according
to their predictive value, thus evaluating the usefulness of a subset [25]. Embedded methods
reduce the computational time of wrapper methods by including the FS method as part of
the training process [26]. A limited number of studies exist in the literature that focus on
techniques that identify the most important features required to enable simplified energy
modeling of residential buildings. For instances, relevant features can be identified using
energy simulation with statistical analysis [19]. Some of these variables include the building
area, U-values, fuel type, dwelling type, and age band. Ali et al. implemented a hybrid FS
process using a combination of engineering and data-driven approaches [27]. Using an avail-
able Energy Performance Certificate (EPC) database of approximately 1,000,000 residences,
the authors identified a list of 16 influential parameters from an initial list of 203 parameters
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for the Irish residential building stock. Existing FS studies usually do not account for any
interaction effects between the identified influential parameters.

This research aims to enhance the identification of influential parameters using an in-
tegration of sensitivity analysis and feature selection methods. The study does not aim
to compare the relative accuracies of both techniques. The proposed methodology uses
the global sensitivity analysis techniques to determine the sensitivity rankings of the input
parameter data. Following this identification procedure, the methodology employs feature
selection techniques on the influential parameter set to formulate a subset of influential
parameters for the archetypes considered in this study.

The main objective of this study is to develop a systematic and integrated methodology
that defines the minimum datasets of most influential parameters for BEPS models. The
proposed methodology implements and compares the results of two GSA methods, namely,
Morris and Sobol methods. These methods associate sensitivity rankings to each parameter
to identify the list of influential parameters. The methodology further combines SA with
FS techniques sequentially to validate the rankings associated with each parameter. This
study compares two FS techniques, namely, Bayesian Information Criteria (BIC) and Least
Absolute Shrinkage and Selection Operator (LASSO) regression. The set of most influ-
ential parameters identified using SA and FS form a guideline minimum set of accurately
defined input data. This guideline dataset facilitates informed decisions regarding model
assumptions and simplifications, which eventually increases the modeling accuracy.

The paper consists of the following sections: Section 2 describes the devised overarching
methodology to identify minimum datasets of parameters influencing the building energy
performance. Section 3 introduces a case study using the Irish residential archetypes to
implement the devised methodology. Section 4 discusses the strengths, weaknesses and
limitations of SA and FS methods. Section 5 describes the conclusion and future work.

2. Methodology

The increasing sophistication of BEPS has significantly extended the number of inputs
required for a given model. Consideration of each parameter often requires appropriate
modeling experience to handle the model assumptions. Furthermore, not all parameters in
a BEPS model influence the outcome of building energy performance simulation analysis.
This study proposes a generic and a sequential implementation of Sensitivity Analysis (SA)
and Feature Selection (FS) techniques using Irish residential archetypes as the validation
case study. These techniques have often been implemented individually and combined and a
sequential formulation is still missing. The integration of these techniques not only enhances
the identified parameter list qualitatively but also renders a generalized and structured list of
parameters that could be used for different case studies. The originality of this research lies in
the integration implementation of these techniques to identify a minimal dataset of influential
parameters that provides sufficient model prediction accuracy for various applications. The
generalized approach not only defines a guideline dataset for a given model but also provides
a means of validating the set of identified influential parameters.
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Figure 1: Process for identification of influential and non-influential parameters for a building.

The proposed methodology performs a SA on building parameters and implements FS
algorithms to segregate the influential and non-influential parameters (Figure 1). The overall
workflow comprises six processes, namely: 1) Data Collection, 2) Data Preparation, 3)
Parametric Analysis, 4) Sensitivity Analysis, 5) Feature Selection and 6) Data Output and
Exchange, to accurately identify influential and non-influential BEPS parameters.

2.1. Data Collection

Data collection is the initial process in the devised methodology and obtains BEPS mod-
els of the buildings under consideration. These BEPS models usually contain information
to implement whole building energy analysis. Typical information in BEPS models include:

• Weather data representing the site;

• Building geometry, floor plan, construction materials, components and HVAC systems;

• Thermal zones inside the building;

• Occupancy patterns, lighting power loads, temperature setpoints and equipment op-
eration by day, week and season and;
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• Energy economics.

BEPS models are usually constructed ab initio after gathering the aforementioned data
for design, renovation design or for use during building operation. Other BEPS application
cases could include archetype modelling for a national building stock of any country (for
instance, TABULA [28]).

2.2. Data Preparation

The data preparation process follows data collection and formulates the sample inputs
for parametric analysis. This process consists of four sequential steps as follows:

1. Range Determination: Determine suitable ranges across which the parameters can
vary. These ranges are extracted from the input parameter data;

2. Probability Distribution Identification: Assign probability distributions to describe
the likelihood of the values within the selected range. This is an important step since
the range and shape of the probability distribution attributed to each parameter can
affect the overall SA results if non-linear interactions are present amongst the studied
parameters;

3. Sample Generation: Generate samples from probability distributions to formulate the
data for the implementation of SA and FS algorithms. This study demonstrates the
application of Factorial and Sobol sampling techniques. The factorial sampling pro-
cedure converges faster when used in conjunction with the Morris method. Similarly,
the Sobol sampling method converges on mean estimates when used when carrying
out Sobol SA;

4. Input Conversion: Convert and arrange sample inputs for parametric analysis in line
with the simulation environment (for instance, jEPlus [29]).

2.3. Parametric Analysis

Parametric analysis is executed prior to any sampling-based SA on a BEPS to generate
samples of data for the input space of each parameter and the corresponding output. The
degree of information given to the input parameters (described by the PDF) in a parametric
analysis has a significant effect on the outcome of the SA [30, 31]. This process uses input
samples generated in the data preparation process to execute parametric analysis using
jEPlus [29].

jEPlus is an interface for EnergyPlus software to perform parametric simulations. The
following three steps are crucial prior to the insertion of input samples in jEPlus.

1. Convert the simulation file into EnergyPlus IDF file format;

2. Enter Parameter Search Tags within these IDF files and;

3. Convert Input into Precursors for jEPlus/EnergyPlus. Certain parameters within the
input sample matrix are converted into precursors, such as thermal conductivity, in
order to be compatible with EnergyPlus.

After the execution of aforementioned steps, a parametric analysis is run in jEPlus using
the converted input matrix to identify the output matrix.
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2.4. Sensitivity Analysis

SA identifies the cluster of sensitive parameters and associates a sensitivity ranking to
each parameter. This study implements two GSA techniques, namely Morris and Sobol
methods.

The Morris SA method is a computationally inexpensive method widely used in the
literature [32]. The Morris method is often combined with factorial sampling that generates
parameter trajectories in order to efficiently cover the input space. One point within a
trajectory represents one evaluation run of the model (i.e., one sample). The magnitude of
variation in the model output, Y, due to variation in one parameter X is called elementary
effect (EE) and is described as:

EEi =
Y (X + ei4i)− Y (X)

4i

(1)

Where, X is a N ∗ k matrix of model inputs X with N samples and k parameters. ei
is a vector of zeros except for the ith components, which equals ±1 and represents the
incremental change in parameters i.

The Sobol method falls under the group of Analysis of Variance (ANOVA) methods [33].
ANOVA SA is based on the functional decomposition scheme illustrated in Equation (2)
that leads to the ANOVA decomposition of the total model variance [17]:

V (Y ) =
∑
i

Vi +
∑
i

∑
j>i

Vij + ...+ Vij...k (2)

Where, Vi = V (E(Y Xi)) is the influence each parameter has on the total variance of
the output with the inner expectation operator denoting that the mean of Y is taken over
all possible values of Xi, and Vij = V (E(Y Xi, Xj)) − Vi − Vj is the interaction effect of
parameters Xi and Xj. This process is continued for all higher order effects until V(ij. . . k).
First and total order effects are normalized into indices between [0,1].

2.5. Feature Selection

Not all building parameters of a BEPS are equally likely to influence the building energy
use. It is, therefore, crucial to identify these influential features that significantly influence
building energy performance at individual building level. The FS process provides a potential
means of grouping only the most influential parameters. This process removes irrelevant and
redundant information and only selects the set of informative features that influence building
energy performance. Amongst the different available FS methods, this study implements
the embedded FS technique, Least Absolute Shrinkage and Selection Operator (LASSO), as
this method combines the benefits of both filter and wrapper techniques (Figure 2). The
computation time required for reclassifying different subsets in wrapper methods is reduced
in embedded methods by incorporating the FS as part of the training process (Figure 2)
[26].
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Figure 2: FS Process Chain Including Embedded Technique Illustrated in Component Block [34]

The LASSO technique was introduced by Tibshirani as a means of eliminating less in-
formative variables in least squares multiple linear regression [35]. The Lagrangian form of
the LASSO equation is defined by [36]:

β̂ = min
N∑
i=1

(
yi − βo −

p∑
j=1

xijβj

)2

+ λ

p∑
j=1

|βj|1 (3)

Where, λ ≥ 0 is a complexity parameter that controls the amount of shrinkage of the
L1-norm penalty. yi is the response variable and xij is the covariate vector. This FS method
is said to outperform other traditional filter and wrapper methods and has advantageous
characteristics such as interpretability, generalization ability and numerical stability [37].
The important parameter in the LASSO equation is the regularization parameter λ, which
determines the regression coefficients to be neglected, thus eliminating the respective param-
eters. Continuous shrinkage often improves the prediction accuracy due to the bias-variance
trade-off. This study further integrates the Cross Validation (CV) approach to determine
the value of λ. The CV approach takes the training data from the parametric analysis and
splits it into k subsets and trains the regression model on k − 1 while holding out the last
subset for validation.

The FS process further uses an exhaustive search algorithm capable of selecting an opti-
mum subset model based on a certain information criteria. The main aim of this criteria is
to determine a parsimonious model that gives a trade-off between bias (distance between the
average estimate and truth) and variance (spread of the estimates around the truth). This
study implements the Bayesian Information Criterion (BIC) to penalize model complexity
and identify a model with lesser parameters than the original model (Equation 4).

BIC = K · log(n)− 2 log(ς) (4)

Where, K is the number of estimable parameters (bias-correction term), K · log(n) is
penalty term and log(ς) is the log-likelihood at its maximum point of the model estimated.
It is worthwhile to mention that when analysing candidate models using BIC through scores
and weights, a degree of ‘common sense’ is required to select the appropriate model. Ques-
tions concerning the strength of evidence for the models in the set are best addressed by doing
an analysis of residuals, adjusted R2, and other model diagnostics or descriptive statistics.
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Finally, the FS results are evaluated using validation metrics such as Mean Percentage
Error (MPE) and Root Mean Square Error (RMSE).

2.6. Data Output & Exchange

This is the last process of the proposed methodology and mostly organizes and classifies
the obtained minimal output dataset to be used across different interoperable platforms.

3. Demonstration Cases

This study uses the Irish building archetypes that were originally developed by Neu et
al. [38] and are based on a report by the Department of the Environment, Community
and Local Government (DECLG) [39]. These are deemed to be representative of over 80%
of the Irish building stock. The archetypes comprise of five geometric configurations; each
with three different material sets (i.e., new insulated cavity wall, existing uninsulated cavity
wall, and existing uninsulated hollow block wall), thus, resulting in fifteen BEPS models.
The physical dimensions of the archetypes are consistent throughout each construction,
therefore, these fifteen different models are reduced to five based on a similar research
work by Famuyibo et al. [40]. The authors conducted a statistical analysis of two housing
databases (Energy Performance Survey of Irish Housing (EPSIH) and the Irish National
Survey of Housing Quality (INSHQ)), which led to the development of average, or “most
probable” characteristics of different Irish dwelling archetypes. This justifies the use of five
archetypes instead of fifteen. These five archetypes are used as the basis of this study and
are as follows:

1. A two-storey detached dwelling (hereafter referred to as “detached”);

2. A two-storey semi-detached dwelling (hereafter referred to as “semi-detached”);

3. A single-storey detached dwelling (hereafter referred to as “bungalow”);

4. A mid-floor apartment (hereafter referred to as “mid-flat”) and;

5. A top-floor apartment (hereafter referred to as “top-flat”).

Figure 3 offers a 3D representation of these archetypes. A more detailed description
of these dwellings is included in Appendix A. Top-flat and mid-flat apartments are sim-
ulated by adjusting the boundary conditions of building surfaces. Table 1 enlists the 24
parameters included under the scope of this study. These parameters are extracted from the
EPC datatset published by the Sustainable Energy Authority of Ireland (SEAI). The list
of parameters includes building fabric parameters (U-values), building energy use, building
equipment parameters (lighting densities), ventilation and occupancy.

3.1. Data Collection

The data collection process extracts BEPS data from various sources, namely, ASHRAE
international weather database, the building census dataset and previous works published
by [19, 38, 40]. The weather database comprises the International Weather Energy Cal-
culation (IWEC) files for various locations in Ireland. These files are compatible with the
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(a) (b)

(c) (d)

Figure 3: 3D visualizations of model archetype dwellings illustrating a representative variation in archetype
geometries: (a) Detached; (b) Semi-detached; (c) Bungalow; (d) Apartment.

EnergyPlus simulation engine. As a majority of the Irish residential dwellings are located
in the Dublin county, this study simulates the archetypes using the EnergyPlus weather file
of Dublin. The census dataset, published by the Central Statistics Office (CSO), provides
the number of buildings in any area and other key information such as average person per
household [41]. Previous studies provide the archetype BEPS models for simulation and
these models contain information regarding building geometry, floor plan, construction ma-
terials, HVAC components, systems, thermal zones, occupancy schedules, lighting power
loads, temperature setpoints and equipment operation [19, 38].

3.2. Data Preparation

The data preparation process extracts sample inputs for parametric analysis from the
aforementioned data sources. The first step outlines the suitable range and modal values
of building parameters across which the parameters can vary (see Table 1). The modal
values represent the most common occurring parameter values in the Irish housing stock.
It is worthwhile to mention that both the floor and roof U-values are not examined for the
mid-floor apartment. This is due to the assumption the floor and ceiling are adjacent to
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Table 1: Range & Modal Values of Building Parameters.

Parameter Unit Acronym Min Max Bungalow Detached Semi-Detached Top-Flat Mid-Flat

Wall U-Value W/m2K UWall 0.1 1.1 0.5 0.5 0.5 0.5 0.5
Roof U-Value W/m2K URoof 0.1 0.9 0.33 0.33 0.33 0.33 0.33
Floor U-Value W/m2K UFloor 0.1 1.1 0.58 0.58 0.5 N/A N/A
Internal Partition U-Value W/m2K UPart 1 3 2.075 2.075 2.075 2.075 2.075
Door U-Value W/m2K UDoor 0.5 3 2.041 2.041 2.041 N/A N/A
Frame U-Value W/m2K UFrame 0.5 4.5 3.633 3.633 3.633 3.633 3.633
Glazed Portion U-Value W/m2K UGlaze 0.6 4.6 3 3 3 3.25 3.25
Window-to- Wall Ratio % WWR 10 70 24.8 22.23 24.41 30.5 30.5
Solar Heat Gain Coefficient SHGC 0.1 0.9 0.4 0.4 0.4 0.4 0.4
Light Transmittance Value Vt 0.19 0.99 0.56 0.56 0.56 0.56 0.56
Domestic Hot Water Usage L/m2day DHW 0.5 3.5 158.9 158.9 110.5 85.6 85.6
Auxiliary Energy Consumption kWh/m2yr Aux 1 5 2.13 1.75 1.89 2.98 3.19
Heating System Seasonal COP COP 0.5 2.5 0.8 0.8 0.8 0.8 0.8
Building Orientation ◦ Orientation 0 359 N/A N/A N/A N/A N/A
Normalized Lighting Density W/m2-100lx Ld 1 9 3.025 2.92 2.95 3.29 3.29
Equipment Power Density W/m2 Equip 1 21 1.56 1.47 1.61 1.9 1.9
Wall Solar Absorptivity Wall abs 0.15 0.95 0.7 0.7 0.7 0.7 0.7
Roof Solar Absorptivity Roof abs 0.15 0.95 0.7 0.7 0.7 0.85 N/A
Wall Emissivity Wall E 0.15 0.95 0.9 0.9 0.9 0.9 0.9
Roof Emissivity Roof E 0.15 0.95 0.9 0.9 0.9 0.9 N/A
Heating Set-Point Temperature ◦C HSPT 18 23 21 21 21 21 21
Heating Set-Back Temperature ◦C HSBT 10 14 12 12 12 12 12
Air Changes Per Hour h−1 ACR 0.5 1.5 0.74 0.87 0.94 0.87 0.87
Occupancy Person(s) Occ 0 7 2.7 2.7 2.7 2.7 2.7

the apartments above and below with similar internal temperatures. Therefore, these are
assumed to be adiabatic surfaces. The same assumption is made for the top-floor apartment
except the roof U-value is considered. Finally, the external door for both the mid and top-
floor apartment is assumed to open on to a corridor of similar internal temperature, and
therefore represents adiabatic surface.

The second step is to assign probability distributions to each parameter, which requires
an extensive size of the parameter input data. The probability distributions are assigned
and generated using the SimLab v2.2 SA software [42]. The EPC database published by the
SEAI offers a large database of several building energy performance parameters, however,
this database only covers four of the twenty-four parameters being studied in this work.
Due to this lack of readily available parameter information, this study employs a triangular
distribution to describe the parameter input space. This approach is deemed suitable given
that a triangular distribution offers an appropriate representation to describe the probability
of a parameter value when there is insufficient data available. It is worthwhile to mention
that this study assigns a uniform distribution to the building orientation parameter. while
building designers look to optimize solar gains by placing the majority of glazed windows
to the south, the orientation of the building is typically dependant on the direction of the
adjacent roadway. Previous studies often do not define the average building orientation
and given the vast variations in roadway directions, the parameter value is deemed equally
probable.

The third step in the data preparation process involves input sampling using factorial
and Sobol sampling methods. The factorial sampling method is essential to execute Morris
SA and involves a number of individually randomized one-factor-at-a-time samples, where
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all parameters are varied in such a way that covers the entire input space, thus, giving global
characteristics to the Morris method. The BEPS model is represented by a function y(x)
where y is the output variable of interest (scalar) and X is a vector of real input variables
with k-coordinates, each input variable being defined within the range of a continuous in-
terval. Factorial sampling creates several trajectory points of design parameters until all
the parameters are characterized by two different values, therefore, creating a set of (k +
1) independent parameter vectors which closes the trajectory. This procedure is repeated r
times creating a set of r(k+1) trajectories [21]. Another factor analyzed is the number of
levels (i.e. p-value). The p-value is strictly linked to the choice of r and should attain a high
value for a high value of r value is chosen for better exploration of the input space [43].

Table 2: Number of model runs to generate Sobol samples.

Building Archetype No. of Parameters No. of Model Runs

Bungalow 24 102,400
Detached 24 102,400
Semi-Detached 24 102,400
Top-Floor Apartment 22 94,208
Mid-Floor Apartment 19 81,920

The third step further implements the Sobol sampling technique to implement the Sobol
SA. Based on Sobol sequences, this technique has high convergence capabilities when per-
forming SA. Sobol sequences are basically samples of multiple parameters uniformly dis-
tributed over a multi-dimensional parameter space. An important consideration when using
this sampling method is to ensure that there are a sufficient number of model evaluations
(i.e. sample size) to ensure convergence of the sensitivity indices [44]. The computational
cost associated with the Sobol method is N(2k+2) and the maximum allowable samples in
SimLab is 2,048. Table 2 indicates the number of model runs required for all five building
archetypes. The total computational cost required to generate these samples is approxi-
mately 300 hours (Intel core i7, 2.80 GHz, 16 GB RAM).

Prior to the export of generated samples from SimLab to jEPlus, the fourth step modifies
certain parameters to ensure their compatibility with EnergyPlus. EnergyPlus simulation
engine does not offer an input space to enter the U-values for certain materials except for
glazed window U-values. This step formulates precursors for the following materials in
order to obtain the required change in U-value. The U-value of window frames also require
modifications to ensure compatibility with EnergyPlus. To alter the WWR, this study varies
the bottom two vertices of each window while holding the the top two vertices constant.

1. External wall U-value (Precursor: Thermal Conductivity);

2. Roof U-value (Precursor: Thermal Conductivity)

3. Floor U-value (Precursor: Thermal Conductivity)

4. Internal Partition U-Value (Precursor: R-Value)

5. External Door U-Value (Precursor: R-Value)
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Table 3: Occupant Density Ranges & Modes for jEPlus (people/m2).

Archetype Unit Min Mode Max

Bungalow people/m2 0 0.163 0.421
Detached people/m2 0 0.173 0.447
Semi-Detached people/m2 0 0.141 0.367
Top-Flat people/m2 0 0.206 0.535
Mid-Flat people/m2 0 0.206 0.535

Table 4: Conversion of Normalized Lighting Density to Lighting Density for the Bungalow.

Normalized Lighting Density
(W/m2 – 100 lux)

Lighting Density
(W/m2)

Zone Required Lux Lower Modal Upper Lower Modal Upper

Kitchen 300 1 3.025 9 3 9.08 27
Corridor 100 1 3.025 9 1 3.03 9
Dining 100 1 3.025 9 1 3.03 9
Living Room 150 1 3.025 9 1.5 4.54 13.5
Bathroom 150 1 3.025 9 1.5 4.54 13.5
Bed Room 1 100 1 3.025 9 1 3.03 9
Bed Room 2 100 1 3.025 9 1 3.03 9
Bed Room 3 150 1 3.025 9 1.5 4.54 13.5

Average (Exc. Kitchen) 1.214 3.67 10.93

The occupant density is represented as people/m2 on a per zone basis in order to input
the number of people into EnergyPlus and DesignBuilder (Table 3). To determine the range
and mode for each archetype, this study uses the zone with the largest floor area to ensure
that the maximum number of people does not exceed 7 (i.e. the upper limit). The Domestic
Hot Water (DHW) parameter is transformed using Equation 5.

DHW (m3/s) =
DHW (l/m2 − day)× 0.001× A

Hours/day × 3600
(5)

Where, A is the area of the zone. Hours/day is the number of hours based on the
occupant schedule in that zone. For simplicity, DHW only serves the kitchen zone in each
archetype. Hours/Day is set to 3.8 for all archetypes since the kitchen schedule is consistent
across all models.

The input normalized lighting density is converted to lighting density using normal-
ized lighting density based on the lighting density (W/m2) and the required lux (Table 4).
The average lighting density represents the density value of each zone except the kitchen.
Including the lighting density of kitchen would strongly increase the average value.
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3.3. Parametric Analysis

The parametric analysis process simulates each input parameter at ri points within the
identified parameter range to formulate how the output Y varies as a function of each input
parameter Xi. This provides a sufficient resolution of how annual building energy consump-
tion varies as a function of each input parameter examined. This study uses jEPlus to
execute parametric simulations for each of the five Irish residential archetypes. These simu-
lations provide the parametric data to implement SA using the Morris and Sobol methods.

3.4. Sensitivity Analysis

SA identifies the cluster of influential parameters. This study implements and compares
the results of two GSA techniques to allow for a better validation of FS results. The first
GSA technique, Morris method, is a computationally inexpensive method and is widely
used in the literature. The Morris method is combined with factorial sampling in order
to efficiently cover the input space. The second GSA technique, Sobol method, employs
ANOVA analysis and uses Sobol sampling to generate the input space.

3.4.1. Morris Sensitivity Rankings

The Morris method uses the trajectories of design parameters generated by factorial
sampling. One point within a trajectory represents one evaluation run of the model (i.e.
one sample). For this study, 200-250 samples are produced depending on the building
archetype. The sample size is based on the chosen values for r (set of trajectories) and p. A
value of r = 10 facilitates the evaluation of 10 EE per parameter. The statistical measures
used in SimLab for evaluating EEs include absolute mean µ∗ and standard deviation σ.

Table 5: Morris results’ classification scheme suggested by [14].

Impact on Output Characterization Range

Non-linear and/or non-monotonic k > σ/µ∗ = 1
Almost monotonic σ/µ∗ = 1 k > σ/µ∗ = 0.5
Monotonic σ/µ∗ = 0.5 > k > σ/µ∗ = 0.1
Linear σ/µ∗ = 0.1 > k

For each SA result hereafter, each point in the plot represents the average absolute mean
values µ∗ (x-axis) of the 10 trajectories and the standard deviations σ (y-axis) of the EE for
each parameter. Also, the EE maintains the same physical unit as the model output, which
is annual energy consumption (kWh/year) and annual heating load (kWh/year). Therefore,
the points in each plot represents the magnitude of variation in annual energy consump-
tion and heating demand when modifying one input parameter at a time. Additionally,
to offer further insight in to the behaviour of input parameters, this study uses a classifi-
cation scheme whereby the ratio of σ/µ∗ indicates the impact of input parameters (k) in
terms of non-linearity and non-monotonicity (Table 5). Building heating load signifies the
heating demand (space heat energy required to maintain a set temperature) of the building
and building electrical load signifies the electricity demand (electrical energy consumed by
building equipment) of the building.
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Figure 4: Morris Methods Results for Bungalow Energy Consumption.

Morris SA Results for the Bungalow Archetype: When considering the building
energy consumption for the Bungalow archetype, the heating system seasonal Coefficient of
Performance (COP) is the most influential parameter as the influence of COP is considered
following the impact of remaining parameters (Figure 4). Also, since COP ranges from 0.8
(for boilers) to 2.5 (for heat pumps), a substantial effect on the output variance would have
been expected. A majority of the input parameters have a monotonic or near monotonic
relationship with the model output where only the auxiliary energy parameter exhibits a
linear relationship.

A notable observation is that there does not appear to be any interaction effects between
parameters (i.e. no parameter > σ/µ∗ = 1). This is somewhat surprising since a relationship
would have been expected between parameters such as WWR and orientation or SHGC. Also,
WWR is not entirely monotonically related to energy consumption which perhaps indicates
that the interaction effect is not significant enough to alter this relationship to a non-linear
and/or non-monotonic correlation. It is worthwhile to note that occupant density (Occ)
lies in the top 10 ranks of the influential parameters which coincides with the findings of
other SA studies, thereby, establishing the influence of occupancy level on building energy
consumption [9].

The visible transmittance (Vt) value of windows has zero impact on energy consumption
(Figure 4). This can be attributed to the fact that the lighting templates used in the
DesignBuilder models are operated on an on/off schedule and are not governed by outdoor

18



luminance levels. Although this is not ideal, the Vt values of windows should have an effect
on lighting energy requirements. This will require further investigation and development of
a method to test the effect of window Vt values on zones in which lighting levels are not
controlled by the level of daylight.

Table 6: Bungalow Morris Rankings for Energy Consumption, Heating & Electrical Load.

Bungalow Morris Rankings

Rank Energy Heating Load Electrical Load

1 COP HSPT Equip
2 HSPT Occ Ld
3 ACR ACR Aux
4 Occ UGlaze -
5 UGlaze Equip -
6 UWall SHGC -
7 Equip UWall -
8 SHGC URoof -
9 URoof WWR -
10 WWR Ld -
11 Ld DHW -
12 DHW Roof abs -
13 Roof E Roof E -
14 Roof abs Wall abs -
15 Wall abs Wall E -
16 Aux UDoor -
17 Wall E UFloor -
18 UDoor UFrame -
19 UFloor Orientation -
20 UFrame UPart -
21 Orientation HSBT -
22 UPart Vt -
23 HSBT - -
24 Vt - -

For the Bungalow heating load parameters, the HSPT is the most significant parameter
(Figure 5). Although there was a change in the ranking of ACR and occupant density, the
relative difference in magnitude of these parameters is found to be insignificant similar to
the SA results for energy consumption (Figure 4) The Morris method is known be biased by
the occurrence (or absence) of outliers giving some variations in results with each run [17].
Therefore, the change in ranking could be due to slight differences in values selected during
the development of trajectories in SimLab (Table 6).

The SA further considers the entire input parameter space to determine the electrical
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load rankings, however, as expected, only equipment density, lighting density and auxiliary
energy exhibit any influence on the model outcome. The relative magnitudes between each
parameter is also significant with equipment density (µ∗ = 3230, σ = 345) being approx-
imately 3 times that of lighting density (µ∗ = 1120, σ = 148) and 14 times of auxiliary
energy (µ∗ = 230, σ = 33). While auxiliary energy does not appear to be highly sensitive to
the electrical load and energy consumption, this parameter is known to be responsible for
significant proportions of CO2 emissions associated with HVAC systems [45]. The Morris
SA results for the remaining archetypes are included in Appendix B.

Figure 5: Morris Methods Results for Bungalow Heating Load.

3.4.2. Sobol Method

The Sobol method uses ANOVA decomposition to identify the influence and interaction
of each parameter on the total variance of the output. The interaction defines the effect of
different parameters in varying degrees of order. Given the significant computational expense
to determine the second and higher order effects, this study only focuses on the first order
effects that provide sufficient information on input parameters. Also, as this SA measure
evaluates the parameter rankings to validate the FS results, the additional information on
higher order effects is somewhat unnecessary. The Sobol sensitivity indices are calculated
using the SA function in SimLab. The convergence of indices requires a large number of
samples, which is addressed by selecting the largest available samples allowed in SimLab.
However, for parameters with small indices, there is potentially some inherent inaccuracy.
All first order indices are omitted for electrical load since there are no observed interaction
effects (i.e. no change between first and total order indices).
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Table 7: Bungalow Sobol Sensitivity Indices (%)

Energy Consumption (%) Heating Load (%) Electrical Load (%)

1st Order
Effect

Total Order
Effect

Rank
1st Order

Effect
Total Order

Effect
Rank

Total Order
Effect

Rank

65.3227 69.2399 COP 42.2027 42.8718 HSPT 90.31 Equip
13.6982 15.4919 HSPT 17.4590 17.6815 ACR 9.63 Ld
5.7758 6.7240 ACR 9.9956 10.1570 Equip 0.36 Aux
2.5071 2.7941 Occ 8.0326 8.0715 Occ 0 COP
2.3736 2.7841 UGlaze 6.7506 7.6831 UGlaze 0 HSPT
1.9613 2.2125 Equip 5.2616 5.5399 UWall 0 ACR
1.8517 2.0746 UWall 4.1263 4.4864 SHGC 0 Occ
1.3195 1.7018 SHGC 0.4147 1.6313 WWR 0 UGlaze
0.2096 0.7158 WWR 1.4684 1.5124 URoof 0 UWall
0.3990 0.4105 URoof 0.8939 0.9180 Ld 0 SHGC
0.2090 0.2752 Ld 0.4962 0.5062 DHW 0 WWR
0.1695 0.1748 DHW 0.2145 0.2907 Wall abs 0 URoof
0.1086 0.1412 Wall abs 0.1889 0.2195 Roof abs 0 DHW
0.0842 0.0883 Roof E 0.1594 0.1632 Roof E 0 Wall abs
0.0602 0.0770 Roof abs 0.1300 0.1423 Wall E 0 Roof E
0.0363 0.0668 Wall E 0.0585 0.0617 UDoor 0 Roof abs
0.0449 0.0449 Aux 0.0254 0.0268 UFloor 0 Wall E
0.0159 0.0184 UDoor 0.0068 0.0219 HSBT 0 UDoor
0.0123 0.0179 UFloor 0.0042 0.0170 Orientation 0 UFloor
0.0068 0.0070 UFrame 0.0151 0.0158 UFrame 0 UFrame
0.0017 0.0038 Orientation 0.0038 0.0063 UPart 0 Orientation
0.0015 0.0036 UPart 0 0 Vt 0 UPart
0.0006 0.0006 HSBT 0 0 COP 0 HSBT

0 0 Vt 0 0 Aux 0 Vt

Sobol Results for the Bungalow Archetype: The heating system seasonal COP
exhibits a substantial influence on the output variance of the bungalow energy consump-
tion (Table 7). The interaction effect of COP with other input parameters accounts for
approximately 4% of the output variance in energy consumption. This interaction effect is
somewhat expected given that the effect of other input parameters is taken into account
prior to the calculation of the COP. Therefore, any parameter that increases the heating
load will exemplify the effect of the heating system COP on the energy consumption. All the
parameters possess some interaction effect. However, the overall effect of certain parameters
is highly dependent on their interaction effect with other parameters. For instance, the in-
teraction with other parameters significantly influences the WWR. The higher order effects
of WWR only account for 0.51% and 1.22% of the output variance for the buildings energy
consumption and heating load. While these higher order effects are somewhat insignificant,
these account for more than three times of the overall effect of WWR on energy consumption
and heating load outcome.

The Sobol SA results for the remaining archetypes are discussed in Appendix C.
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3.4.3. Comparison between Morris & Sobol Rankings

Table 8: Comparison Between Energy Consumption Rankings from Morris & Sobol Methods (Green text
Indicates Direct Match)

Bungalow Detached Semi-Detached Top-Floor Apartment Mid-Floor Apartment

Morris Sobol Morris Sobol Morris Sobol Morris Sobol Morris Sobol

COP COP COP COP COP COP COP COP COP COP
HSPT HSPT HSPT HSPT HSPT HSPT ACR ACR ACR ACR
ACR ACR Occ Occ Occ ACR Occ HSPT Occ Occ
Occ Occ UWall ACR ACR Occ HSPT Occ HSPT HSPT

UGlaze UGlaze ACR UWall UGlaze UGlaze URoof URoof UGlaze Equip
UWall Equip Equip Equip Equip Equip Orientation Equip Equip UGlaze
Equip UWall UGlaze UGlaze UWall SHGC Equip UGlaze UWall SHGC
SHGC SHGC SHGC SHGC SHGC UWall UGlaze Orientation SHGC Orientation
URoof WWR Ld WWR Ld WWR SHGC SHGC Orientation UWall
WWR URoof URoof URoof WWR Ld DHW DHW DHW DHW

Ld Ld WWR Ld URoof URoof UWall UWall WWR WWR
DHW DHW DHW Wall abs DHW Wall abs WWR Ld Ld Ld

Roof E Wall abs Wall abs DHW Orientation Roof abs Ld WWR Aux Aux
Roof abs Roof E Aux Wall E Wall abs DHW Roof abs Roof E Wall abs Wall abs
Wall abs Roof abs Roof abs Aux Aux Orientation Roof E Roof abs Wall E Wall E

Aux Wall E Roof E Roof abs Roof abs Aux Aux Aux UFrame HSBT
Wall E Aux Wall E UFrame Roof E Roof E Wall abs Wall abs HSBT UFrame
UDoor UDoor UDoor Roof E Wall E UFloor Wall E Wall E UPart UPart
UFloor UFloor UFloor UFloor UFloor Wall E UFrame HSBT Vt Vt
UFrame UFrame UFrame UDoor UDoor UFrame HSBT UFrame - -

Orientation Orientation Orientation Orientation HSBT UDoor UPart UPart - -
UPart UPart UPart HSBT UFrame HSBT Vt Vt - -
HSBT HSBT HSBT UPart UPart UPart - - - -

Vt Vt Vt Vt Vt Vt - - - -

The COP of the heating system is the most influential parameter as identified using both
techniques. The results from two GSA methods in this study closely match one another as
shown by the green text (Table 8). The top 10 parameters match exactly for each of
the five archetypes. There are a few discrepancies between certain parameters, however,
the differences are marginal with a strong majority of parameters differing only by ±1 in
ranking and at most by ±3. The reason for these inconsistencies could be due to the Morris
method’s susceptibility to outliers, thus, introducing some variations in results with each
run [17]. Another reason could be the lack of convergence on the Sobol indices, however, this
tends to be problematic only for parameters exhibiting an insignificant amount of variance.
Apart from the aforementioned issues and any inherent errors associated with the software,
the assumptions considered in this might result in observed difference in rankings.

3.5. Feature Selection

The FS process identifies the influential and non-influential parameters influencing BEPS.
This study implements two FS techniques as a measure of validating SA results. The first
technique implements an exhaustive search model selection algorithm using BIC that deter-
mines the effectiveness of the model selection criteria. The second technique involves regu-
larized logistic regression models known as LASSO regression. Regularization is frequently
used in the field of machine learning to limit model complexity and avoid overfitting.
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3.5.1. Exhaustive Search Model Selection via BIC

The BIC is used in conjunction with an exhaustive search algorithm to assess all pos-
sible model subsets. BIC is useful for generating smaller parameter subsets as too many
parameters in a model may lead to overfitting. While the Bayesian criteria is used to eval-
uate the model subsets, an exhaustive search algorithm is used to generate the various
parameter combinations to develop these model subsets. This study uses the R statistical
software package MuMIn developed by Barton to formulate all possible model subsets and
subsequently, rank each subset using BIC [46]. This model selection method uses the data
generated by the Sobol sampling technique, which offers an extensive description of the pa-
rameters’ input space. Prior to the application of BIC, the dataset is split into train and
test data. While there is no defined correct split, a commonly used rule-of-thumb in the
field of machine learning is to apply a 50/50 split (i.e. 50% of the data for training, 50% for
testing). The results outline the top models selected from the exhaustive search algorithm
using BIC and include various metrics for determining the optimum model subset. All the
parameters are listed according to their Sobol rankings.

BIC Results for the Bungalow Archetype: When considering the energy consump-
tion, the BIC scores indicate that Model 1 is the most accurate subset of the original set of
parameters (Table 9). The weight metric also heavily supports Model 1 compared to Models
2 and 3. Using the BIC differences (4BIC) guide from Burnham and Anderson [47], the
empirical support for Models 2 and 3 is considerably less than Model 1. Model 3 further
penalizes the complexity and results in 16 parameters rather than 17. Interestingly, the top
3 BIC heating load models exclude the building orientation parameter. However, the BIC
energy consumption model 3 only excludes this parameter. This potentially suggests that
Model 3 is a better fit than Model 1 when considering the BIC results for energy consump-
tion. Also, Model 3 conforms better with the Sobol rankings. Considering this degree of
uncertainty, Model 3 is chosen as the final BIC model for this archetype.

The metrics for evaluating the BIC heating load results are not as definitive as the energy
consumption results (Table 9). While the BIC score is in favour of Model A, the weight
and 4BIC do not significantly favour Model A over Model B. However, when observing the
parameters within Model B, the analysis includes the internal partition U-value in the list
of influential parameters. Based on engineering judgement, the internal partition U-value
usually has negligible effects on energy consumption and heating demand. This assumption
is confirmed in both SA tests carried out in this study with UPart being ranked as either
the second or third least influential parameter in each archetype. As model A involves fewer
parameters and excludes UPart from the list, this model is chosen as the final heating load
BIC model for this archetype.

3.5.2. LASSO Method

The LASSO method identifies influential parameters by minimizing the residual sum of
squares subjected to the condition that sum of the absolute value of the coefficients stays less
than a constant. This study uses R statistical software to apply the LASSO regression and
CV to each building archetype. The LASSO regression uses the glmnet package developed
by Friedman et al. [48]. The CV approach uses the cv.glmnet function from the same R
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Table 9: Bungalow Archetype BIC Results for Energy Consumption and Heating Demand.

Energy Consumption BIC Results Heating Load BIC Results

Parameter Model 1 Model 2 Model 3 Parameter Model A Model B Model C

COP 3 3 3 HSPT 3 3 3

HSPT 3 3 3 ACR 3 3 3

ACR 3 3 3 Equip 3 3 3

Occ 3 3 3 Occ 3 3 3

UGlaze 3 3 3 UGlaze 3 3 3

Equip 3 3 3 UWall 3 3 3

UWall 3 3 3 SHGC 3 3 3

SHGC 3 3 3 WWR 3 3 3

WWR 3 3 3 URoof 3 3 3

URoof 3 3 3 Ld 3 3 3

Ld 3 3 3 DHW 3 3 3

DHW 3 3 3 Wall abs 3 3 3

Wall abs 3 3 3 Roof abs 3 3 3

Roof E 7 7 7 Roof E 3 3 3

Roof abs 3 3 3 Wall E 3 3 3

Wall E 3 3 3 UDoor 3 3 3

Aux 3 3 3 UFloor 7 7 7

UDoor 7 7 7 HSBT 7 7 7

UFloor 7 3 7 Orientation 7 7 7

UFrame 7 7 7 UFrame 7 7 7

Orientation 3 3 7 UPart 7 3 7

UPart 7 7 7 Vt 7 7 3

HSBT 7 7 7

Vt 7 7 7

BIC Score 156,654.9 156,658.7 156,659.2 BIC Score 132,353.1 132353.6 132357.2
Weight 0.69 0.10 0.08 Weight 0.45 0.35 0.06
4BIC 0 3.89 4.34 4BIC 0 0.52 4.20

No. of Parameters 17 18 16 No. of Parameters 17 18 18

package. This study carries out a 10-fold CV using the Sobol sampling data. Similar to
BIC model selection method, the data splitting employs a 50/50 split between training and
testing data. The results of the LASSO FS method correspond to the complexity parameter
obtained from CV (Table 10 and Table 11).

The selected features for energy consumption results conform with the Sobol sensitivity
rankings (Table 10). However, there is a contradiction between LASSO results for the semi-
detached archetype and the corresponding Sobol sensitivity rankings. The semi-detached
LASSO results include the Roof abs parameter and exclude the DHW parameter. The Sobol
rankings indicate that the DHW parameter should be excluded prior to the omission of the
Roof abs parameter. While the LASSO results for the semi-detached archetype do not corre-
spond with Sobol rankings, these results conform with the Morris sensitivity rankings. Also,
the Sobol ranking of the Roof abs and DHW parameters only differ by approximately 0.04%
of the output variance, which negates the discrepancy between these results. Furthermore,
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Table 10: Features Selected via LASSO Regression Based on the Energy Consumption (λ = penalization
penalty at 1 std deviation from minimum error)

Bungalow Detached Semi-Detached Top-Floor Apartment Mid-Floor Apartment

Sobol
Rankings

LASSO
Features

Sobol
Rankings

LASSO
Features

Sobol
Rankings

LASSO
Features

Sobol
Rankings

LASSO
Features

Sobol
Rankings

LASSO
Features

COP 3 COP 3 COP 3 COP 3 COP 3

HSPT 3 HSPT 3 HSPT 3 ACR 3 ACR 3

ACR 3 Occ 3 ACR 3 HSPT 3 Occ 3

Occ 3 ACR 3 Occ 3 Occ 3 HSPT 3

UGlaze 3 UWall 3 UGlaze 3 URoof 3 Equip 3

Equip 3 Equip 3 Equip 3 Equip 3 UGlaze 3

UWall 3 UGlaze 3 SHGC 3 UGlaze 3 SHGC 3

SHGC 3 SHGC 3 UWall 3 Orientation 7 Orientation 7

WWR 3 WWR 3 WWR 3 SHGC 3 UWall 3

URoof 3 URoof 3 Ld 3 DHW 3 DHW 3

Ld 3 Ld 3 URoof 3 UWall 3 WWR 3

DHW 3 Wall abs 3 Wall abs 3 Ld 3 Ld 3

Wall abs 3 DHW 3 Roof abs 7 WWR 7 Aux 7

Roof E 3 Wall E 7 DHW 3 Roof E 7 Wall abs 7

Roof abs 3 Aux 7 Orientation 7 Roof abs 7 Wall E 7

Wall E 7 Roof abs 7 Aux 7 Aux 7 HSBT 7

Aux 7 UFrame 7 Roof E 7 Wall abs 7 UFrame 7

UDoor 7 Roof E 7 UFloor 7 Wall E 7 UPart 7

UFloor 7 UFloor 7 Wall E 7 HSBT 7 Vt 7

UFrame 7 UDoor 7 UFrame 7 UFrame 7 -
Orientation 7 Orientation 7 UDoor 7 UPart 7 -

UPart 7 HSBT 7 HSBT 7 Vt 7 -
HSBT 7 UPart 7 UPart 7 - -

Vt 7 Vt 7 Vt
xmark - -

λ = 34.2 λ = 33.5 λ = 28.8 λ= 17.3 λ = 15.7

this discrepancy is not observed in the heating demand LASSO results for the semi-detached
archetype that omit a similar set of non-influential parameters (Table 11). The discrepancies
in Sobol energy consumption rankings and LASSO results could be simply due to a minor
experimental error.

When observing the LASSO results for top and mid-floor apartments, the parameter set
excludes the building orientation parameter from the list of influential parameters. However,
the Sobol and Morris SA identify building orientation as an influential parameter. One po-
tential reason for the exclusion could be due to the highly non-linear effect of this parameter
on the model output. Other parameters such as the WWR also possess similar relationships
with the model output but are not excluded from the top set of features determined by the
LASSO method. Additionally, the LASSO method also determines the influential non-linear
parameters when employing a large sample size [49]. This study uses 102,400 samples that
represent a significant sample size. Hence, exclusion of the orientation parameter is not due
to the sample size and requires further research.
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Table 11: Features Selected via LASSO Regression Based on the Heating Demand (λ = penalization penalty
at 1 std dev from minimum error)

Bungalow Detached Semi-Detached Top-Floor Apartment Mid-Floor Apartment

Sobol
Rankings

LASSO
Features

Sobol
Rankings

LASSO
Features

Sobol
Rankings

LASSO
Features

Sobol
Rankings

LASSO
Features

Sobol
Rankings

LASSO
Features

HSPT 3 HSPT 3 HSPT 3 ACR 3 ACR 3

ACR 3 Occ 3 ACR 3 HSPT 3 Occ 3

Equip 3 ACR 3 Occ 3 Occ 3 HSPT 3

Occ 3 Equip 3 Equip 3 URoof 3 Equip 3

UGlaze 3 UWall 3 UGlaze 3 Equip 3 UGlaze 3

UWall 3 UGlaze 3 UWall 3 UGlaze 3 SHGC 3

SHGC 3 SHGC 3 SHGC 3 SHGC 3 Orientation 3

WWR 3 WWR 3 WWR 3 Orientation 7 UWall 7

URoof 3 Ld 3 Ld 3 DHW 3 DHW 3

Ld 3 URoof 3 URoof 3 UWall 3 WWR 3

DHW 3 Wall abs 3 DHW 3 Ld 3 Ld 3

Wall abs 3 DHW 3 Orientation 3 WWR 7 Wall abs 7

Roof abs 3 Wall E 7 Wall abs 7 Roof abs 7 Wall E 7

Roof E 3 Roof abs 7 Wall E 3 Roof E 7 UFrame 7

Wall E 7 UFrame 7 Roof abs 7 Wall abs 7 UPart 7

UDoor 7 UFloor 7 UFloor 7 Wall E 7 HSBT 7

UFloor 7 Roof E 7 Roof E 7 HSBT 7 Vt 7

HSBT 7 Orientation 7 UFrame 7 UFrame 7 - 7

Orientation 7 UDoor 7 UDoor 7 UPart 7 - 7

UFrame 7 HSBT 7 UPart 7 Vt 7 -
UPart 7 UPart 7 HSBT 7 - 7 -

Vt 7 Vt 7 Vt 7 - 7 -

λ = 6.8 λ = 9.3 λ = 8.1 λ = 5.5 λ = 6.1

3.5.3. Evaluation of BIC and LASSO Regression Models

The evaluation of BIC and LASSO regression models uses RMSE and MPE evaluation
metrics. These metrics compute the training and testing errors of both energy consump-
tion and heating demand models for each archetype. The LASSO energy model is further
evaluated using the following criteria:

1. Underfitting: Testing and training error is high;

2. Overfitting: Testing error is high and training error low;

3. Good fit: Testing error low, slightly higher than the training error and;

4. Unknown fit: Testing error low, training error high.

Bungalow Archetype: The BIC and LASSO energy models for the bungalow archetype
are reasonably comparable in their prediction accuracy with only 0.12% difference in their re-
spective MPEs (Table 12). The LASSO model offers a minor reduction in model complexity
compared to the BIC model. Furthermore, the LASSO model retains and excludes parame-
ters in a manner that correspond to the sensitivity rankings. Even though the LASSO model
attains a marginal drop in prediction accuracy, this model provides a better description of
the more influential parameters within the bungalow archetype. It should also be noted that
the accuracy of these models does not necessarily represent the actual accuracy obtained
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through the actual use of these parameters. The LASSO energy model for the bungalow
archetype can be considered a ‘good fit’ since both the training and testing errors are below
10% with the testing error being slightly higher than the training error. Therefore, the
model is sufficiently generalized and is representative of the Irish housing stock.

The BIC and LASSO heating demand models are also similar in their predictive perfor-
mance, although the difference in accuracy is slightly more prominent than that observed for
the energy models (Table 13). The LASSO method further offers a reduction in model com-
plexity and includes less parameters than the BIC model. The training and testing errors of
BIC and LASSO models appear to have a ‘good fit’ with the data and hence, these models
are generalizable for the Irish housing stock. Also, both BIC and LASSO models conform
with the sensitivity rankings; the model selection merely depends on the desired accuracy.
The motivation behind this study is to reduce model complexity to aid modelers, which
leads to question whether the 0.95% decrease in predictive accuracy is worth the reduction
in model complexity.

Table 12: Final Energy Consumption Models for each Archetype & their Associated RMSE & MPE

Bungalow Detached Semi-Detached Top-Floor Apartment Mid-Floor Apartment

BIC LASSO BIC LASSO BIC LASSO BIC LASSO BIC LASSO

COP COP COP COP COP COP COP COP COP COP
HSPT HSPT HSPT HSPT HSPT HSPT ACR ACR ACR ACR
ACR ACR Occ Occ ACR ACR HSPT HSPT Occ Occ
Occ Occ ACR ACR Occ Occ Occ Occ HSPT HSPT

UGlaze UGlaze UWall UWall UGlaze UGlaze URoof URoof Equip Equip
Equip Equip Equip Equip Equip Equip Equip Equip UGlaze UGlaze
UWall UWall UGlaze UGlaze SHGC SHGC UGlaze UGlaze SHGC SHGC
SHGC SHGC SHGC SHGC UWall UWall Orientation SHGC Orientation UWall
WWR WWR WWR WWR WWR WWR SHGC DHW UWall DHW
URoof URoof URoof URoof Ld Ld DHW UWall DHW WWR

Ld Ld Ld Ld URoof URoof UWall Ld WWR Ld
DHW DHW Wall abs Wall abs Wall abs Wall abs Ld - Ld -

Wall abs Wall abs DHW DHW Roof abs DHW WWR - Aux -
Roof abs Roof E Wall E - DHW - Roof E - Wall abs -
Wall E Roof abs Aux - Orientation - Roof abs - - -

Aux - Roof abs - Aux - Aux - - -
- - - - Wall E - - - - -

Training Training Training Training Training

RMSE RMSE RMSE RMSE RMSE RMSE RMSE RMSE RMSE RMSE
1298.2 1333.8 1703.4 1756.9 1412.7 1453.2 684.8 724.7 566.1 590.4
MPE MPE MPE MPE MPE MPE MPE MPE MPE MPE
8.71% 8.74% 8.80% 8.82% 8.92% 8.92% 9.71% 9.94% 9.41% 9.51%

Testing Testing Testing Testing Testing

RMSE RMSE RMSE RMSE RMSE RMSE RMSE RMSE RMSE RMSE
1298.1 1338.6 1709.8 1742.5 1415.1 1444.1 682.63 729.8 568.5 590.9
MPE MPE MPE MPE MPE MPE MPE MPE MPE MPE
8.73% 8.85% 8.82% 8.85% 8.93% 8.97% 9.81% 9.98% 9.47% 9.48%

Detached Archetype: The BIC and LASSO energy models for the detached archetype
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are very similar in their prediction accuracy with only 0.02% difference in their MPEs (Table
12). The LASSO model comprises three fewer parameters than the BIC where the extra
three parameters, namely Wall E, Aux and Roof abs, are potentially difficult to define.
The energy model conforms with the Sobol sensitivity rankings and represents a ‘good fit’
with the data. Also, the predictive accuracy of energy models are within the 10% range.
Therefore, model selection again depends on the trade-off between model complexity and
accuracy. The BIC and LASSO heating demand models also observe similar trends (Table
13). The LASSO heating demand model is less accurate than the BIC model with a similar
reduction in model complexity. Both BIC and LASSO models render a ‘good fit’ with the
data as per the relative training and testing MPEs.

Table 13: Final Heating Demand Models for each Archetype & their Associated RMSE & MPE

Bungalow Detached Semi-Detached Top-Floor Apartment Mid-Floor Apartment

BIC LASSO BIC LASSO BIC LASSO BIC LASSO BIC LASSO

HSPT HSPT HSPT HSPT HSPT HSPT ACR ACR ACR ACR
ACR ACR Occ Occ ACR ACR HSPT HSPT Occ Occ
Equip Equip ACR ACR Occ Occ Occ Occ HSPT HSPT
Occ Occ Equip Equip Equip Equip URoof URoof Equip Equip

UGlaze UGlaze UWall UWall UGlaze UGlaze Equip Equip UGlaze UGlaze
UWall UWall UGlaze UGlaze UWall UWall UGlaze UGlaze SHGC SHGC
SHGC SHGC SHGC SHGC SHGC SHGC SHGC SHGC Orientation UWall
WWR WWR WWR WWR WWR WWR Orientation DHW UWall DHW
URoof URoof Ld Ld Ld Ld DHW UWall DHW WWR

Ld Ld URoof URoof URoof URoof UWall Ld WWR Ld
DHW DHW Wall abs Wall abs DHW DHW Ld - Ld -

Wall abs Wall abs DHW DHW Orientation Orientation WWR - Wall abs -
Roof abs Roof abs Wall E - Wall abs - Roof abs - Wall E -
Roof E Roof E Roof abs - Wall E - Roof E - - -
Wall E - - - Roof abs - Wall abs - - -
UDoor - - - UFloor - Wall E - - -

- - - - Roof E - - - - -
- - - - UDoor - - - - -

Training Training Training Training Training

RMSE RMSE RMSE RMSE RMSE RMSE RMSE RMSE RMSE RMSE
347.2 469.7 571.5 669.6 459.5 553.2 290.9 407.3 298.6 590.4
MPE MPE MPE MPE MPE MPE MPE MPE MPE MPE
3.13% 4.06% 4.69% 5.06% 4.22% 4.73% 6.26% 8.22% 8.88% 8.84%

Testing Testing Testing Testing Testing

RMSE RMSE RMSE RMSE RMSE RMSE RMSE RMSE RMSE RMSE
353.0 469.8 566.6 670.9 458.8 550.1 293.3 403.8 294.1 590.9
MPE MPE MPE MPE MPE MPE MPE MPE MPE MPE
3.15% 4.10% 4.73% 5.13% 4.22% 4.78% 6.33% 8.13% 8.75% 8.95%

Semi-detached Archetype: Similar to previous archetypes, the predictive MPE of the
LASSO energy model is higher than the BIC model (Table 12). Each model also represents
a good fit to the data. However, the BIC model does not entirely agree with the sensitivity
rankings. The LASSO feature selection method significantly reduces the model complexity
compared to the BIC model with four less parameters. One of the excluded parameters
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in the LASSO method is the building orientation parameter. The orientation parameter
does not substantially reduce the modeling time for the modeler. However, the exclusion
of parameters such as DHW, Aux and Wall E parameters potentially reduced the required
modeling time. Regardless of the energy model selected in Table 33, both models lie within
the 10% accuracy range.

The BIC heating demand model represents an excellent fit to the data with identical
training and testing MPEs (Table 13). Despite a slight difference in the training and testing
MPEs of the LASSO model, the model still represents a good fit to the data. One notable
difference is the significant reduction in model complexity of the LASSO feature selection
method. The six additional parameters in the BIC model only increase the predictive accu-
racy by 0.56% compared to the LASSO model. The negligible increase in predictive accuracy
indicates that the additional parameters in the BIC model are non-influential.

Top-Floor Apartment: The energy models for the top-floor apartment exhibit similar
characteristics to previous archetype models except the MPEs are slightly higher and just
about falls under the 10% range (Table 12). Both BIC and LASSO energy models still
represent a good fit to the data with moderate training and testing errors. The difference in
the MPE between the BIC and LASSO heating demand models is significantly larger than
that experienced in previous archetypes (Table 13). The reduced complexity of the LASSO
heating demand model comes at the cost of an additional 1.8% decrease in the predictive
accuracy. It can also be seen that the training error for the LASSO heating demand model
is higher than the testing error thus characterising the fit as ‘unknown’. This could be a
result of how data set is split (i.e. 50/50% split). The training set could have had perhaps
many ‘hard’ cases to learn while the testing set had mostly ‘easy’ cases to predict.

Mid-Floor Apartment: Similar to the top-floor apartment, the LASSO energy model
represents an ‘unknown fit’ for the aforementioned reasons (Table 12). The predictive accu-
racy of the BIC and LASSO energy models are nearly identical with only a 0.01% difference.
Although, the LASSO model ,again, provides a reduced level of model complexity. These
models just fall under the 10% accuracy threshold similar to the top-floor apartment. The
heating demand models observe similar trends and observations as the previous archetypes
(Table 13).

3.6. Data Output & Exchange

This process combines the results of SA and FS techniques to formulate minimum
datasets of influential parameters (Table 14 and Table 15). The results obtained from SA
and FS methods correspond/agree with one another. However, these results do not neces-
sarily define a minimum data set that is optimal. Therefore, this study introduce further
assumptions to develop the minimum data set for each archetype.

Bungalow Archetype: When assessing the overall results for energy consumption pa-
rameters, a few notable points can be made. The BIC energy model does not completely
agree with the Morris or Sobol SA rankings. However, the LASSO energy model agrees
with both Morris and Sobol SA results. The LASSO FS method identifies one less pa-
rameter than the BIC method with an additional 0.12% increase in MPE. The additional
parameter in question is the auxiliary energy, which relates to a 0.045% impact on output
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variance according to the Sobol sensitivity results. The addition of this parameter could
‘potentially’ increase the accuracy of the bungalow archetype model through informed as-
sumptions. However, the time required to accurately define this parameter is not deemed
to be worthwhile, therefore, the LASSO energy consumption results are chosen as the final
minimum data set for the bungalow archetype. Similar inferences could be used to formulate
the heating demand minimum data set. As this study focuses more on models with reduced
complexity, the LASSO model is chosen as the final subset of parameters to describe the
heating demand.

Table 14: Guideline minimum set of accurately-defined input data for Energy Consumption (kWh)

Rank Bungalow Detached Semi-Detached Top-Flat Mid-Flat

1 COP COP COP COP COP
2 HSPT HSPT HSPT ACR ACR
3 ACR Occ ACR HSPT Occ
4 Occ ACR Occ Occ HSPT
5 UGlaze UWall UGlaze URoof Equip
6 Equip Equip Equip Equip UGlaze
7 UWall UGlaze SHGC UGlaze SHGC
8 SHGC SHGC UWall SHGC UWall
9 WWR WWR WWR Orientation DHW
10 URoof URoof Ld DHW WWR
11 Ld Ld URoof UWall Ld
12 DHW Wall abs Wall abs Ld
13 Wall abs DHW DHW
14 Roof E
15 Roof abs

Detached Archetype: The subset of energy parameters produced by the BIC and
LASSO FS methods for the detached archetype agree with the sensitivity rankings. The
LASSO energy model provides a smaller subset of influential parameters compared to the
BIC model with a 0.03% reduction in accuracy. Wall E, Aux and Roof abs are the three
additional parameters omitted from the LASSO energy model which account for 0.049%,
0.048% and 0.037% of the output variance respectively. Given the marginal impact these
parameters have on model accuracy, it could be concluded that the smaller subset of pa-
rameters in the LASSO energy model provides similar levels of accuracy as the BIC model.
Henceforth, the LASSO model is chosen to define the final minimum data set. The BIC
and LASSO heating demand models reflect identical scenarios as these models have similar
levels of predictive accuracy and agree with the sensitivity results. Therefore, the LASSO
model is chosen as the final subset of parameters to describe the heating demand.

Semi-detached Archetype: Overall, the FS results for the semi-detached archetype
do not conform very well with the sensitivity results when compared to the bungalow and
detached archetypes. Both the BIC and LASSO energy models disagreed with the sensi-
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tivity rankings, although, the LASSO results did conform with Morris rankings. Similar to
previous archetypes, the minor loss in accuracy of the LASSO energy model is insignificant
given the considerably large reduction in model complexity. Therefore, the LASSO model is
chosen to define the set of influential parameters that formulate the minimum dataset. With
regards to the heating demand, the LASSO model performs remarkably given the significant
reduction in the number of parameters for a slight loss in the predictive accuracy. The BIC
heating demand model fits the data slightly better than the LASSO model but at the ex-
pense of six additional parameters. The potential time required to obtain the necessary data
for these parameters does not add sufficient information. Therefore, the LASSO parameter
subset is the final minimum dataset for the semi-detached archetype.

Top and Mid-floor Apartments: The energy models for the top-floor apartment pos-
sess similar characteristics as the previous archetypes whereby BIC offers better accuracy at
the cost of model complexity. The LASSO energy model might appear to be more favourable
due to the smaller subset of influential parameters. However, the LASSO model excludes
the building orientation parameter which has a moderate effect on the output variance (i.e.
1.5%). The LASSO model further includes parameters that are ranked lower in sensitivity
rankings than the orientation parameter. A potential reason for excluding the orientation
parameter might be due to the high non-linearity of this parameter. Therefore, given that
the LASSO energy model agrees with the sensitivity rankings apart for the orientation pa-
rameter, the selected subset includes parameters identified by the LASSO method along
with the orientation parameter. The corresponding BIC model involves a high degree of
model complexity. Therefore, the minimum dataset consist of the parameters of the LASSO
energy model along with the orientation parameter. The heating demand models experience
a similar issue except there was a higher loss in the predictive accuracy between BIC and
LASSO models. Including the orientation parameter could aid in bridging the gap in predic-
tive accuracy. Therefore, the LASSO parameter subset is chosen with the added inclusion
of the orientation parameter to represent the heating demand. The mid-floor apartment
energy consumption and heating demand results are very similar except the relative model
complexity is not as significant due to fewer overall parameters of the mid-floor apartment
(adiabatic roof assumption). Therefore, the LASSO model defines the minimum dataset for
mid-floor apartments along with the inclusion of the orientation parameter.

4. Discussions

While the two feature selection methods produced similar results, the LASSO models
were consistently less complex than the BIC models. However, the LASSO models were
less accurate but the loss in accuracy was marginal (differences in the predictive accuracy
range between 0.01% and 1%) , therefore, leading to the subset of parameters produced by
the LASSO method to be the final minimum data set of parameters. While the LASSO
models were less complex and also agreed with the sensitivity rankings better than the
BIC approach, these models experience an issue detecting the influence of the building
orientation parameter within the apartment archetypes. Building orientation was considered
an influential parameter according to the sensitivity rankings. We proposed that this issue
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Table 15: Guideline minimum set of accurately-defined input data for Heating Demand (kWh)

Rank Bungalow Detached Semi-Detached Top-Flat Mid-Flat

1 HSPT HSPT HSPT ACR ACR
2 ACR Occ ACR HSPT Occ
3 Equip ACR Occ Occ HSPT
4 Occ Equip Equip URoof Equip
5 UGlaze UWall UGlaze Equip UGlaze
6 UWall UGlaze UWall UGlaze SHGC
7 SHGC SHGC SHGC SHGC Orientation
8 WWR WWR WWR Orientation UWall
9 URoof Ld Ld DHW DHW
10 Ld URoof URoof UWall WWR
11 DHW Wall abs DHW Ld Ld
12 Wall abs DHW Orientation
13 Roof abs
14 Roof E

arose due to the non-linear and/or non-monotonic behaviour of the orientation parameter,
however, further research is required to determine the root cause of this problem. With
the sensitivity results clearly indicating the importance, the building orientation parameter
was simply added to the subset of parameters already chosen by the LASSO method to
counteract this issue.

While local sensitivity analysis can provide the top cluster of important parameters,
this method fails to segregate the influential and non-influential parameters. This can be
problematic since the rankings are deemed inaccurate. Global sensitivity analysis techniques
are advocated and are becoming the common choice of analysis in building related studies.
When trying to define a minimum dataset of influential parameters, the BIC approach is
more beneficial due to the greater penalization on model complexity.

5. Conclusions and Future Work

As new design ideas push the envelope of building performance, the performance eval-
uation needs to be justified by building energy performance simulation. It has become
crucial to investigate the accuracy, validity and relevance of developed models. These mod-
els involve several thousand input parameters; each parameter has different influence on the
building energy consumption. Therefore, the need for identifying influential parameters is
quite evident to facilitate the building energy modeling process. The performance gap com-
monly experienced between predicted and actual energy performance is a topic of continuing
research. One such factor causing this performance gap is modeling illiteracy. Studies of-
ten define a minimum dataset including the most influential building energy performance
parameters to aid modellers in the model development process. However, while somewhat
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successful, the previous research does not provide a clear methodology to accurately identify
and validate the influential or non-influential parameters in relation to the predicted energy
consumption.

This study proposes an integrated sequential methodology to identify the most influential
parameters through the use of global sensitivity analysis and feature selection techniques.
The methodology demonstrates an integrated use of Bayesian Information Criteria and an
embedded feature selection algorithm called the LASSO method. The results of these feature
selection methods are tested and validated through the use of two global sensitivity analysis
techniques, namely Morris and Sobol sensitivity analysis. Each set of influential parameters
determined by feature selection techniques have predicative accuracy that are within 10%
of the actual results.

While the guideline minimum data set produced in this study is only applicable to Irish
dwellings, the proposed methodology can be applied to various types of residential building
models. jEPlus and EnergyPlus are highly versatile simulation tools, which can assess
various building parameters and while some parameters might not be entirely applicable
there are several approaches to overcome these issues similar to procedures taken in this
work.

The guideline minimum datasets can be advantageous during numerous stages of building
energy performance simulation over a building’s life-cycle. The time spent collecting and
defining parameter input data, along with the required modeling time, can be significantly
reduced by identifying and accurately modeling only the most influential input parameters.
In the late design and/or commissioning stages of a building’s life-cycle, when a high degree
of modeling accuracy is required, the minimum data set can be referenced in order to ensure
that the most influential input parameters are accurately defined. The devised methodology
can be applied to other building stocks. The formulated datasets represent only influential
features and hence, could be used by urban planners and energy policymakers to estimate
energy retrofit investment costs, emission reductions and energy savings.

Future work could investigate the effect of the building orientation parameter on the
LASSO regression feature selection method. Although issues were experienced with param-
eters that exhibited a highly non-linear and/or non-monotonic relationship with the model
output, determining these issues is an area for potential future work. While the orientation
parameter is categorized as an influential parameter in the sensitivity analysis, the feature
selection method excludes this parameter from the subset of influential parameters. With
the above issue experienced in the LASSO regression method, an additional path would be
to investigate other feature selection algorithms. One potential algorithm that would be
worth investigating is Principal component analysis, which generates linear combinations of
original features and removes the effect of correlated variables on the identified list of influ-
ential variables. The first principal component explains the most variance in a dataset, and
the second component explains the second-most variance, and this continues for each princi-
pal component. A more complete analysis of the Irish building sector could be obtained by
applying the methodology used in this study to the Irish commercial building stock. This
could potentially result in a data set that is capable of accurately defining both commercial
and residential Irish buildings.
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Appendix A. Description of the Irish residential archetypes

Table Appendix A.1: Physical Building Parameters describing the different archetypes.

Building Parameters Bungalow Detached Semi-detached
Top/Mid-floor

Apartment
Units

Floor Area 85.91 130.81 105.47 45.8 m2

No. of Zones 8 13 10 5 -
Glazed Area 18.6 31.84 21.5 8.65 m2

Number of Windows 9 9 9 2 -
External Door Area 4.01 3.98 2.19 0 m2

No. of Doors 2 2 2 2 -
External Wall Area 78.19 147.18 139.43 63.35 m2

Appendix B. Morris Sensitivity Results

Morris SA Results for Detached Archetype: The set of influential parameters is
similar to the one obtained for the Bungalow archetype when analyzing the building energy
consumption (Table Appendix B.1). Similar to the bungalow archetype, the seasonal COP
of the heating system is the most influential parameter in the detached model. Factors
such as UGlaze, UWall and Wallabs experience a change in rankings due to the reduction
in average building WWR. The glazed portion U-value (UGlaze) was previously the fifth
most influential parameter in the bungalow archetype and dropped to the seventh place for
the detached house. Parameters such as external wall U-value and wall solar absorption
experienced a rise in their rankings, which is strongly related to the rise in wall percentage
and fall in glazed percentage.

The analysis of heating demand SA results indicate that both WWR and Wallabs are
situated in the ‘almost monotonic’ region. As mentioned earlier, WWR lies within the
‘almost monotonic’ region which suggests the presence of interaction effects. The wall solar
absorption parameter has moved from the ‘monotonic region’ in the bungalow archetype
to the almost monotonic region for the detached dwelling when the percentage of external
wall has increased. The influence of building orientation on the model outcome is non-linear
and/or non-monotonic which again indicates the presence of interaction effects. This would
be expected given the orientation is related to all solar effected parameters. The ranking of
parameters that influence the electrical load are the same as the bungalow archetype. The
equipment density is still significantly influential than lighting density and auxiliary energy.
The proportion of significance each parameter has on the electrical load remains consistent
throughout all five dwelling archetypes since their influence is entirely dependent on the
floor area. However, their importance relative to energy or heating load parameters may
vary.

Morris SA Results for Semi-detached Archetype: The Morris sensitivity rankings
for the semi-detached archetype are similar to the detached archetype with a few exceptions
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(Table Appendix B.1). External wall U-value, orientation and roof U-value experience a
change in their rankings respectively. The change in the rank of these parameters is a direct
result of the adiabatic wall assumption for this building archetype. With the external wall
area reduced due to the assumption of an adiabatic wall, the archetype observed a decrease in
the influence of the UWall parameter. When comparing the rankings of the UWall parameter
for detached and semi-detached dwellings, the ranking dropped from fourth to seventh place
in the energy consumption sensitivity. The effect of the adiabatic wall is also seen on the
ranking of the orientation parameter, which experienced a rise from 21st for the detached
dwelling to 13th for the semi-detached dwelling. The adiabatic wall results in an extreme
loss or gain depending on the orientation.

Morris SA Results for Top and Mid-floor Apartments: Comparing the top and
mid-floor apartments to previous archetypes, the U-value of the roof is found to be more
sensitive for the top-floor apartment (Table Appendix B.2). This increase in sensitivity could
be partly due to the flat roof design of the top-floor apartment compared to the pitched roof
scheme of previous dwellings. The loft zone should act as a thermal ‘buffer’ in the pitched
roof design thus minimizing the overall effect of the roof U-value. Both top and mid-floor
apartments experience similar physical effects in contrast to other archetypes. ACR is the
second most influential parameter for energy consumption in both archetypes due to the
decrease in sensitivity of the HSPT parameter. For previous archetypes, this parameter is
consistently the most influential parameter behind COP. However, HSPT dropped to the
fourth place in energy sensitivity rankings for both top and mid-floor apartments. This
would be expected since maintaining a higher heating set-point temperature for voluminous
archetypes such as the bungalow would be far more energy intensive. Furthermore, the
building orientation is far more significant for top and mid-floor apartments compared to
other dwellings. These apartments usually have a single glazed façade compared to the front
and back glazed facades for other dwellings.

Appendix C. Sobol Sensitivity Indices

Sobol Results for the Detached Archetype: Similar to the bungalow archetype, the
effect of the building orientation parameter is doubled when the interaction terms are taken
into account (Table Appendix C.1). Although, the influence of the orientation parameter
on energy consumption and heating demand is insignificant. Examining the Sobol indices
for the detached dwelling, a noticeable decrease in the influence of the heating system COP
is observed compared to the bungalow archetype. By analysing the energy breakdown, it
is found that the heating demand accounted for 65% of the total load while the electrical
demand accounted for 35%. The bungalow archetype has a 73/27% split on the total load.
The 8% reduction in heating requirements decreases the overall effect of the heating system
COP.

The electrical load has a higher effect on the detached dwelling as compared to the
bungalow. Therefore, the equipment and lighting densities cover a greater fraction of the
output variance for this dwelling type. The fraction that both these parameters exhibit has
doubled. However, while the increased electrical load is an influential factor, the area of the
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building must also be considered. The bungalow archetype has a floor area of 85.91 m2 while
the detached dwelling has an area of 130.81 m2. Since the magnitude of these parameters
are dependent on floor space (i.e. W/m2 ), the increased floor area is perhaps the biggest
contributor to their increased sensitivity. Furthermore, the relative ranking of equipment
and lighting density remains consistent throughout all dwellings due to their value being
dependent on floor area.

With the reduction in heating load requirements, the influence of the UWall parameter
increases. This confirms that the reduction in overall building glazed surfaces results in the
UWall parameter being more dominant in the energy consumption outcome. As clearly seen
in heating load rankings, the UWall parameter has doubles in sensitivity compared to the
bungalow archetype growing from 2.1% to 4.4%. Similar to the bungalow archetype, the
WWR and building orientation parameters for the detached dwelling still highly depend on
its interaction effects with other parameters for both energy consumption and heating load.

Sobol Results for the Semi-detached Archetype: The Sobol SA results follow
similar trends as the detached archetype (Table Appendix C.2). The COP of the heating
system increases with respect to the growth in heating demand and corresponding reduction
in electrical load. Conversely, the equipment density and auxiliary energy output variance
experience a slight decrease. While the lighting density parameter decreased for both heating
and electrical loads, this parameter experienced an increase for energy consumption. This
could be merely due to issues with model convergence.

The assumption of the adiabatic wall has a similar influence on the Sobol SA results as
for the Morris SA results. The influence of external wall U-value on the output variance is
nearly halved for both energy consumption and heating load. This reduced sensitivity would
be expected since an entire building façade that constituted a large proportion of the external
wall is now no longer susceptible to variations in the UWall parameter. Furthermore, the
total order sensitivities of wall solar absorption and emissivity have decreased by 42% and
46% from their detached sensitivity value.

The adiabatic wall also influences the building orientation parameter for similar reasons
as described earlier. The building orientation output variance has increased by a factor
of five for both energy consumption and heating demand when compared to the detached
dwelling. While the building orientation effect has increased dramatically, the parameter
still only accounts for approximately 0.06% and 0.2% of the output variance for energy
consumption and heating demand. The sensitivity index of the roof U-value declined by
approximately 33% when compared to the detached archetype. The reduction is largely due
to the smaller fraction of the roof being exposed to the external environment. The roof
of the detached dwelling has an external surface area of 115.7 m2 compared to the roof of
semi-detached dwelling that has an area of 81.8 m2.

Sobol Results for Top & Mid-Floor Apartments: The heating set-point temper-
ature of the top-floor apartment accounts for far less of the output variance than previous
dwellings (Table Appendix C.3). The influence of this parameter on energy consumption
and heating load is nearly one-third of previous archetypes. The bungalow, detached and
semi-detached archetypes are far more voluminous than the top-floor apartment. Therefore,
the heating set-point would be expected to reduce for the top-floor apartment owing to the
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reduced volume (approximately one-third of larger archetypes). The U-value of the roof for
the top-floor apartment is substantially more sensitive to the output variance of the energy
consumption and heating load. The effect on the output variance is greater than five times
the sensitivity index of previous dwellings. Similarly, the building orientation accounts for a
larger amount of the output variance for the top-floor apartment compared to the previous
dwellings.

The sensitivity of the WWR parameter has approximately halved when compared to the
detached and semi-detached archetypes. If the top-floor apartment is experiencing marginal
solar gains through the glazed windows, then the WWR results in small amounts of variation
in both the energy consumption and heating demand. Therefore, the effect of WWR is highly
dependent on the building orientation. This is quite apparent when comparing the higher
order effects of the WWR between the semi-detached dwelling and the top-floor apartment.
The WWR sensitivity index doubles when including the higher order effects for the semi-
detached dwelling. On the other hand, the WWR sensitivity index increases by a factor of
16 when including the higher order effects for the top-floor apartment.

The area of the top-floor apartment is 45.8 m2, which is more than half the area of
the semi-detached archetype (105.47 m2). With this large reduction in area, the equipment
density experiences a decrease in the sensitivity index. The lighting density, however, expe-
riences an increase in the sensitivity index. The increase in the sensitivity of lighting density
could be due to two possible reasons. Firstly, the increased sensitivity could be a result of
convergence issues of small sensitivity indices. Secondly, this increase could be due to the
higher modal value set in the top-floor apartment compared to previous archetypes, thus,
resulting in a greater impact on energy consumption than usual. The second point appears
to be more likely since the sensitivity index of the electrical load for the top-floor apartment
is greater than that experienced in the semi-detached archetype.

The mid-floor apartment experienced similar effects as the top-floor apartment except
for the roof related parameters (Table Appendix C.4). Furthermore, the sensitivity index
of the HSPT parameter is further reduced for the mid-floor apartment due to the additional
assumption of an adiabatic roof. This assumption reduces the convective heat transfer to
the surroundings due to reduced surface area in contact with the external environment.

Appendix D. BIC Feature Selection Results

BIC Results for the Detached Archetype: The BIC analysis of the detached
dwelling involves top five models for energy consumption parameters (Table Appendix D.1).
Based on BIC scores, Model 1 is the ‘best model’. However, the BIC weights do not signifi-
cantly favour one model over another and4BIC suggests that each model holds a substantial
level of empirical support.

When comparing these results to sensitivity rankings, Model 5 includes the floor U-value
and exclude the roof emissivity parameter in the list of influential parameters. However,
Roof E is consistently ranked above UFloor in both Morris and Sobol sensitivity rankings.
Therefore, model 5 can be removed from consideration. The same is true for Model 4, which
includes the external door U-value instead of UFloor and UDoor is also consistently ranked
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below Roof E. Therefore, Model 4 can also be removed from consideration. Models 1 and
2 conform with Morris rankings but not with Sobol rankings (Table Appendix D.2). Also,
One of the aims behind this study is add some objectivity to decisions regarding input data
assumptions and simplifications that ultimately lead to an increase in modeling accuracy
and/or decrease in modeling time. Therefore, model 3, which comprises a minimum set of
parameters, is chosen as the final energy consumption model.

Similarly, when observing BIC results for the detached heating demand (Table Appendix
D.1), the model weights or 4BIC do not favour either model subset from the top three
models. The Morris sensitivity results suggest that all three models are viable. However,
the Sobol sensitivity results indicate that only Model C is correct since Roof E is ranked
below UFrame for this model. It was found in the literature that the variance-based methods
such as the Sobol method are known to provide more reliable results than other sensitivity
measures [16]. Therefore, it is assumed that the rankings produced by the Sobol method are
more accurate/reliable than those by the Morris method. Henceforth, model C is chosen as
the final BIC heating load model for this archetype.

BIC Results for the Semi-detached Archetype: Based on the energy consumption.
all top model subsets include the lower ranked wall thermal emissivity parameter and ex-
cludes the higher ranked Roof E parameter (Table Appendix D.2). Nevertheless, the BIC
evaluation metrics favour Model 1, which carries the greatest weight and lowest BIC score.
The values of 4BIC indicate that Models 2 and 3 still possess considerable empirical evi-
dence to be considered as the optimum model subset. However, the selected parameters in
Models 2 and 3 disagree with Morris and Sobol rankings. Model 2 includes the lower ranked
UFloor parameter and excludes the higher ranked Roof E parameter. Model 3 excludes the
higher ranked building orientation parameter and includes the lower ranked the auxiliary
energy parameter. Hence, model 1 is chosen as the final BIC energy consumption model.

The heating demand BIC results are more definitive than those obtained for the energy
consumption (Table Appendix D.2). Model A has a significantly higher weight compared to
Models B and C. Also, the 4BIC for Model C is close to the range whereby this model can
be completely discarded. Model B still possess considerable empirical evidence as a possible
model subset as per the 4BIC value. However, given the significantly higher BIC weight,
Model A is chosen as the final BIC heating demand model.

BIC Results for the Top-floor Apartment: The energy consumption BIC results for
this archetype indicate that Models 1, 2 and 3 comprise the most probable optimum subset
(Table Appendix D.3). However, Model 2 does not conform with Sobol sensitivity rankings.
The model subset includes the window frame U-value parameter only and excludes higher
ranked parameters such as Wall abs, Wall E and HSBT. Both Models 1 and 3 agree with the
sensitivity rankings except for the building orientation parameter which is ranked as one of
the top ten parameters in both sensitivity methods. While BIC metrics appear to favour the
top three models, they all exhibit some conflicting characteristics compared to the sensitivity
analysis results. Hence, lower weighted models are assessed for their suitability. Model 4 is
identical to Model 1 except this model includes the building orientation parameter, which
is deemed significant in the sensitivity results. Despite the BIC weight of Model 4 being
considerably smaller than the weights given to the top three models, this model is chosen as
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the final BIC energy consumption model due to the conformity with the sensitivity results.
Additionally, the analysis excludes Model 5 as this model has the lowest BIC weight and
conflicts with the sensitivity results.

The heating demand BIC results strongly suggest that both Model A and Model B
comprise the optimum model subset as per the BIC weights (Table Appendix D.4). While
Model A attains a higher weight, the 4BIC for Model B indicates that this could be the
‘true’ model. Also, Model A conflicts with the sensitivity results as this model includes
the UFrame parameter and excludes the more influential HSBT parameter. Therefore,
Model B is chosen as the final BIC heating demand model given the model’s conformity
with sensitivity rankings and favorable BIC evaluation metrics. Additionally, the heating
load results validate the selection of Model 4 for energy consumption parameters since all
BIC heating load models incluse the orientation parameters in the influential parameter
list. A possible reason for the exclusion of the building orientation parameter in the energy
consumption results could be due to high variance caused by the heating system COP
parameter. This high fluctuation in the output along with the non-linear and non-monotonic
nature of the orientation parameter could have excluded this parameter from the optimum
model subsets.

BIC Results for the Mid-floor Apartment: The mid-floor energy consumption BIC
results clearly illustrate that Model 1 is the optimum model subset with a substantial BIC
weight compared to Models 2 and 3 (Table Appendix D.5). When analyzing the 4BIC
values, Model 2 could be considered a ‘true’ model. However, this model includes the
window visible transmittance parameter in th parameter subset suggest. The transmittance
parameter exhibits zero/negligible effect on the output variance as per SA results. Although
Model 3 conforms with the sensitivity rankings, this model could be excluded on the account
of the significantly low weight and higher degree of model complexity compared to Model.
Hence, Model 1 is chosen as the final BIC energy consumption model.

The mid-floor heating demand BIC results provide more definitive results compared to
other archetype models (Table Appendix D.5). Model A receives a significantly higher
weight of 86% when compared to other models. The parameter subset of Model A also
conforms well with sensitivity results. Model A is chosen as the final BIC heating load
model as this model offers reduced complexity and has favorable BIC metrics.
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Table Appendix B.1: Morris Rankings for Energy Consumption, Heating & Electrical Load of Detached
and Semi-detached Archetypes.

Detached Archetype Semi Detached

Rank Energy
Heating

Load
Electrical

Load
Rank Energy

Heating
Load

Electrical
Load

1 COP HSPT Equip 1 COP HSPT Equip
2 HSPT Occ Ld 2 HSPT ACR Ld
3 Occ ACR Aux 3 Occ Occ Aux
4 UWall UWall - 4 ACR Equip -
5 ACR Equip - 5 UGlaze UGlaze -
6 Equip UGlaze - 6 Equip UWall -
7 UGlaze SHGC - 7 UWall SHGC -
8 SHGC WWR - 8 SHGC WWR -
9 Ld URoof - 9 Ld Ld -
10 URoof Ld - 10 WWR URoof -
11 WWR Wall abs - 11 URoof DHW -
12 DHW DHW - 12 DHW Wall abs -
13 Wall abs Roof abs - 13 Orientation Orientation -
14 Aux Wall abs - 14 Wall abs Roof abs -
15 Roof abs Roof E - 15 Aux Roof E -
16 Roof E UDoor - 16 Roof abs Wall E -
17 Wall E UFloor - 17 Roof E UFloor -
18 UDoor UFrame - 18 Wall E UDoor -
19 UFloor Orientation - 19 UFloor HSBT -
20 UFrame HSBT - 20 UDoor UFrame -
21 Orientation UPart - 21 HSBT UPart -
22 UPart Vt - 22 UFrame Vt -
23 HSBT - - 23 UPart - -
24 Vt - - 24 Vt - -
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Table Appendix B.2: Morris Rankings for Energy Consumption, Heating & Electrical Load of Top and
Mid-floor Apartments.

Top-floor Apartment Mid-floor Apartment

Rank Energy
Heating

Load
Electrical

Load
Rank Energy Electrical Load

Electrical
Load

1 COP ACR Equip 1 COP Equip Equip
2 ACR Occ Ld 2 ACR Ld Ld
3 Occ HSPT Aux 3 Occ Aux Aux
4 HSPT URoof - 4 HSPT - -
5 URoof Equip - 5 UGlaze - -
6 Orientation Orientation - 6 Equip - -
7 Equip UGlaze - 7 UWall - -
8 UGlaze SHGC - 8 SHGC - -
9 SHGC DHW - 9 Orientation - -
10 DHW UWall - 10 DHW - -
11 UWall Ld - 11 WWR - -
12 WWR WWR - 12 Ld - -
13 Ld Roof abs - 13 Aux - -
14 Roof abs Roof E - 14 Wall abs - -
15 Roof E Wall abs - 15 Wall E - -
16 Aux Wall E - 16 UFrame - -
17 Wall abs UFrame - 17 HSBT - -
18 Wall E HSBT - 18 UPart - -
19 UFrame UPart - 19 Vt - -
20 HSBT Vt -
21 UPart - -
22 Vt - -
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Table Appendix C.1: Detached Sobol Sensitivity Indices (%) & Rankings.

Energy Consumption (%) Heating Load (%) Electrical Load (%)

1st Order
Effect

Total Order
Effect

Rank
1st Order

Effect
Total Order

Effect
Rank

Total Order
Effect

Rank

53.8917 58.8890 COP 29.9423 30.7196 HSPT 90.64 Equip
12.5264 14.3101 HSPT 19.9765 20.3345 Occ 9.02 Ld
8.3504 9.7794 Occ 15.3060 15.5926 ACR 0.35 Aux
6.4682 7.4258 ACR 10.2093 11.0083 Equip 0 COP
3.8032 4.4347 UWall 10.1137 10.3613 UWall 0 HSPT
3.3326 4.0467 Equip 6.4421 7.1897 UGlaze 0 ACR
2.7143 2.9301 UGlaze 3.6836 4.1371 SHGC 0 Occ
1.4418 1.9071 SHGC 0.6894 1.7999 WWR 0 UGlaze
0.3991 0.9470 WWR 0.8970 0.9133 Ld 0 UWall
0.3794 0.4930 URoof 0.8871 0.9059 URoof 0 SHGC
0.3543 0.4548 Ld 0.2627 0.3214 Wall abs 0 WWR
0.1036 0.2044 Wall abs 0.2344 0.2346 DHW 0 URoof
0.0261 0.1125 DHW 0.0978 0.1615 Wall E 0 DHW
0.0366 0.0489 Wall E 0.0727 0.1027 Roof abs 0 Wall abs
0.0484 0.0484 Aux 0.0685 0.0705 UFrame 0 Roof E
0.0347 0.0368 Roof abs 0.0323 0.0623 UFloor 0 Roof abs
0.0219 0.0330 UFrame 0.0487 0.0615 Roof E 0 Wall E
0.0145 0.0323 Roof E 0.0166 0.0291 Orientation 0 UDoor
0.0059 0.0297 UFloor 0.0191 0.0271 UDoor 0 UFloor
0.0073 0.0131 UDoor 0.0020 0.0026 HSBT 0 UFrame
0.0032 0.0100 Orientation 0.0007 0.0008 UPart 0 Orientation
0.0067 0.0084 HSBT 0 0 Vt 0 UPart
0.0014 0.0017 UPart 0 0 Aux 0 HSBT

0 0 Vt 0 0 COP 0 Vt
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Table Appendix C.2: Semi-detached Sobol Sensitivity Indices (%) & Rankings.

Energy Consumption (%) Heating Load (%) Electrical Load (%)

1st Order
Effect

Total Order
Effect

Rank
1st Order

Effect
Total Order

Effect
Rank

Total Order
Effect

Rank

58.1842 62.6856 COP 30.2067 30.9379 HSPT 88.81 Equip
11.6271 13.2716 HSPT 20.7285 21.0245 ACR 10.82 Ld
8.0127 9.1533 ACR 14.3440 14.5233 Occ 0.35 Aux
5.5314 6.4704 Occ 10.3860 11.0241 Equip 0 COP
3.3343 3.6297 UGlaze 8.6610 9.5953 UGlaze 0 HSPT
2.8592 3.4494 Equip 5.9672 6.1631 UWall 0 ACR
1.9400 2.4292 SHGC 5.3420 5.8963 SHGC 0 Occ
2.0713 2.4268 UWall 0.9002 2.2451 WWR 0 UGlaze
0.4541 1.0311 WWR 1.1620 1.1736 Ld 0 UWall
0.3582 0.4722 Ld 0.6445 0.6716 URoof 0 SHGC
0.2495 0.3296 URoof 0.3547 0.3547 DHW 0 WWR
0.0528 0.1183 Wall abs 0.0883 0.2043 Orientation 0 URoof
0.0288 0.1013 Roof abs 0.1695 0.2027 Wall abs 0 DHW
0.0510 0.0610 DHW 0.0582 0.1046 Wall E 0 Wall abs
0.0179 0.0587 Orientation 0.0576 0.087 Roof abs 0 Roof E
0.0429 0.0429 Aux 0.0360 0.064 UFloor 0 Roof abs
0.0087 0.0272 Roof E 0.0401 0.0555 Roof E 0 Wall E
0.0077 0.0268 UFloor 0.0143 0.0146 UFrame 0 UDoor
0.0174 0.0263 Wall E 0.0076 0.0118 UDoor 0 UFloor
0.0032 0.0062 UFrame 0.0018 0.0032 UPart 0 UFrame
0.0017 0.0061 UDoor 0.0023 0.0026 HSBT 0 Orientation
0.0058 0.0058 HSBT 0 0 Vt 0 UPart
0.0007 0.0025 UPart 0 0 Aux 0 HSBT

0 0 Vt 0 0 COP 0 Vt

46



Table Appendix C.3: Top-floor Apartment Sobol Sensitivity Indices (%) & Rankings.

Energy Consumption (%) Heating Load (%) Electrical Load (%)

1st Order
Effect

Total Order
Effect

Rank
1st Order

Effect
Total Order

Effect
Rank

Total Order
Effect

Rank

57.2784 62.8408 COP 25.2409 25.6607 ACR 86.76 Equip
9.8760 11.3301 ACR 21.2714 22.1296 HSPT 13.17 Ld
8.2282 9.7499 HSPT 19.5417 19.8734 Occ 0.36 Aux
7.2764 8.6824 Occ 8.2731 8.6935 URoof 0 COP
3.1314 3.3440 URoof 7.0719 7.3233 Equip 0 HSPT
2.5157 2.8588 Equip 3.8269 4.2383 UGlaze 0 ACR
1.4607 1.8705 UGlaze 2.8086 3.4747 SHGC 0 Occ
1.1618 1.5771 Orientation 2.9433 3.4058 Orientation 0 UGlaze
1.1398 1.4700 SHGC 2.1972 2.1972 DHW 0 UWall
0.7099 1.0078 DHW 2.0700 2.1897 UWall 0 SHGC
0.7377 0.9481 UWall 1.0744 1.1064 Ld 0 WWR
0.3628 0.4971 Ld 0.3122 0.7833 WWR 0 URoof
0.0184 0.3865 WWR 0.3639 0.4266 Roof abs 0 DHW
0.0982 0.1596 Roof E 0.2650 0.3197 Roof E 0 Wall abs
0.1076 0.1368 Roof abs 0.0792 0.1119 Wall abs 0 Roof E
0.0410 0.0410 Aux 0.0087 0.0289 Wall E 0 Roof abs
0.0221 0.0373 Wall abs 0.0052 0.0196 HSBT 0 Wall E
0.0206 0.0280 Wall E 0.0024 0.0091 UFrame 0 UDoor
0.0061 0.0117 HSBT 0.0041 0.0051 UPart 0 UFloor
0.0011 0.0097 UFrame 0 0 Vt 0 UFrame
0.0020 0.0043 UPart 0 0 COP 0 Orientation

0 0 Vt 0 0 Aux 0 UPart
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Table Appendix C.4: Mid-floor Apartment Sobol Sensitivity Indices (%) & Rankings.

Energy Consumption (%) Heating Load (%) Electrical Load (%)

1st Order
Effect

Total Order
Effect

Rank
1st Order

Effect
Total Order

Effect
Rank

Total Order
Effect

Rank

47.3168 53.2272 COP 31.8914 32.8976 ACR 87.48 Equip
15.0071 17.2667 ACR 20.7707 21.4567 Occ 12.95 Ld
9.5664 10.8438 Occ 16.8237 18.1642 HSPT 0.36 Aux
8.4510 9.5054 HSPT 8.1231 8.5859 Equip 0 COP
3.7839 4.5807 Equip 5.3921 6.0352 UGlaze 0 HSPT
2.5813 3.2661 UGlaze 3.4242 4.1817 SHGC 0 ACR
1.6315 2.2727 SHGC 3.4946 3.9671 Orientation 0 Occ
1.7822 2.1522 Orientation 3.0754 3.2928 UWall 0 UGlaze
1.5263 1.7108 UWall 2.6322 2.6329 DHW 0 UWall
1.2381 1.4443 DHW 0.9642 1.8264 WWR 0 SHGC
0.4124 1.0230 WWR 1.1097 1.1934 Ld 0 WWR
0.6512 0.7759 Ld 0.0937 0.0937 Wall abs 0 URoof
0.0795 0.0796 Aux 0.0218 0.0288 Wall E 0 DHW
0.0373 0.0476 Wall abs 0.0088 0.0110 UFrame 0 Wall abs
0.0159 0.0293 Wall E 0.0079 0.0094 UPart 0 Roof E
0.0035 0.0118 HSBT 0.0024 0.0046 HSBT 0 Roof abs
0.0066 0.0093 UFrame 0 0 Vt 0 Wall E
0.0025 0.0062 UPart 0 0 COP 0 UDoor

0 0 Vt 0 0 Aux 0 UFloor
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Table Appendix D.1: Detached Archetype BIC Results for the Energy Consumption and Heating Demand

Energy Consumption Heating Demand

Parameter
Model

1
Model

2
Model

3
Model

4
Model

5
Parameter

Model
A

Model
B

Model
C

COP 3 3 3 3 3 HSPT 3 3 3

HSPT 3 3 3 3 3 Occ 3 3 3

Occ 3 3 3 3 3 ACR 3 3 3

ACR 3 3 3 3 3 Equip 3 3 3

UWall 3 3 3 3 3 UWall 3 3 3

Equip 3 3 3 3 3 UGlaze 3 3 3

UGlaze 3 3 3 3 3 SHGC 3 3 3

SHGC 3 3 3 3 3 WWR 3 3 3

WWR 3 3 3 3 3 Ld 3 3 3

URoof 3 3 3 3 3 URoof 3 3 3

Ld 3 3 3 3 3 Wall abs 3 3 3

Wall abs 3 3 3 3 3 DHW 3 3 3

DHW 3 3 3 3 3 Wall E 3 3 3

Wall E 3 3 3 3 3 Roof abs 3 3 3

Aux 3 3 3 3 3 UFrame 7 7 7

Roof abs 3 3 3 3 3 UFloor 7 7 7

UFrame 7 7 7 7 7 Roof E 3 3 7

Roof E 3 3 7 7 7 Orientation 7 7 7

UFloor 7 7 7 7 3 UDoor 3 7 7

UDoor 3 7 7 3 7 HSBT 7 7 7

Orientation 7 7 7 7 7 UPart 7 7 7

HSBT 7 7 7 7 7 Vt 7 7 7

UPart 7 7 7 7 7

Vt 7 7 7 7 7

BIC Score 160,094.8 160,094.9 160,095.3 160,095.4 160,096.6 BIC Score 160,094.8 160,094.9 160,095.3
Weight 0.239 0.233 0.190 0.182 0.097 Weight 0.239 0.233 0.190
4BIC 0 0.052 0.460 0.551 1.181 4BIC 0 0.052 0.460

No. of Parameters 18 17 16 17 17 No. of Parameters 18 17 16
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Table Appendix D.2: Semi-detached Archetype BIC Results for the Energy Consumption and Heating
Demand

Energy Consumption Heating Demand

Parameter
Model

1
Model

2
Model

3
Parameter

Model
A

Model
B

Model
C

COP 3 3 3 HSPT 3 3 3

HSPT 3 3 3 ACR 3 3 3

ACR 3 3 3 Occ 3 3 3

Occ 3 3 3 Equip 3 3 3

UGlaze 3 3 3 UGlaze 3 3 3

Equip 3 3 3 UWall 3 3 3

SHGC 3 3 3 SHGC 3 3 3

UWall 3 3 3 WWR 3 3 3

WWR 3 3 3 Ld 3 3 3

Ld 3 3 3 URoof 3 3 3

URoof 3 3 3 DHW 3 3 3

Wall abs 3 3 3 Orientation 3 3 3

Roof abs 3 3 3 Wall abs 3 3 3

DHW 3 3 3 Wall E 3 3 3

Orientation 3 3 7 Roof abs 3 3 3

Aux 3 3 3 UFloor 3 3 3

Roof E 7 7 7 Roof E 3 3 7

UFloor 7 3 7 UDoor 3 3 3

Wall E 3 3 3 UFrame 7 7 7

UFrame 7 7 7 UPart 7 7 7

UDoor 7 7 7 HSBT 7 3 7

HSBT 7 7 7 Vt 7 7 3

UPart 7 7 7

Vt 7 7 7

BIC Score 156,654.8 156,658.7 156,659.2 BIC Score 136,051.5 136,055.8 136,060.7
Weight 0.69 0.10 0.08 Weight 0.87 0.10 0.009
4BIC 0 3.89 4.34 4BIC 0 4.35 9.18

No. of Parameters 17 18 16 No. of Parameters 18 19 19
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Table Appendix D.3: Top-floor Apartment BIC Results for the Energy Consumption.

Parameter Model 1 Model 2 Model 3 Model 4 Model 5

COP 3 3 3 3 3

ACR 3 3 3 3 3

HSPT 3 3 3 3 3

Occ 3 3 3 3 3

URoof 3 3 3 3 3

Equip 3 3 3 3 3

UGlaze 3 3 3 3 3

Orientation 7 7 7 3 7

SHGC 3 3 3 3 3

DHW 3 3 3 3 3

UWall 3 3 3 3 3

Ld 3 3 3 3 3

WWR 3 3 3 3 3

Roof E 3 3 3 3 3

Roof abs 3 3 3 3 3

Aux 3 3 3 3 3

Wall abs 7 7 3 7 7

Wall E 7 7 7 7 7

HSBT 7 7 7 7 3

UFrame 7 3 7 7 7

UPart 7 7 7 7 7

Vt 7 7 7 7 7

BIC Score 143,906.9 143,908.1 143,909.1 143,911.1 143,912.0
Weight 0.45 0.24 0.15 0.07 0.04
4BIC 0 1.21 2.18 4.15 5.11

No. of Parameters 15 16 16 16 16
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Table Appendix D.4: Top-floor Apartment BIC Results for the Heating Demand

Parameter Model A Model B Model C Model D Model E

ACR 3 3 3 3 3

HSPT 3 3 3 3 3

Occ 3 3 3 3 3

URoof 3 3 3 3 3

Equip 3 3 3 3 3

UGlaze 3 3 3 3 3

SHGC 3 3 3 3 3

Orientation 7 7 7 3 7

DHW 3 3 3 3 3

UWall 3 3 3 3 3

Ld 3 3 3 3 3

WWR 3 3 3 3 3

Roof abs 3 3 3 3 3

Roof E 3 3 3 3 3

Wall abs 3 3 3 3 3

Wall E 3 3 3 3 3

HSBT 7 7 7 7 7

UFrame 3 7 3 3 7

UPart 7 7 3 7 3

Vt 7 7 7 7 7

BIC Score 128,125.8 128,126.3 128,132.6 128,133.0 128,133.3
Weight 0.53 0.40 0.017 0.014 0.012
4BIC 0 0.55 6.84 7.27 7.50

No. of Parameters 17 16 18 18 17
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Table Appendix D.5: Mid-floor Apartment BIC Results for the Energy Consumption and Heating Demand

Energy Consumption Heating Demand

Parameter
Model

1
Model

2
Model

3
Parameter

Model
A

Model
B

Model
C

COP 3 3 3 ACR 3 3 3

ACR 3 3 3 Occ 3 3 3

Occ 3 3 3 HSPT 3 3 3

HSPT 3 3 3 Equip 3 3 3

Equip 3 3 3 UGlaze 3 3 3

UGlaze 3 3 3 SHGC 3 3 3

SHGC 3 3 3 Orientation 3 3 3

Orientation 3 3 3 UWall 3 3 3

UWall 3 3 3 DHW 3 3 3

DHW 3 3 3 WWR 3 3 3

WWR 3 3 3 Ld 3 3 3

Ld 3 3 3 Wall abs 3 3 3

Aux 3 3 3 Wall E 3 3 3

Wall abs 3 3 3 UFrame 7 3 7

Wall E 7 7 3 UPart 7 7 7

HSBT 7 7 7 HSBT 7 7 7

UFrame 7 7 7 Vt 7 7 3

UPart 7 7 7

Vt 7 3 7

BIC Score 140,278.1 140,281.9 140,282.1 BIC Score 128,439.7 128,444.4 128,446.8
Weight 0.64 0.093 0.087 Weight 0.86 0.08 0.02
4BIC 0 3.85 4.00 4BIC 0 4.6 7.1

No. of Parameters 14 15 15 No. of Parameters 13 14 14
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