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Abstract 13 

This paper aims to develop a green building meta-model for a representative passively designed 14 

high-rise residential building in Hong Kong. Modeling experiments are conducted with EnergyPlus 15 

to explore a Monte Carlo regression approach, which intends to interpret the relationship between 16 

input parameters and output indices of a generic building model and provide reliable building 17 

performance predictions. Input parameters are selected from different passive design strategies 18 

including the building layout, envelop thermophysics, building geometry and infiltration & air-19 

tightness, while output indices are corresponding indoor environmental indices of the daylight, 20 

natural ventilation and thermal comfort to fulfil current green building requirements. The variation of 21 

sampling size, application of response transformation and bootstrap method, as well as different 22 

statistical regression models are tested and validated through separate modelling datasets. A sampling 23 

size of 100 per regression coefficient is determined from the variation of sensitivity coefficients, 24 

coefficients of determination and prediction uncertainties. The rank transformation of responses can 25 

calibrate sensitivity coefficients of a non-linear model, by considering their variation obtained from 26 

sufficient bootstrapping replications. Furthermore, the acquired meta-model with MARS 27 

(Multivariate Adaptive Regression Splines) is proved to have better model fitting and predicting 28 

performances. This research can accurately identify important architectural design factors and make 29 

robust building performance predictions associated with the green building assessment. Sensitivity 30 

analysis results and obtained meta-models can improve the efficiency of future optimization studies 31 

https://doi.org/10.1016/j.apenergy.2016.08.180 This is the Pre-Published Version.

© 2016. This manuscript version is made available under the CC-BY-NC-ND 4.0 license https://creativecommons.org/licenses/by-nc-nd/4.0/.



 

 2 

by pruning the problem space and shorten the computation time. 32 

Keywords: Meta-model; Indoor environment; Regression analysis; Passive design; Bootstrap  33 

 34 

1. Introduction 35 

Green building rating schemes emerged in the 1960s as potential methods to improve the 36 

building sustainability from multiple aspects including the energy efficiency, material use, and indoor 37 

environment quality [1-4]. Given the fact that building sectors account for over 60% of total energy 38 

consumption in Hong Kong, BEAM (Building Environmental Assessment Method) has been 39 

practiced by researchers, designers and engineers for two decades to encourage the environmental 40 

awareness of the construction industry [5, 6]. Especially, Hong Kong Housing Authority is taking a 41 

leading role to build BEAM certified high-rise residential buildings to accommodate nearly one third 42 

of the local population. In a recent update of this local green building rating scheme, passive design 43 

strategies are proposed to maximize their influences over the building sustainability from the earliest 44 

construction stage [7, 8]. Passive designs covering the building layout, envelop thermophysics, 45 

building geometry and infiltration & air-tightness have been proved to significantly affect building 46 

performance in previous regression analyses [9-12]. These analyses can not only interpret the relative 47 

importance of each design strategy (i.e. the sensitivity analysis), but also predict future building 48 

performance (i.e. statistical modelling). Both the sensitivity analysis (SA) and statistical modelling 49 

can assist decision-makers in the initial stage of a construction project to efficiently deploy their 50 

resources over green building features.  51 

 52 

1.1.Sensitivity analysis 53 

The sensitivity analysis is widely applicable to relating input parameters with the overall 54 

building performance [13]. The unique contribution from each input can be determined by SA to 55 

prepare for future optimization of energy, environment and economic performances [14, 15]. SA 56 

methods can usually be classified to the local SA where input parameters are varied one at a time and 57 

the global SA where all inputs are changed simultaneously [16-18]. The local SA is used to examine 58 

the energy performance of office buildings in Hong Kong with the DOE-2 program. Input factors of 59 

building loads, HVAC systems and refrigeration plants were varied separately to examine their 60 

influences over building energy consumption, the peak design load and annual load profiles. As a 61 
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result, the lighting load, thermal setpoint and chiller coefficient of performance were proved to be 62 

most important design parameters in each category [17]. The optimum slab thickness of floors, 63 

ceilings and external walls was determined based on a local sensitivity analysis of the building 64 

envelop, where the maximum window to wall ratio was expressed by a function of the diurnal 65 

temperature amplitude [19]. The window aperture area was also independently correlated with the 66 

peak electricity demand and annual energy consumption to provide simple design charts for engineers 67 

in early planning stages [20]. Apart from the above architectural features, shading effects from the 68 

balcony and surrounding structures were independently investigated by local SAs [21, 22].  On the 69 

other side, the global SA is adopted to study the uncertainty and sensitivity of a passively cooled 70 

office building in moderate climates [23]. The impact of single-sided ventilation, passive stack and 71 

cross ventilation strategies on indoor thermal comfort conditions was investigated in this research, 72 

where the single-sided ventilation contributed to the largest uncertainty in the model output. In 73 

addition, design guidelines for conducting sensitivity studies on the total annual energy consumption 74 

of low-rise residential buildings are developed in a background of global warming [24, 25]. The 75 

natural ventilation, window area, and solar heat gain coefficient are founded to be the most important 76 

design parameters in such buildings. However, the uncertainty of natural ventilation can be attributed 77 

to more elementary building designs such as window properties and opening configurations [26, 27]. 78 

 79 

1.2.Statistical modelling 80 

The statistical modelling is another application of regression analyses, in which meta-models (or 81 

surrogate models, emulators etc.) are developed from either monitored building operation data or 82 

simulation cases from detailed engineering models [28]. Campus building stock data were used to 83 

construct statistical energy meta-model with both linear and non-parametric regression approaches 84 

[29]. In this study, linear models showed better prediction performances through a simple 85 

transformation of response data. Measured data of these buildings were also used to predict the base 86 

temperature and enthalpy with multiple linear regression analyses [30]. Hilliard et al. developed a 87 

predictive control strategy for a college building with the combination of EnergyPlus and R software. 88 

The deadband setpoint strategy performed better as a comfort maintenance measure compared to the 89 

fixed setpoint strategy in terms of energy reduction [31]. A Brazilian meta-model for both naturally 90 
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and artificially ventilated residential buildings was developed from EnergyPlus simulations, where 91 

the artificial neural network model outperformed multiple regression models under a local energy 92 

labelling system [32]. In addition, Fan et al. proposed a data-mining method to develop an ensemble 93 

model for predicting the future energy consumption and peak demand [33]. The model was 94 

successfully applied to the tallest building in Hong Kong and was valuable for the fault detection and 95 

diagnosis as well as operation optimization.  96 

According to the above introduction and literature review, it can be recognized that little existing 97 

research focuses on developing meta-models for passively designed high-rise residential buildings in 98 

hot and humid climates. Such studies should include a comprehensive statistical analysis on the model 99 

interpretation and prediction. This paper mainly focuses on the regression analysis of a generic 100 

building model with selected passive design parameters under a free-running mode. Miscellaneous 101 

internal loads and operational controls are excluded from the modelling process to observe the unique 102 

influence of the passive design on indoor environmental performances. Unlike most existing studies, 103 

the natural ventilation rate is treated as a model output to evaluate the impact of elementary 104 

architectural designs. The thermal comfort performance is another model output in the unconditioned 105 

building to represent the time when cooling energy consumption can be exempted, while the daylight 106 

performance is presented to indicate the time when artificial lighting can be waived with a specified 107 

illuminance threshold. The sampling size, resampling method, rank transformation, and different 108 

statistical models are thoroughly investigated by massive modelling experiments to obtain calibrated 109 

sensitivity coefficients and robust surrogate models.  110 

 111 

2. Research design and methodology 112 

This study intends to perform an in-depth statistical regression analysis between passive design 113 

parameters and indoor environmental conditions. On top of previously conducted sensitivity studies 114 

[10], influences of sampling sizes on SA indices, applications of resampling methods, and 115 

comparisons between different statistical models are conducted according to illustrations in Fig. 1. A 116 

generic model representing a typical high-rise residential building in Hong Kong is first constructed 117 

to simulate the daylight, natural ventilation and thermal comfort performance. The Monte Carlo 118 

Analysis is then adopted to generate the input-output matrix for regression analyses. Furthermore, an 119 

appropriate sampling size is determined with stabilized statistical estimators and clearly identified 120 
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distribution patterns. Different regression models are applied to the sensitivity analysis and statistical 121 

modelling, where the optimized model is bootstrapped and cross-validated to assess the variation of 122 

sensitivity coefficients and uncertainty of model predictions. 123 

 124 

2.1.Building modeling and input variation 125 

The Public Rental Housing (PRH) is a typical high-rise building developed by the Hong Kong 126 

Housing authority for low-income local residents. These buildings are modularly designed with 127 

typical layout plans shown in Fig. 2. Private flats are located in the perimeter zone of a typical floor 128 

to allow the penetration of daylight and natural ventilation. In building performance simulations, the 129 

typical floor model can represent the whole building for the sake of time-saving in a large-sample 130 

modelling experiment [34]. Therefore, a two-habitant hypothetic generic model in the center of the 131 

typical floor is constructed to represent the worst-case scenario for the daylight and ventilation access. 132 

The model is assumed to be unoccupied to exclude influences from residents and operating schedules. 133 

Its physical parameters are in compliance with the local construction practice and green building 134 

standard as summarized in Table 1 [8]. 135 

  The indoor environmental solutions of the generic model are obtained from interlinked sub-136 

modules in EnergyPlus, which has been extensively recognized, calibrated and validated in building 137 

performance analyses [35, 36]. The indoor illuminance level was calculated by the combination of 138 

sky component, shading and daylight sub-modules based on the room geometry, window 139 

transmittance and wall surface property, while ventilation and thermal conditions are derived from 140 

heat balance and airflow network sub-modules [37]. 141 

2.1.1. Daylight calculation 142 

Daylight calculation is performed whenever accessible to the sunlight with a reference sensing 143 

point specified in the middle of the room. The interior illuminance at the reference point is calculated 144 

by multiplying the daylight illumination factor for the current solar position with the external 145 

horizontal illuminance from the weather file. The calculation process for each time step can be 146 

expressed by Eq. (1) to Eq. (3): 147 

( , ) ( , , ) (1 ) ( , , 1)sun L S j sun L S h j sun L S hd i i w d i i i w d i i i= + − +       (1)   148 

, , cosh sun dir norm dirE S Z=           (2)   149 
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,( , )win L S sun h sunI i i d E=           (3)   150 

where ( , )sun L Sd i i  is the daylight illuminance factor; iL is the reference point index; iS is the window 151 

shade index (1 for unshaded window); ih is the hour number; wj is the weighting factor for the time-152 

step interpolation; 
,h sunE  is the exterior horizontal solar illuminance; Z is the solar zenith angle; ηdir 153 

is the luminous efficacy of direct radiation from the sun; 
,norm dirS  is the direct normal solar irradiance; 154 

and ( , )win L SI i i  is the interior illuminance from a window. 155 

2.1.2. Airflow network algorithm 156 

Airflow network (AFN) algorithm is adopted to simulate the single-sided natural ventilation, 157 

where airflow is driven by the synergy of the wind pressure and buoyancy through cracks and 158 

windows. In AFN, the flowrate is derived from the pressure difference between thermal zones, and 159 

the resultant thermal load is further combined with original air balance equations to acquire the final 160 

indoor condition. Airflow patterns through the vertical window vary according to the height of the 161 

neutral plane [38], and the total flowrate can be calculated as a function of the height h by Eq. (4) in 162 

the one-way flow condition, and Eq. (5) and (6) in the two-way flow situation: 163 

0,

0

( )Wdh

h H

H d

h

m C v h 
=

=

=           (4)  164 

0

( )Wdh

h Y

d

h

m C v h 
=

=

=            (5)  165 

( ) Wdh

h H

d

h Y

m C v h 
=

=

=            (6)  166 

where θ is the opening area reduction factor (dimensionless); ρ is the air density; Cd is the discharge 167 

coefficient (dimensionless); H is the height of the window; W is the window width; and Y is the height 168 

of the neutral plane (with zero airflow speed). 169 

The calculation of indoor heat and moisture balance adopts a predictor-corrector approach, in 170 

which the heat and air mass balance is a summary of internal latent loads, infiltrations, air systems, 171 

multi-zone airflows and convections on zone surfaces. The mean zone operative temperature can be 172 

expressed by Eq. (7) and (8): 173 
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inf

1 1 1

( ) ( ) ( )
surfl zone

NN N

z
a p T i i i si z i p zi z p z

i i i

dT
C C Q h A T T m C T T m C T T

dt
 

= = =

= + − + − + −  
   (7)  

174 

(1 )o z rT T T = + −
          (8)  

175 

where Ai is the area of room surfaces; Cp is the zone air specific heat; CT is the sensible heat capacity 176 

multiplier; hi is the convective heat transfer coefficient; mi is the inter-zone air mass flow rate; minf is 177 

the infiltration air mass flow rate; Nl is the number of latent internal loads; Nsurf is the number of zone 178 

surfaces; Nzone is the number of zones; Qi is the convective internal loads; To is the operative 179 

temperature; Tsi is the temperature of zone surfaces; Tzi is the mean temperature of ith zone; Tz is the 180 

zone air temperature; 
rT  is the mean radiant temperature; T

 is the temperature of the outdoor air; 181 

  is the coefficient depending on the relative air speed according to ASHRAE 55; and a  is the 182 

zone air density. With similar principles, the zone humidity ratio is defined as Eq. (9): 183 

inf

1 1 1

( ) ( ) ( )
surfl zone

NN N

z
a z W i a mi i si z i zi z p z

i i i

dW
V C kg h A W W m W W m C W W

dt
  

= = =

= + − + − + −  
  (9)  

184 

where CW is the humidity capacity multiplier; hmi is the convective mass transfer coefficient; kgi is 185 

the internal moisture loads; Vz is the zone volume; Wsi is the humidity ratio of zone surfaces; Wzi is 186 

the humidity ratio of ith zone; Wz is the zone air humidity ratio; and W  is the humidity ratio of the 187 

outdoor air.   188 

In this study, a “simple opening” component with a constant air mass flow exponent of 0.65 189 

represents the large vertical window opening on the external wall. The crack component adopts the 190 

same exponent setting as the window. Openable windows are controlled to allow natural cooling 191 

whenever the indoor temperature is higher than that of the outdoor. 192 

2.1.3. ASHRAE 55 comfort model 193 

The ASHRAE Standard 55 adaptive model of the 90% acceptability is selected to assess the 194 

indoor operative temperature under naturally ventilated conditions for hot and humid climates 195 

according to previous research conducted by the authors. The 90% acceptability limits of the 196 

operative temperature are defined by Eq. (10) and (11) [39]. The proportion of time in the cooling 197 

period when the indoor temperature falls within the limits is then taken as the comfort index. 198 

, 90 0.31 20.3o up aoT T= +
                    (10) 

199 
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, 90 0.31 15.3o low aoT T= +
                    (11) 

200 

where To,up90 is the upper limit of acceptable operative temperature; To,low90 is the lower limit of 201 

acceptable operative temperature; and Tao is the prevailing mean outdoor air temperature.  202 

2.1.4. Weather conditions and input variations 203 

Climatic conditions can greatly impact indoor environmental conditions because the variation 204 

of the outdoor temperature, humidity, radiation and wind speed to can greatly impact the effectiveness 205 

of passive design strategies [40-42]. In this research, Hong Kong (22.3 Nº, 114.17 Eº) is chosen as a 206 

representative city in hot and humid subtropical climatic regions to investigate the building 207 

performance in cooling periods. According to recommendations from the local green building 208 

guidance, the use of air-conditioning in Hong Kong usually lasts from April to October with the peak 209 

load in July and August [43]. However, April can be excluded by observing the electricity 210 

consumption trend of local buildings when the ASHRAE 90% acceptability model is used to assess 211 

thermal comfort conditions under natural ventilation conditions [42, 44]. 212 

Passive design parameters are treated as model inputs in this study and their variation ranges are 213 

determined with reference to local building practices and engineering experiences (see Table 2). 214 

These strategies with potential influences over the future cooling and lighting energy consumption, 215 

are specified as the external obstruction angle (EOA), building orientation (BO), wall thermal 216 

resistance (WTR), wall specific heat (WSH), window U-values (WU), solar heat gain coefficient 217 

(SHGC), visible light transmittance (VLT), window to ground ratio (WGR), overhang projection 218 

fraction (OPF) and infiltration air mass flowrate coefficient (IAMFC). These input variables are 219 

varied uniformly within their distribution ranges. EOA is introduced to measure surrounding 220 

obstructions as defined in previous research [45, 46], where the upper limit of 87 is assumed with a 221 

typical building height of 100 m and a minimum road width of 5 m as per the Building Ordinance in 222 

Hong Kong. The design domain of WTR, WU and WTH is recommended by EnergyPlus manuals 223 

[37]. VLT is controlled to vary synchronously with SHGC and only impacts daylight performances. 224 

In addition, the lower limit of WGR is set to meet the minimum glazing size required by PNAP APP-225 

130. 226 

      227 

2.2.Statistical regression analysis 228 
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In this research, the regression analysis begins with the Monte Carlo method, which basically 229 

utilizes computer generated random variables to approximate univariate and multidimensional 230 

integrals [47]. An adequate sample size has to be determined first for either the sensitivity analysis 231 

(SA) or statistical modelling based on the stability of estimators and prediction residuals. Then the 232 

statistical training of different regression models is conducted on the input-output dataset. Finally, 233 

bootstrapping and cross-validation is applied to obtain more complete and robust information about 234 

sensitivity indices and prediction accuracies.  235 

2.2.1. Generating the input-output matrix 236 

The sampling-based Monte Carlo method is a technique that operates a model multiple times 237 

with random samples generated from input distributions. It provides approximate solutions to both 238 

uncertainty and sensitivity analyses by performing statistical modelling experiments [48, 49]. The 239 

method can handle complex black-box models irrespective of the linearity and continuity, and 240 

generate a probability distribution for each output depending on input distribution types [16]. 241 

Monte Carlo method can be combined with the Latin Hypercube Sampling (LHS), which is 242 

famous for its brief concept, convenient implementation, and effective stratification across the whole 243 

distribution range of variables [50]. To derive the proper size of training data for regression analyses, 244 

changing sample sizes from 100 to 10000 are produced with LHS according to Table 2 [51]. Building 245 

simulations are then conducted to obtain indoor environment indices including the illuminance level 246 

(IL), air change rate (ACR) and ASHRAE55 comfort time (ACT). The whole process can be 247 

summarized by the following equation: 248 

1 11 12 1

2 21 22 2

1 2

( , , , )

( , , , )

( , , , )

k

k

N N N Nk

y f x x x

y f x x x
Y

y f x x x

   
   
   = =
   
   
   

                  (12) 249 

where N is the sample size; k is the number of input factors; x is the input variable; and y is the output 250 

variable.  251 

2.2.2.  Sensitivity analysis 252 

The sensitivity analysis (SA) is performed to determine the contribution of each input parameter 253 

to the variance of specified outputs of the building model. SA is valuable for both modelling and 254 

experimental studies when exploring building physical responses to changing design and operation 255 



 

 10 

conditions [13]. It can usually be divided to two categories: the local sensitivity analysis and global 256 

sensitivity analysis. The local SA, as introduced in Section 1, is quite straightforward and time-saving 257 

but highly dependent on the controlled value of other variables, addressing little interaction between 258 

input variables [18]. On the other side, the global SA can evaluate output responses by varying all 259 

input variables at the same time and is thus selected to conduct following regression analyses. 260 

One sensitivity index used in this research is the standardized regression coefficient (SRC). It is 261 

obtained from a multiple linear regression model when the input-output matrix has been standardized. 262 

The absolute value and sign of SRC indicate the relative importance of each input and the changing 263 

direction of the output against the input. A common multiple linear regression analysis of 264 

responses/outputs (yi) and inputs/predictors (xi) takes the form of Eq. (13): 265 

0

1

ˆ
k

i j j

j

y x 
=

= +                     (13)  266 

where ˆ
iy   is the predicted yi by the model; and βj is the regression coefficient determined by 267 

minimizing Eq. (14): 268 

2

2

0

1 1 1

ˆ( )
N N k

i i i j ij

i i j

y y y x 
= = =

  
− = − +  

   
                    (14) 269 

The sensitivity coefficient (SRC) of each predictor in the regression model can be calculated by: 270 

j x

j

y

SRC
 


=                      (15) 271 

1/2
2

1

( )

1

N
ij ij

x

i

x x

N


=

 −
=  

− 
                     (16)  272 

1/2
2

1

(y )

1

N
i j

y

i

y

N


=

 −
=  

− 
                     (17)  273 

where 
ijx  and 

jy  are the averaged input and output respectively. 274 

The coefficient of determination (R2) is further formulated by Eq. (18) to assess the correlation 275 

between the input and output. A value higher than 0.7 is preferred so that the acquired model can 276 

explain most of the variation in outputs [16].  277 

2

2 1

2

1

ˆ( )

( )

N

ii
N

ii

y y
R

y y

=

=

−
=

−




                    (18) 278 
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Apart from R2, the variance inflation factor (VIF) has to be computed to detect the existence of 279 

multicollinearity between three or more input parameters (see Eq. (19)). Some input parameters might 280 

be correlated with others in building performance analyses such as the natural ventilation rate and 281 

window area which are both used as inputs in some studies [24, 25]. The smallest value of VIF is 1, 282 

indicating the complete elimination of collinearity.  283 

2

1

1
j jx x

VIF
R

−

=
−

                     (19) 284 

where 2

j jx x
R

−

 is the R2 from a regression of xj on all other predictors. In this study, VIF of all selected 285 

inputs is within 1.02, suggesting an almost non-correlated dataset. 286 

The other sensitivity coefficient calculated from the multiple regression analysis is the 287 

Standardized Rank Regression Coefficient (SRRC), which is SRC after the rank transformation of 288 

outputs or/and inputs. It can improve the linearity and R2 of the regression model [52]. Rank 289 

transformations provide a robust and useful solution in the case of long tailed input and output 290 

distributions with an appropriate low association index [53]. 291 

2.2.3. Bootstrapping in sensitivity analysis 292 

The bootstrap method can evaluate the accuracy of an estimator (e.g. the sensitivity coefficient 293 

and root mean square error) by a random resampling with the replacement from the original dataset 294 

[28]. It involves the application of the plug-in principle, where the original probability distribution 295 

function F ( ( )t F = ) of an estimator   is replaced by the same empirical distribution function F̂  296 

( ˆ ˆ( )t F =  ) of a corresponding ̂   [54]. The empirical distribution F̂   is defined by a discrete 297 

distribution which puts an equal probability to each sample value in the dataset.  298 

Fig. 3 explains the working principle of a bootstrapping process. An original dataset of Z is first 299 

created as per Section 2.2.1. Assuming a sample size of 100, Z is then 100 combinations of 10 vectors 300 

(i.e. 9 input parameters and 1 output from the building model). An initial bootstrap sample Z*
1 with 301 

the exact same dimension of the original one is then generated by randomly sampling 100 times from 302 

the original dataset with replacement. As shown in the flowchart, each vector in the bootstrap sample 303 

Z*
1 can be any element extracted from the original dataset and repetitions of some vectors might be 304 

observed. This process is repeated B times until the required number of bootstrap samples is met. An 305 
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adequate number of B is reached when the calculated statistical estimator becomes stable [54]. 306 

Subsequently, the statistical estimator (i.e. the sensitivity coefficient in this study) 𝜃∗ is calculated for 307 

each bootstrap sample, and the standard deviation of the estimator can be acquired from Eq. (20) [55]: 308 

* * * 2

1 1

1 1垐 ?( )
1

B B

k k

k k

S
B B

  
= =

= −
−
                    (20) 309 

The variation of sensitivity coefficient and its confidence intervals can be automatically 310 

estimated by the least-square method if only the following assumptions are not violated: a) The 311 

predictors are observed without errors; b) the error has a finite variance; c) the error is independent 312 

of predictors; and d) the error has the same probability distribution for each observation [56]. 313 

However, a heavy-tailed residual distribution or a few outliers can easily violate these ideal 314 

assumptions. Therefore, the parametric bootstrap should be more reliable in estimating the 315 

uncertainty of sensitivity indices. 316 

2.2.4. Statistical modeling and surrogate model selection 317 

The standard regression analysis described in previous sections is used to estimate the relative 318 

importance of different input design parameters, while the statistical regression is introduced to 319 

develop a refined model for predicting indoor environmental indices instead of the simulation 320 

software. In statistical regression analyses, not all inputs are necessary for a meaningful interpretation 321 

of outputs. Decisions about which variable is included or omitted from the regression equation are 322 

exclusively based on particular sample-drawn statistics where minor differences can have profound 323 

influences over the relative importance of an input [57].  There are three common statistical regression 324 

methods, namely the stepwise regression, forward selection and backward deletion. The forward 325 

selection is a process starting from an empty input subset where new predictors are entered one at a 326 

time if correlation-based selection criteria are satisfied. The qualified predictor stays in the regression 327 

equation once entered, so that important variables are less likely to be excluded from the prediction 328 

model. In the backward deletion, the regression equation starts with all predictors included and 329 

removes anyone which is identified as an insignificant contributor to the output variation. The 330 

stepwise regression is a combination of the above two selection methods, where the equation begins 331 

empty and adds or deletes a new predictor according to its contribution. 332 

Apart from the linear regression model used in SA, a non-parametric model called the 333 
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Multivariate Adaptive Regression Splines (MARS) is also used to address any non-linearity observed 334 

between inputs and outputs. MARS is a combination of the spline regression, stepwise model fitting 335 

and recursive partitioning [58]. It takes the form of Eq. (21): 336 

0

1

ˆ ( )
k

i j j i

j

y x  
=

= +                     (21) 337 

where ( )j ix  is the basis function or hinge function defined as: 338 

( ) max( )j i ix x const = −  or ( ) max( )j i ix const x = −                 (22) 339 

The constant in Eq. (22) is called knot which divides the distribution range of input variables. 340 

The model building process is a similar to that of the stepwise regression starting with an intercept 341 

only model where new basis functions are included or excluded based on their impacts on the residual 342 

error. The Generalized Cross Validation (GCV) score is then calculated to evaluate the performance 343 

of each model: 344 

2/ (1 / N)GCV MSE ENP= −                    (23) 345 

where MSE is the mean squared error of a training data in size N; and ENP is the effective number of 346 

parameters. 347 

 348 

2.2.5. Cross-validation of surrogate model 349 

As mentioned in Section 2.1.1, the sample for carrying out statistical regression should be 350 

sufficiently large and representative because the selection of predictors might depend on minor 351 

differences in the statistical significance and the equation from limited samples cannot be generalized 352 

to the whole population. In addition, the statistical modelling may not lead to the optimum R2 value, 353 

because a combination of multiple predictors can increase R2 whereas a single predictor might 354 

decrease it. The above problems are generally recognized as the overfitting phenomenon, which can 355 

impair the effectiveness of developed surrogate models. In this situation, a cross-validation with a 356 

second sample is necessary to obtain a robust prediction equation. In the study, the original sample 357 

generated with LHS is used as the training set to produce the equation, while the other randomly 358 

generated sample of an equal size is used to examine its validity. The Root Mean Square Error (RMSE) 359 

is then calculated to assess the prediction accuracy as per Eq. (24): 360 
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 362 

3. Results and discussions 363 

This research involves the sensitivity analysis (SA) and statistical modelling of a typical high-364 

rise residential building under natural ventilation and lighting conditions with passive design 365 

strategies as predictors and indoor environmental indices as responses (i.e. the illuminance level, air 366 

change rate and AHREA55 comfort time). The influence of the sampling and resampling size 367 

(bootstrapping), the response transformation and comparisons between different regression models 368 

are thoroughly investigated. The main findings and correlations with existing studies are presented in 369 

this section. 370 

 371 

3.1. Impact of sampling size on the linear model 372 

The target of this section is observing the influence of sampling size on multiple linear regression 373 

models for indoor environmental outputs and deciding the adequate sample size to obtain stable 374 

statistical estimators and test the hypothesis of input parameters. For this purpose, the LHS sampling 375 

size has been changed from 100 to 10000. Multiple model estimators including SRC, R2 and RMSE 376 

are calculated for each regression trial to observe their variations, while residual plots are presented 377 

to highlight the response-predictor relationship. 378 

Fig. 4 shows the variation of SRC for each predictor of the daylight performance over the 379 

sampling range. It can be clearly seen that SRCs are stabilized by an increasing sample size. When 380 

starting with a small sample size of 100, VLT (visible light transmittance), WGR (window to ground 381 

ratio), EOA (external obstruction angle) and OPF (overhang projection fraction) are obviously more 382 

important than other design parameters.  SRCs of other design parameters are either around or lower 383 

than 0.1 with less impact on the illuminance level. Trade-offs between rankings of the four important 384 

inputs and others are identified in regression trials with a sample size smaller than 800. For instance, 385 

EOA ranked fourth after OPF at an initial sample size of 100, but its importance exceeded OPF as the 386 

sample size grew to 200 and 400. However, when the sample size exceeded 600, the two parameter 387 

started making almost equal contributions to the variation of daylight performances. On the other side, 388 

BO (building orientation) was initially the fifth influential factor but become less important with an 389 

enlarged sample size from 100 to 600. These variations of SRCs wear off when the sample size is 390 

over 800. VLT stays to be the most important input throughout regression trials with a final sensitivity 391 
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index of 0.580, while WGR ranks behind it with a SRC of 0.438. EOA and OPF are almost equally 392 

important predictors with final SRCs of 0.276 and 0.265. Based on the above statistical analysis, 393 

stabilized SRCs can only be obtained with a sample size larger than 800. Besides sensitivity 394 

coefficients of input factors, the calculated RMSE and R2 of the regression model also varied with 395 

the sampling size as shown in Fig. 5. RMSE of the model was stabilized to around 160.000 after the 396 

sample size exceeded 600. Similarly, R2 value dropped from 0.740 to a stable level between 0.670 397 

and 0.703 when the sample size was over 600. Another important indicator varying with the sampling 398 

size is residual statistics, namely its distribution pattern and correlation with predicted responses. As 399 

mentioned in Section 2.2.3, the linear regression assumes homoscedastic, independent and normally 400 

distributed error terms, which can be examined by the scatterplot of standardized residuals. A 401 

discernible distribution pattern is recognized when the sample size reaches 600, and a smooth fitted 402 

line of residuals can help to discover the pattern based on smaller sample sizes. The conspicuous U-403 

shape of residuals indicates a deviation from normal distribution and non-linear relationship between 404 

predictors and responses (See Fig. 6).  405 

SRCs for the natural ventilation index also varies with the sampling size (as shown in Fig. 7). 406 

WGR, SHGC and IAMFC (infiltration air mass flow coefficient) are constantly the three most 407 

important design parameters, whose SRCs are finally stabilized to approximately 0.814, 0.449 and 408 

0.193 respectively. Besides these important factors, the sensitivity ranking of BO and WU changed 409 

dramatically in smaller sample sizes (i.e. from 100 to 200). The variation of remaining inputs is not 410 

conspicuous and their impacts on the air change rate are relatively weak. Judging from the overall 411 

variation of SRCs and their rankings, a sampling size of 600 should be adequate to carry out robust 412 

sensitivity analyses on the natural ventilation performance. Furthermore, the variation of RMSE and 413 

R2 versus the sampling size is presented in Fig. 8. RMSE becomes steady after the sample size 414 

exceeds 600, while R2 for the regression model stays constant at a level between 0.911 and 0.931 415 

irrespective of sampling sizes. As a result of above analyses, a sample size over 600 can lead to a 416 

robust training model for the air change rate (ACR). In addition, the residual distribution is expressed 417 

in Fig. 9, where scattered points take the same U-shape as suggested by the smooth fit line. The 418 

pattern is quite clear from the beginning of the sampling process, and the assumption of normal 419 

distribution is obviously violated. 420 

Similar to the illuminance level and air change rate, the variation of the sample size was 421 

conducted on the regression model for thermal comfort (i.e. ASHRAE55 comfort time). As presented 422 

in Fig. 10, the variation of SRCs is minimized with growing sample sizes. SHGC, WGR, EOA and 423 

OPF are again evaluated as the four most influential predictors, whose SRCs eventually converge to 424 

0.774, 0.425, 0.205 and 0.145. SRCs of remaining inputs are uniformly lower than 0.100 with less 425 

impact on the ACT. BO was initially the fifth influential factor but became insignificant with larger 426 
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sample sizes. Trade-offs between sensitivity rankings only exist in less important predictors, whose 427 

variations are also minimized after the sample size exceeds 1000 (i.e. a sufficient sample size to 428 

acquire stable SA results). Unlike SRCs, RMSE and R2 remain steady throughout the whole range of 429 

the sampling size (see Fig. 11), and residual plots are pattern free compared to the former two 430 

regression models (see Fig. 12). Nevertheless, the histogram and normal P-P plot of standardized 431 

residuals are further analyzed to confirm the normality of error distributions in Fig. 13. The 432 

distribution mass for 1000 samples is slightly left concentrated so that the error distribution is right-433 

skewed. The skewness can be identified from the slightly S-shaped curve in the normal P-P plot as 434 

well. 435 

In summary, a sample size of 1000, which is equivalent to 100 samples per model input, should 436 

be large enough to make robust statistical estimation with linear regression models for indoor 437 

environmental outputs. With this number of samples, the normality of error distribution can also be 438 

clearly determined from residual plots without fitted lines. The derived sample size, which is far 439 

above minimum simulation runs (e.g. 10 or 15 runs per input parameters) recommended by existing 440 

sensitivity analyses [25], proves the necessity of performing this procedure before starting regression 441 

analyses. To be best knowledge of authors, only Tian et al. conducted a similar study to determine the 442 

required sampling number for conducting SA on annual building energy consumption and carbon 443 

emissions. The determined sample size from their study was only 500, which is considered inadequate 444 

to generate stable statistics of regression models [28]. Furthermore, R2 and the distribution pattern of 445 

residual plots are also used in determining the required minimum sample size in this study, where a 446 

comprehensive approach for regression analyses is formulated. 447 

 448 

3.2. Rank transformation in the linear model 449 

As determined from the previous sampling test, a sufficient sample size of 1000 is determined 450 

for further statistical analyses. Because the non-linearity in the dataset can impair the prediction 451 

accuracy and other findings from the fitted model, the rank transformation is applied to model 452 

responses to reduce the non-linearity detected by residual plots. The change of sensitivity coefficients 453 

and residual distributions are highlighted in this section. 454 

Fig. 14 compares the residual plots of the rank transformed model with the original model for 455 

the daylight performance. The right scatterplot shows more evenly distributed residuals around the 456 

zero line, indicating a successful transformation of the response. The sensitivity coefficient (SRRC) 457 
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of newly fitted models is then compared with original models in Fig. 15. Differences between most 458 

SRCs and SRRCs of predictors for the daylight performance are within in 1%, causing no significant 459 

changes in their relative importance. However, the sensitivity index of EOA increased by 5% with 460 

rank transformations while the sensitivity index of OPF dropped by 6%, leading to an exchange of 461 

their rankings in the order of importance. The results also indicate that rank transformations can 462 

calibrate the regression indices when non-linearity is observed between inputs and outputs. 463 

Transformation results for natural ventilation and thermal comfort models are also summarized in 464 

Table 3, in which all sensitivity coefficients for these two models are subject to minor changes within 465 

2%.  466 

Compared to the quadratic and square root transformations conducted in a related study [29], 467 

the rank transformation is capable of improving the SA performance in a more efficient approach. 468 

Obtained sensitivity indices can also be incorporated into the passive design criteria of green building 469 

rating schemes to create a statistically robust credit weighting system [8, 43].  470 

 471 

3.3. Bootstrapping for regression coefficients 472 

The bootstrap method is further applied to above regression models to acquire the confidence 473 

intervals of derived sensitivity coefficients. According to the methodology section, a preliminary 474 

analysis is necessary to determine the required number of bootstrap replications. For the sake of 475 

saving computation time, the preliminary analysis is applied to a small original dataset containing 476 

100 samples. In addition, the Unstandardized Regression Coefficient (URC) is used instead of SRCs 477 

and SRRCs to differentiate their scales so that the variation with different bootstrap samples can be 478 

easily detected. Taking the daylight model as an example (See Fig. 16), the standard deviation of 479 

URCs for VLT, WGR and OPF experienced dramatic fluctuations with less bootstrap replications, 480 

but their values became steady once the sample size exceeded 600. These three parameters are also 481 

main contributors to the variation of illuminance levels. In contrast, the standard deviation of URCs 482 

for other predictors was barely changed by increasing the sample size. The preliminary analysis on 483 

the natural ventilation and thermal comfort model expressed similar variations where the standard 484 

deviation of UCRs for important predictors converged over 600 bootstrap samples. Consequently, 485 

1000 bootstrap replications are applied to SA in this study, where the variation of SRRCs, instead of 486 
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a single value in a traditional SA, is presented in Table 4. From the tabular summary, the mean 487 

standard error of sensitivity indices for the daylight, ventilation and thermal comfort model is 488 

estimated to be 1.7%, 0.8% and 1.2% respectively.  489 

Given the obtained confidence intervals of sensitivity indices for the three regression models, 490 

the rank transformed daylight responses can make a statistically significant difference of sensitivity 491 

indices (i.e. 6% of OPF and 5% of EOA). Compared to most existing sensitivity studies  [16, 23, 25], 492 

the probabilistic analysis with the bootstrap method can offer a robust ranking of design factors by 493 

clarifying the uncertainty of sensitivity indices. 494 

 495 

3.4. Statistical model building and validation 496 

In the aforementioned sensitivity study, all predictors are included in the model equation to 497 

investigate their influences over specified indoor environmental outputs. However, in the statistical 498 

modeling, their entry to a regression model purely depends on the contribution to statistical estimators 499 

(e.g. R2). According to the comparison in Table 5, four less influential inputs including the WU 500 

(window U-value), IAMFC (infiltration air mass flow coefficient), WTR (wall thermal resistance) 501 

and WSH (wall specific heat) are removed from the daylight model by a stepwise regression. 502 

Although the equation is simplified, it can still explain most of the variations in the output (i.e. R2 503 

unchanged) with the same prediction accuracy (i.e. RMSE unchanged). In regard of the natural 504 

ventilation model, the stepwise regression provides an equation with two items removed: BO 505 

(building orientation) and WSH. R2 and RMSE also maintain at the same level as the standard 506 

regression model. When the stepwise algorithm is applied to the thermal comfort model, only BO is 507 

absent from the stepwise regression model, which can also make predictions with an equal accuracy. 508 

In spite of the model reduction achieved by the stepwise regression, the estimated RMSE accounts 509 

for 36.467%, 11.967% and 4.743% of the mean predicted model responses, indicating an 510 

unacceptable large uncertainty especially for the daylight and ventilation performance. Therefore, the 511 

non-parametric MARS model is applied to further improve the quality of surrogate models. 512 

MARS creates a model in two main steps: the forward pass and backward pass. In the forward 513 

pass, new basis functions/items are added to the equation until the model is overfitted based on the 514 

same principle in stepwise regression to maximize the R2 value. In contrast, the backward pass 515 
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discards basis functions/items to minimize the GCV value, which is a trade-off between the model 516 

flexibility and RSS (Residual Sum-of-Squares). Consequently, this statistical approach can build a 517 

regression model with an optimal number of basis functions as well as improved R2 and RMSE.  518 

The meta-model developed for the daylight assessment takes the form of Eq. (25). The MARS 519 

model employs six out of nine input variables with R2 of 0.766 and RMSE of 137.274, which are both 520 

obviously improved from the linear model (R2 of 0.703 and RMSE of 154.583). Despite the 521 

significant improvement, the correlation of predicted and simulated results still deviates largely from 522 

the ideal diagonal line in the scatterplot (see Fig. 17). The meaning of each symbol in following 523 

equations has been explained in Section 2. 524 

  820.474405888856 -  709.879726102374* (0,  0.886389092 - ) -  

863.890400672877* (0,  - 0.45) -  1103.7045035935* (0,  0.45 - ) -  

85.8440109482611* (0,  - 0.691211326)  366.519326786153*

IL MAX SHGC

MAX WGR MAX WGR

MAX OPF

M

=

+

(0,  0.691211326 - ) -  3.1233303730001* (0,  -10.07410732)  

1.38045002272926* (0,  - 71)  3.74988005950721* (0,  71- ) -  

9.98450663115512* (0,  - 302)  12.8413905906219* (0,  - 292) -

AX OPF MAX EOA

MAX BO MAX BO

MAX BO MAX BO

+

+

+  

2.9250134400962* (0,  -198)  216.270305178486* (0,  - 0.584244224)MAX BO MAX SHGC+

             (25) 525 

With the application of MARS, the natural ventilation prediction model is expressed by Eq. (26). 526 

The equation consists of 22 basis functions with an interaction order of three, indicating the product 527 

of three basis functions can be treated as one equation item. The equation involves one more predictor 528 

compared to Eq. (25). R2 of the model is improved from 0.926 to 0.970, while RMSE is decreased 529 

from 2.570 to 1.647. 530 

ACR = 44.9459619161843 + 51.9195905077679*MAX(0, WGR-0.45) - 86.4205450763241*

MAX(0, 0.45-WGR) - 96.1347320579793*MAX(0, SHGC-0.880388966) - 32.4142971265033*

MAX(0, 0.880388966-SHGC) + 0.541355944145259*MAX(0, IAMFC-5.220064518) - 0.916957447015047*

MAX(0, 5.220064518-IAMFC) + 67.5296093913248*MAX(0, 0.855157446-SHGC)*MAX(0, 0.45-WGR) - 

0.0449041687359502*MAX(0, EOA-10.07410732) - 3.31145260618196*MAX(0, OPF-0.325849724) + 

15.050374361212*MAX(0, 0.325849724-OPF) + 9.0863517340684*MAX(0, 0.45-WGR)*

MAX(0, OPF-0.452537422) - 28.9751417976488*MAX(0, 0.45-WGR)*MAX(0, 0.452537422-OPF) + 

0.00591277715537106*MAX(0, BO-71) + 0.0307598086343345*MAX(0, 71-BO) - 0.175367435878637*

MAX(0, WU-1.439781962) + 1.38198969226282*MAX(0, 1.439781962-WU) + 2.64104065922396*

MAX(0, 0.855157446-SHGC)*MAX(0, 0.45-WGR)*MAX(0, 7.554237721-IAMFC)

           (26) 531 

The MARS model for thermal comfort is then built as Eq. (27). The formula exploits the same 532 

number of inputs as Eq. (26) with a different parameter selection. The number of basis functions is 533 

29, most complicated among three models. RMSE is reduced to 0.022 from the original 0.025, while 534 

R2 increases from 0.871 to 0.901. Predictions by the thermal comfort and natural ventilation models 535 

can correlate closely with respective simulated results as shown in Fig. 17. A detailed comparison of 536 
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model trainings with the linear and MARS methods is summarized in Table 6. Although GCVs use a 537 

formula to approximate the estimation error in a similar way of leave-one-out validation, a cross-538 

validation with a separate test dataset is still performed on both the linear regression model and MARS 539 

model, as presented in Table 7.  540 

ACT = 0.351560468221603 + 1.48846224940798*MAX(0, SHGC-0.886389092) + 

0.297315059821451*MAX(0, 0.886389092-SHGC) + 0.26468850497766*MAX(0, 0.45-WGR) + 

0.000585204718796653*MAX(0, EOA-10.07410732) + 0.0307841215154603*

MAX(0, OPF-0.325849724) - 0.139296739328028*MAX(0, 0.325849724-OPF) - 0.112395869005712*

MAX(0, 0.45-WGR)*MAX(0, WTR-0.480050694) + 0.241444642964237*MAX(0, 0.45-WGR)*

MAX(0, 0.480050694-WTR) + 0.449002634030455*MAX(0, SHGC-0.407346141)*MAX(0, 0.45-WGR)*

MAX(0, WTR-0.480050694) - 0.0017587596249228*MAX(0, 0.886389092-SHGC)*MAX(0, BO-292) - 

0.000122933081969424*MAX(0, 0.886389092-SHGC)*MAX(0, 292-BO) - 0.0713021158065392*

MAX(0, 0.45-WGR)*MAX(0, OPF-0.452537422) + 0.221322416837747*MAX(0, 0.45-WGR)*

MAX(0, 0.452537422-OPF) + 0.00112687834238276*MAX(0, WU-1.439781962) - 

0.0184281687611045*MAX(0, 1.439781962-WU) + 0.00016016718666004*

MAX(0, 0.886389092-SHGC)*MAX(0, EOA-70.13825301)*MAX(0, BO-292) + 

0.0000196638461319191*MAX(0, 0.886389092-SHGC)*MAX(0, 70.13825301-EOA)*MAX(0, BO-292)

            (27) 541 

As suggested by existing literatures [29], RMSE of a training dataset, or alternatively called the 542 

apparent error, tends to underestimate the uncertainty of a test dataset due to statistical overfitting. 543 

This situation is consolidated by increased RMSE for natural ventilation and thermal comfort models. 544 

However, RMSE of the daylight model from the test dataset suggests an uncommon increase of 545 

precision, which is a different finding from a similar statistical study on the model selection between 546 

the MARS and the linear regression [28]. Regarding with the MARS model for the daylight 547 

performance, more sophisticated machine learning methods such as the artificial neural network 548 

might be employed to further promote the prediction accuracy [32]. In addition, obtained meta-549 

models from this statistical modeling process can be used for calculating the indoor environmental 550 

conditions instead of a more complicated simulation software to promote the computation efficiency. 551 

Based on the calculated daylight illuminance level and a preset control threshold the total hours 552 

requiring artificial lighting can be determined. Furthermore, the required mechanical cooling hours 553 

can also be deduced from the thermal discomfort time according to the comfort index. As a result, 554 

important design parameters and transformed model outputs derived from this research can be 555 

incorporated in a multi-objective optimization process to determine the optimum building design in 556 

an early planning stage of any green building project [8, 59, 60]. 557 

 558 

4. Conclusions and recommendations for future work 559 
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Green building schemes encourage the application of passive design strategies in the early design 560 

stage of building projects. The passive design can reduce building energy consumption and provide 561 

quality indoor environmental conditions with natural lighting and ventilation by appropriately 562 

controlling design parameters of the building layout, envelope thermophysics, building geometry and 563 

air-tightness. In this paper, sensitivity analyses and statistical modelling are performed on a typical 564 

high-rise residential building in hot and humid climates to investigate the impact of the sampling size, 565 

effectiveness of rank transformations, uncertainty of sensitivity indices and precision of different 566 

meta-models. Main conclusions can be drawn as below: 567 

1) The multiple linear regression has comparative advantages in sensitivity analyses due to its 568 

structural simplicity and flexibility. However, the sensitivity indices (SRC and SRRC), prediction 569 

error (RMSE) and goodness of fit (R2) can vary greatly over different sample sizes. In this 570 

research, a large sample size over 100 per regression coefficient is determined for acquiring stable 571 

statistical estimations form regression models of selected passive design parameters and indoor 572 

environmental indices. 573 

2) Residual plots with smooth fit curves identified the non-linearity and deviations from the 574 

normality assumption in the developed linear regression model. Therefore, rank transformations 575 

of model responses were performed to calibrate sensitivity coefficients (SRRCs), which were 576 

modified by up to 6% leading to a change of rankings in the relative importance of design 577 

parameters. The window transmittance property (SHGC/VLT) and window to ground ratio are 578 

determined to be the two most influential factors over the daylight, natural ventilation and 579 

thermal comfort performance in hot and humid climates. 580 

3) The bootstrap method was applied to estimate the confidence interval of sensitivity indices. An 581 

adequate bootstrap replication of 1000 samples was determined based on the stability of 582 

unstandardized regression coefficient for each design factor. Standard deviations of all SRRCs 583 

for the three regression models are proved to be within 2%. 584 

4) RMSE and R2 of linear regression models are further improved by introducing the non-585 

parametric regression analysis. Both natural ventilation and thermal comfort MARS models are 586 

closely fitted with chosen predictors (R2 of 0.970 and 0.901) and can produce acceptable 587 

prediction uncertainties within 1.796 (air change rate) and 0.023 (thermal comfort time ratio) 588 
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respectively. The daylight performance model can be further refined by applying a more complex 589 

machine learning approach such as the artificial neural network.  590 

Investigated indoor environmental indices in this research can be linked to potential building 591 

energy consumption in cooling and lighting. Therefore, identified important design parameters and 592 

transformed model outputs can be incorporated in a multi-objective optimization process to determine 593 

the optimum building design by considering the synergy of the energy efficiency and indoor 594 

environment quality. The derived robust sensitivity indices can also be used to compose a 595 

comprehensive weighting system for the passive design assessment approach in current green 596 

building schemes. Besides, after a further refinement of the prediction accuracy, developed meta-597 

models can substitute the complicated simulation software to improve the computation efficiency and 598 

offer reliable predictions of building performances in an early design stage.  599 
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 607 

Nomenclatures 608 

Abbreviation 

ACR Air change rate 

ACT ASHRAE55 Comfort Time 

BEAM building environment assessment method 

BO building orientation 

ENP effective number of parameters 

EOA external obstruction angle 

GCV generalized cross validation 

HVAC heating ventilation and air conditioning 

IAMFC infiltration air mass flow coefficient 

IL illuminance level 

LHS Latin hypercube sampling 

MARS multivariate adaptive regression splines 

MSE mean squared error 

OPF overhang projection fraction 

PRH public rental housing 

RMSE root mean square error 

SA sensitivity analysis 
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SHGC solar heat gain coefficient 

SRC standardized regression coefficient 

SRRC standardized rank regression coefficient 

VIF variance inflation factor 

VLT visible light transmittance 

WGR window to ground ratio 

WSH wall specific heat 

WTR wall thermal resistance 
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Fig. 1 Proposed flowchart of research methodology 

 

 

Fig.2 Standard typical floor layout plan and 3D model in EnergyPlus 
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Fig. 3 Flowchart of bootstrapping 

 

 

Fig. 4 Variation of SRCs (absolute value) with the sampling size for illuminance level 
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Fig. 5 Variation of R2 and RMSE with the sampling size for the illuminance level 

 

   

   

   
Fig. 6 Residual scatterplots with different sampling sizes for the illuminance level 
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Fig. 7 Variation of SRCs (absolute value) with the sampling size for the air change rate 

 

 

 

Fig. 8 Variation of R2 and RMSE with the sampling size for the air change rate 
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Fig. 9 Residual scatterplots with different sampling sizes for the air change rate 

 

Fig. 10 Variation of SRCs (absolute value) with the sampling size for the ASHRAE55 comfort 

time 
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Fig. 11 Variation of R2 and RMSE with the sampling size for the ASHRAE55 comfort time 
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Fig. 12 Residual scatterplots with different sampling sizes for the ASHRAE55 comfort time 

 

  
Fig. 13 Residual plots for the ASHRAE55 comfort time with a sample size of 1000 



 

 

 
a. Original model 

 
b. Rank transformed model 

Fig. 14 Residual plots for original and rank transformed data for the illuminance level 

 

 

 

Fig. 15 Variation of sensitivity coefficients with rank transformations of the illuminance level 
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Fig. 16 Variation of regression coefficient standard error versus bootstrap sample sizes 
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Fig. 17 The relation between predicted and simulated results and distribution of outputs for 

MARS models 

 

 

-400 -200 0 200 400 600 800 1000 1200 1400 1600 1800

Simulated Illuminance Level (Lux)

-400

-200

0

200

400

600

800

1000

1200

1400

1600

1800

P
re

d
ic

te
d

 I
ll

u
m

in
an

ce
 L

ev
el

 (
L

u
x

)

-400 -200 0 200 400 600 800 1000 1200 1400

Predicted Illuminance Level (Lux)

0

10

20

30

40

50

60

70

80

90

100

110

120

130

140

150

160

170

F
re

q
u
en

cy

0 5 10 15 20 25 30 35 40 45 50 55

Simulated Air Change Rate (ACH)

0

5

10

15

20

25

30

35

40

45

50

55

P
re

d
ic

te
d

 A
ir

 C
h

an
g

e 
R

at
e 

(A
C

H
)

0 5 10 15 20 25 30 35 40 45 50 55

Predicted Air Change Rate (ACH)

0

20

40

60

80

100

120

140

160

180

200

220

240

F
re

q
u

an
cy

0.30 0.35 0.40 0.45 0.50 0.55 0.60 0.65 0.70 0.75 0.80

Simulated ASHRAE55 Comfort Time

0.30

0.35

0.40

0.45

0.50

0.55

0.60

0.65

0.70

0.75

0.80

P
re

d
ic

te
d

 A
S

H
R

A
E

 C
o

m
fo

rt
 T

im
e

0.25 0.30 0.35 0.40 0.45 0.50 0.55 0.60 0.65 0.70 0.75 0.80

Predicted ASHRAE55 Comfort Time

0

20

40

60

80

100

120

140

160

180

200

220

240

260

280

300

320

340

F
re

q
u
en

cy



 

 

Table 1 Building physics of the baseline generic model 

Parameter Unit Value 

Building Layout 

Floor Area m2 23.2 (4.8×4.8) 

Height m 2.7 

Orientation - West 

Obstruction/Shading 
Obstruction Angle ° 0 

Overhang Projection fraction - 0 

External Wall 

Thermal Resistance m2 K/W 0.09 

Specific Heat J/kg K 840 

Solar Absorptance - 0.60 

Fenestration/Window 

U-Value W/m2 K 5.69 

Solar Heat Gain Coefficient - 0.57 

Window to Wall Ratio - 0.40 

 

 

Table 2 Input variation and distribution 

Input variables Unit Probability Range 

Building orientation (BO) ° Continuous Uniform 0 - 360 

External obstruction angle (EOA) ° Continuous Uniform 0 - 87 

External wall thermal resistance (WTR) m2 K/W Continuous Uniform 0.09 - 1.85 

External wall specific heat (WSH) J/kg K Continuous Uniform 800 - 1800 

Window solar heat gain coefficient (SHGC) - Continuous Uniform 0.2 - 0.9 

Window U-value (WU) W/m2 K Continuous Uniform 0.5 - 6.0 

Window to ground ratio (WGR) - Continuous Uniform 0.10 - 0.50 

Overhang projection fraction (OPF) - Continuous Uniform 0.00 – 0.56 

Infiltration air mass flow coefficient (IAMFC) kg/s Continuous Uniform 0.00 – 0.03 

 

 

 

Table 3 Comparison of SRCs and SRRCs for the three regression models 

Output 
Illuminance Level Air Change Rate 

ASHRAE55 

Comfort Time 

SRC SRRC SRC SRRC SRC SRRC 

WU 0.004 0.012 -0.055 -0.035 0.052 0.047 

SHGC/VLT 0.569 0.582 0.438 0.422 -0.753 -0.764 

WGR 0.441 0.466 0.796 0.817 -0.424 -0.418 

EOA -0.263 -0.316 -0.105 -0.116 0.207 0.207 

OPF -0.282 -0.221 -0.101 -0.081 0.130 0.123 

BO 0.050 0.042 0.012 0.019 0.011 0.009 

IAMFC -0.002 -0.011 0.195 0.185 0.041 0.045 

WTR 0.005 -0.002 0.027 0.025 -0.078 -0.059 

WSH 0.003 0.010 -0.004 0.000 0.032 0.030 

 

 



 

 

 

Table 4 Confidence intervals of SRRCs for the sensitivity analysis 

 Output 

Illuminance Level Air Change Rate ASHRAE Comfort Time 

SRRC 

95% Confidence 

Interval 
SRRC 

95% Confidence 

Interval 
SRRC 

95% Confidence 

Interval 

Lower Upper  Lower Upper  Lower Upper 

WU 0.012 -0.020 0.043 -0.035 -0.050 -0.019 0.047 0.025 0.068 

SHGC/VLT 0.582 0.549 0.615 0.422 0.404 0.438 -0.764 -0.785 -0.739 

WGR 0.469 0.437 0.501 0.821 0.803 0.839 -0.421 -0.445 -0.397 

EOA -0.318 -0.356 -0.280 -0.116 -0.133 -0.098 0.208 0.182 0.233 

OPF -0.221 -0.253 -0.190 -0.081 -0.097 -0.064 0.123 0.098 0.148 

BO 0.042 0.008 0.075 0.019 0.004 0.034 0.009 -0.014 0.032 

IAMFC -0.011 -0.043 0.019 0.185 0.168 0.200 0.045 0.022 0.067 

WTR -0.002 -0.034 0.032 0.025 0.009 0.041 -0.059 -0.081 -0.036 

WSH 0.010 -0.023 0.041 0.000 -0.015 0.016 0.030 0.007 0.052 

 

 

Table 5 Stepwise regression coefficient versus standard regression coefficient 

Output Illuminance Level Air Change Rate 
ASHRAE55 Comfort 

Time 

Method Standard Stepwise Standard Stepwise Standard Stepwise 

WU 0.004 0.000 -0.055 -0.055 0.052 0.052 

SHGC/VLT 0.569 0.568 0.438 0.438 -0.753 -0.754 

WGR 0.441 0.442 0.796 0.796 -0.424 -0.424 

EOA -0.263 -0.264 -0.105 -0.105 0.207 0.206 

OPF -0.282 -0.281 -0.101 -0.101 0.130 0.130 

BO 0.050 0.050 0.012 0.000 0.011 0.000 

IAMFC -0.002 0.000 0.195 0.194 0.041 0.040 

WTR 0.005 0.000 0.027 0.028 -0.078 -0.078 

WSH 0.003 0.000 -0.004 0.000 0.032 0.032 

 

 

  



 

 

 

Table 6 Comparison between the MARS and stepwise linear model 

Output  
Illuminance Level Air Change Rate 

ASHRAE55 Comfort 

Time 

MARS Stepwise MARS Stepwise MARS Stepwise 

R2 0.766 0.703 0.970 0.926 0.901 0.871 

RMSE 137.274 154.583 1.647 2.570 0.022 0.025 

GCV 19803.200 - 2.911 - 0.0005 - 

 

 

Table 7 Cross-validation with MARS and the stepwise linear model 

Output Method 
RMSE 

Training Test 

Illuminance Level 
MARS 137.274 130.639 

Linear 154.583 142.395 

Air Change Rate 
MARS 1.647 1.796 

Linear 2.570 2.697 

ASHRAE55 Comfort 

Time 

MARS 0.022 0.023 

Linear 0.025 0.028 
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