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Abstract

The aim of this research was to develop a metamodel to
predict the percentage of occupied hours within an
operative temperature range (PHFT) for naturally
ventilated apartments. PHFT is a thermal performance
indicator from the Brazilian standard for performance of
residential buildings (NBR 15575). The analysis focused
on multi-story buildings and Brazilian climates. Five
modeling techniques were investigated: Multiple Linear
Regression (MLR), Artificial Neural Networks (ANN),
Support Vector Machine (SVM), Random Forest (RF) e
Extreme Gradient Boosted Trees (XGBT). The methods
were compared concerning their accuracy based on two
indicators: Mean Absolute Error (MAE) and Root Mean
Square Error (RMSE). The main conclusions show that
the more accurate metamodeling technique was XGBT.

Key Innovations
Some key innovations of the proposed metamodel are:

e Itisbased only on a building energy simulations
database;

e Itisapplicable to natural ventilated buildings;

e It covers the wide range of Brazilian weathers.

Practical Implications

The proposed metamodel has the potential to be adopted
on the Brazilian standard for performance of residential
buildings (NBR 15575). Due to its ease of use, the
metamodel’s implementation may substantially increase
the application of the standard and hence promote energy
efficiency.

Introduction

Energy demand has been undergoing significant increases
every year, with an estimated growth of 28% in energy
consumption from 2015 to 2040 (IEA, 2017). In 2017,
electricity represented 19% of the total energy
consumption, from which 32% were related to buildings
(IEA, 2018).

In relation to comfort requirements, artificial air
conditioning aims to promote well-being and increase the
productivity of the occupants, however, its intensive use
has contributed considerably to increase the energy
consumption of buildings (MCQUISTON, PARKER,
SPITLER, 2004; CHUA et al., 2013).

Sales of air conditioning devices quadrupled between
1990 and 2016, reaching a worldwide total of 135 million

devices, where 69.6% were sold to the residential sector
(IEA, 2018b). Despite ensuring control of indoor
temperatures, regardless of external climatic conditions
(MAHDAVI, KUMAR, 1996), artificial air conditioning
does not guarantee the comfort of all occupants due to
differences in individual preferences concerning ideal
micro internal conditions (FOUNTAIN, BRAGER, DE
DEAR, 1996). Nevertheless, air conditioning devices still
represent a significant part of the energy end-use
(KAYNAKLI, 2012).

In contrast, the use of natural ventilation in buildings is a
strategy that tends to reduce energy consumption and
increase air quality and customer satisfaction (ALLARD,
GHIAUS, 2012; NEVES, RORIZ, 2012), especially in
hot climates (KOLOKOTRONI, ARONIS, 1999).

Due to the relevance and trend of increasing energy
demand in the buildings sector, it is noted that the
implementation of energy efficiency, through strategies
like natural ventilation, can play a relevant role in
reducing energy consumption (PEREIRA, 2009;
SADINENI, MADALA, BOEHM, 2011; MATHEW,
2015).

Several building energy simulation (BES) tools have been
developed in the last decades to evaluate the performance
of energy efficiency strategies applied to building design
(CRAWLEY et al. 2008; RYAN, SANQUIST, 2012).
Although BES is flexible, simulations are sophisticated,
require a high level of detail, are time-consuming, and
depend on the involvement of highly qualified
professionals (FOUCQUIER, 2013; CHALAL et al.
2016). A low-cost alternative to assess the
implementation of energy efficiency strategies in
buildings are the use of metamodels. Metamodels are
simplifications able to assess the thermo-physical
phenomena of building energy simulations and to
reproduce their behavior more quickly, without requiring
a massive number of input parameters (ZHAO,
MAGOULES, 2012; AMASYALI, EL-GOHARY,
2018).

In this context, this research aims to develop a metamodel
to predict the thermal performance of naturally ventilated
apartments located in Brazil. The percentage of occupied
hours within an operative temperature range (PHFT) was
adopted to assess the thermal performance.
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Methods

This work focused on naturally ventilated multifamily
residential buildings and climates from Brazil. The
building energy simulations were carried out using the
EnergyPlus (2018) program, version 9.0. The metamodel
was developed with the R (2020) software environment,
version 4.0.3.

The flowchart in Figure 1 describes the steps for
metamodel development. The steps consist of: (1)
developing a parametric model, (2) database design and
sampling, (3) data pre-processing and (4) the metamodel

Parametric model development (1)
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Figure 1: Methodology flowchart.

The PHFT is calculated according to Equation 1,
established by the Brazilian Standard NBR 15575, when
analyzing the thermal performance of residential
buildings (LABEEE, 2020). It is calculated individually
for each living room and each bedroom, with its value for
the whole building being considered as the average of all
rooms.
Nhgr

PHFT =~ +100 1)

Occup

Where: NhFT is the number of hours throughout the year
the living rooms or bedrooms of a building are occupied

and their operative temperatures (To) are within a
specified range; NhOccup is the total number of hours the
room is occupied throughout the year.

When calculating the NhFT, the operative temperature
range to be considered during the whole year depends on
the climate the building is located on. These ranges are
established based on the outdoors annual mean dry bulb
temperature (mDBT), as shown in Table 1.

Table 1: PHFT range (LABEEE, 2020).

PHET Mean Dry Bulb Indoor Operative
Temperature (To)
Range Temperature (MDBT)
Range
1 mDBT < 25°C 18°C<To<26°C
2 25°C <mDBT <27 °C To<28°C
3 mDBT >27 °C To<30°C

Parametric model development

The first step to develop the model was the definition of
typologies based on typical Brazilian low-income
buildings. It was adopted multifamily buildings with H
shape and rectangular shape, defined by Triana, Lamberts
and Sassi (2015). Each typology has a total of five floors,
a common circulation space between apartments and
either four or eight apartments per floor. The homes have
a living room with a connected kitchen, two bedrooms
and either one or two bathrooms.

The development of the parametric model focused on the
reduction of input parameters. Metamodels with an
excessive number of inputs can demand larger samples,
longer training time, and also have higher chances of
correlations among input parameters. These aspects make
the metamodel more complex.

In this study, the parametric model considered
simplifications on horizontal and vertical surfaces of the
building. Heat exchanges between building surfaces are
significant, and to consider walls or ceilings as adiabatic
surfaces could influence final results. However, modeling
these heat exchanges may increase complexity. Thus,
instead of modeling the building with five floors and all
of its apartment units, the model considers three floors,
and it requires inputs for only one apartment. Figure 2
shows the new model.

Initial model Simplification

Y

e

Legend: [J]ground [J]inter []roof

Figure 2: Multifamily residential building simplification.

In this simplification, three apartment units are modeled,
based on input parameters defined on an R code. The
inputs are related to one apartment, and the other
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apartments are automatically generated by the code to
satisfy the horizontal surfaces boundary conditions. As
for the vertical surfaces, the simplified model considers as
adiabatic the walls that would not be facing the outdoors.
If the completely building was modeled, that is, the walls
that would be in contact with other building surfaces.

To validate the simplifications, the Mean Absolute Error
(MAE) and Root Mean Square Error (RMSE) statistical
indexes were estimated. These indices were calculated
from the difference between the PHFT of the initial and
simplified models.

Database design and sampling

After the simplification analysis and the development of
the parametric model, a database was designed with input
parameters based on Brazilian construction and climatic
characteristics. The input parameters of the metamodel
and their ranges of value are in Table 2.

The input parameters “typology”, “floor”, and “mirror”
are some of those related to geometry. The typology
parameter describes the layout of the apartment, as shown

in Figure 3.

Table 2: Metamodel application range.

Typology 1 Typology 2
2.00 1.90 Living
1508 BWE + BWC ‘ 2.00 Room,
: 1 7 Living Kitchen
Room, 150 §BWC
im0 Dorm Kitchen JT-'D
! 1 Dorm |5 o5 3,00 Dorm Dorm
2 ' 1 2
25
57 2 7
’ 320 L0 20 300 270
Typology 3 Typology 4
L70 Living Room, Kitchen 5 Dorm
- - 2 Living
Dorm Room,
3.30 1 == Dorm Dorm Kitchen
200w 2 T Bwd e
= . —— |
270 150 50 L75 T Tes:iiTl 16
y Legend:
[FINon adiabatic wall M Fenestration
X [=]Adiabatic wall [-IBalcony
®mwindow on the 2nd facade

Figure 3: Typologies.
The input parameter “floor” describes the apartment floor
position in the multifamily building. The Figure 2
illustrate this configuration.

The input parameter “mirror” indicates whether the
housing unit is oriented as shown in Erro! Fonte de
referéncia ndo encontrada., or whether it is mirrored on
the y-axis. The value 0 corresponds to the configuration
without mirroring and the 1 with mirroring. Figure 4
exemplifies the mirroring of typology 2.

Input parameter The sample and
related to a single | Identification | metamodel range
apartment Min | Max
Typology seed 1,2,30r4
“ground” (1),
Floor storey “inter” (2) or
roof” (3)
Total living room
and bedroom net area 50 150
floor area [m?]
Width an_d length ratio 05 )
ratio
Ceiling height (m) height 2,5 3,5
Azimuth angle of .
the building (°) azimuth 0,5 360
Mirror mirror Oorl
Walls shell _wall 1,2,3,4,50r6
Roof and ceiling shell_roof 1,2,30r4
Solar absorptances
- external walls abs_wall
0,2 0,8
Solar absorptances
abs_roof
- roof
Window to wall
ratio - living room wwr_liv
(%)
Window to wall 0.2 08
ratio - bedroom wwr_dorm
(%)
Glass thermal
transmittance u_window 2,8 5,7
(W/m2.K)
Glass solar heat shge 0,22 0,87
gain coefficient
Window opening open_factor 04 1
factor
Bedroom 1 facade 1 (main facade) or 2
window facade (secondary facade)
. . 0 (none) or 1 (with
Blind blind blind)
Balcony depth (m) balcony Oou0,5 2,5
Mean dry bulb dbt 1083 | 2824
temperature (°C)

N
Livir{g Room, 3.05 3.05 Livir%g Room,
Kitchen Kitchen
1.758BWC BWCH1.75
W 1.65 1.65 E
3.05 | Dorm. 1 Dozrm. - Dozrm. Dorm. 1 | 3.05
2.95 2.81 S 2.81 2.95
Legend:
= Wall (= Fenestration
M Non adiabatic surface Adiabatic wall

Figure 4: Apartment layout mirroring.

For “walls” and “roof and ceiling”, Table 3 and Table 4
show the thermal transmittance (U) and thermal capacity
(TC) for each construction system.

Natural ventilation and window shading are passive
cooling strategies widely used in Brazil. Hence, input
parameters related to windows need to be considered in a
metamodel development. Some of these parameters are
the window-opening factor and the balcony depth. The
window-opening factor is related to the airflow in the
environment, indicating the ratio between the window
area that can be opened and the glazing area. The
parameter “balcony depth” is related to the window
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shading and indicates the extent of its projection in
relation to the facade.

Table 3: Walls.

1D Internal |
U: 4.4 W/(m2.K)
TC: 220.0 kJ/(m2.K)
U: 3.8 W/(m2.K)

External

2 TC:165.0 kJ/(m2K)
5 U: 3.8 WI(T2.K) U: 2.8 WI(T2.K)
TC:165.0 k/(m2.K) TC: 331.2 KI/(m2K)
, U: 2.4 WI(m2.K)
TC:151.0 KI/(m2.K)
- U: 0.7 WI(m2.K)
TC: 31.7 KI/(m2.K)
] U 4.4 WI(M2.K) U: 0.7 WI(M2.K)

TC: 220.0 kJ/(m2.K) TC: 80.1 kJ/(m2K)
Table 4: Roofs and Ceilings

1D Ceiling Roof

U: 2.1 W/(m2K)
TC: 200.1 kJ/(m2.K)

U: 1.0 W/(m2.K)
TC: 231.2 kJ/(m2.K)

U: 0.6 W/(m2.K)
TC: 232.4 kJ/(m2.K)
The input parameter “mean dry bulb temperature”
(mDBT) was used to describe the climate, ranging from
10.83 °C (Urubici, Santa Catarina state) to 28.24 °C (S&o
Jodo do Piaui, Piaui state). In this study, 411 Brazilian
weather files were used (CRAWLEY; LAWRIE, 2020).

Sobol's low-discrepancy sampling method (1993) was
used to generate input parameter combinations for the
simulations on EnergyPlus. The PHFT was calculated
from the outputs of each simulation. Low-discrepancy
samplings tend to uniformly cover the hyperspace with a
fairly low number of observations, reducing the amount
of building energy simulations, hence, the computational
cost. Two samples were generated using Sobol's
technique, one containing 87,424 elements was used for
training and another, containing 21,852 elements, was
used for testing. The testing sample represents 20% of the
database and was not used for training the metamodel, so
these elements represent unseen cases.

Data pre-processing

Although the sample preparation process was validated,
the training and testing samples needed to be pre-
processed. This step allows the metamodel to interpret the
data clearly and define appropriate weights for the input
parameters, regardless of their magnitude and amplitude.
The following pre-processing functions, according to
Kuhn and Johnson (2013), were applied to the training
sample: a) normalization; b) centralization; and c)
transformation of qualitative variables into logical
variables.

Metamodel development and testing

After the pre-processing, training and validation steps
started. These steps used the following metamodeling
techniques: Multiple Linear Regression (MLR), Artificial
Neural Networks (ANN), Support Vector Machine
(SVM), Random Forest (RF), and Extreme Gradient

U: 4.4 W/(m2K)

2 | 1C: 248.8 KI(M2K)

3

Boosted Trees (XGBT). The R library Caret was used for
run the metamodeling techniques. Table 5 describes the
hyperparameters considered and their ranges. Among the
metamodeling techniques, MLR is the only one that does
not have hyperparameters to be optimized in the R library
used.

Table 5: Hyperparameters and their variation ranges.

Technique | Hyperparameter Iden.t'f" Variation
cation range
MLR - - -
Number of
ANN neurons in the neurons 25~45
hidden layer
SVM Weight of_the cost cost 2~ 256
function
Number of
random
RF parameters in mtry 2~35
each Regression
Tree
Learning rate eta 0,3~04
Tree sdg;i);lmum depth 6~ 10
XGBT Percentage of
random - ncols | 0,6~0,8
parameters in
each tree
Number of trees ntrees 200 ~ 600

During the training step, several iterations were necessary
to find the ideal hyperparameter configuration. The
accuracy was evaluated for each iteration between the
training and the validation process. The training step
results were used to assess the most appropriate
metamodel (final metamodel).

The final metamodel, extracted from the training step,
was tested using the testing sample. The testing consisted
of extracting the sets of input parameters from the testing
sample and using them to assess a series of predictions.
The results predicted by the metamodel were compared to
the results generated by the Energyplus simulations for
the testing sample.

The comparison between the results of the metamodel and
the simulations was performed using the MAE index and
scatter plots comparing metamodel results to building
energy simulation results.

Results and Discussion
Parametric model development

For the parametric model development, a simplification
of boundary conditions for horizontal and vertical
surfaces was proposed. The simplification presented the
values of 1.9% and 2.8% for MAE and RMSE,
respectively. Thus, these results can be considered low
and validate the consideration of this simplification.

Database design and sampling

The sampling was developed using a low-discrepancy
technique. Thus, the input parameters distribution tended
to be uniform, except for some parameters, whose values
were limited, according to Table 2. The histograms in
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Figure 5 show the distribution of input parameters,
described by their identification name from Table 2. On
the x-axis are the parameter values and on the y-axis is the
frequency. It is important to note that the testing sample
showed similar results for the distributions of the input
parameters, since both samples were developed using the
same sampling technique and the same ranges of the input

parameters
g ratio
10 25 40 10 3.0 60 100 0.5
height ulmuth g shell_wall ahs wall
26 30 34 0.2
shell roof ahs roaf wwr darm

1.0 25 40 02 0.2 2
u_window sh open *actor hllnd
%mmwwmcammumm MMMMM

0.8

25 40 55 02 05 08 04 06 08 00 04 0.8
balcony facade mirror dbt
3"|||||c3!-||1r||-!‘=3!-||1r||‘=
00 1.0 20 1.0 1.4 18 00 04 08 10 20
Figure 5: Input parameters distribution on the training
sample.

The sampled mDBT values that did not correspond to one
of the analyzed climates were assigned to the closest
mDBT value. Of the 411 Brazilian weather files
available, only four have DBTm below 15°C. For this
reason, the parameter “dbt” presented bands with greater
frequency in the values 10.8°C and 13.7°C.

The results obtained from the simulation of the sample
were processed to generate PHFT values for each case.
The density graph in Figure 6 shows the distribution of
PHFT in the sample. On the x-axis are the values of PHFT
and on the y-axis is a relative probability in which the
PHFT values can be found in the sample.

—~
Z [ )
S 0.015- "|
[ |
0 |
5 0.010-
[h]
=
T 0.005- ,//
2 —

U-UUU- L] 1 ¥ L] 1]

0 25 50 75 100
PHFT (%)

Test |:| Train

Figure 6: PHFT distribution on the training and the test
sample.

Due to the similarity in the development of the training

and testing samples, the sample distributions showed

similar behavior.

Sample:

The density graph shows a left-skewed distribution, with
approximately 81% of the elements with a PHFT greater
than 50% for the training and test sample, and 37% of the
elements with PHFT between 70% and 90%. The data
collected indicates that a significant part of the
construction systems considered in the database leads to
high thermal performances of buildings in the Brazilian
climates studied.

The boxplots in Figure 7 represent the PHFT distribution
in the database. The x-axis shows the PHFT and the y-
axis shows the three operative temperature ranges for
PHFT, described on Table 1.

3 [ . I
[h]
e
¢ 2- “_—[
oc
1 —
0 25 50 75 100
PHFT (%)
Range:

E3 1:mDBT <25°C
BE 2:25°C <mDBT < 27°C
E3 3:mDBT 2 27°C

Figure 7: PHFT distribution for each PHFT range.

The PHFT ranges admit higher operative temperatures for
warmer climates, and this assumption also increases the
thermal performance of apartments. While Range 1
showed a PHFT average of 66.1%, the PHFT average of
Ranges 2 and 3 were 73.3% and 82.9%, respectively. The
lowest PHFT value in Range 1 is because of the climate.
The cities that consider the PHFT range 1 have mDBT
below 25 °C and have lower temperatures than cities on
PHFT range 2 or 3. Then, when the living room or
bedroom is occupied, the operative temperature is below
18 °C during some hours, and these times are not being
counted in the Nher.

Data pre-processing

Among the 20 defined input parameters, 13 are
quantitative and went through the normalization and
centralization process. Figure 8 shows histograms with
these parameters, having on the x-axis the sampled values
after the pre-processing and on the y-axis the frequency
with which these values were found in the training
sample. It could be noted that the distribution of the input
parameters continued uniform, however, the input
parameters were centered around the value 0 and
normalized, so that they varied from - 2 to + 2. Due to the
extremely concentrated distribution in the value 0, the
parameter “balcony” did not present the same pattern as
the other parameters after pre-processing. However, the
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values of "balcony" showed the same range as the rest of
the parameters, which facilitates optimizing the weights
of the metamodels during their training.

~_area _  ratio .  height _  azimuth

- o _] = _] o _|

1111 et 11 T || I

45 1 = J T e d T e J T
-1.5 0.0 15 1.5 00 1.5 1.5 00 1.5 1.5 1.5

_abs wall _  abs roof _  wwrliv _ ww arm

ST = T AT = S

- = = = ]

B T —|°:|-| T -|C’: Tt -|C’: Tl
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7 [=p- == I Z 7

- ]3: ]32 ]“—

- 1 = - T = - T = T
15 00 156 i5 00 1.5 i5 00 15 10 05 20

dbt

1.5 0.0 15

Figure 8: Pre-processed input parameters distribution
on the training sample.

The seven qualitative input parameters were transformed
into logical variables, being able to assume the values 0
or 1, which correspond to the absence or presence of a
certain quality, respectively.

Metamodel development and testing

Figure 9 shows the accuracy of the metamodels,
optimized based on five metamodeling techniques. The x-
axis corresponds to the values of the statistical indexes
MAE, at the top, and RMSE, at the bottom. The boxes
represent the distribution of errors, MAE and RMSE, of
all metamodels trained. The graphs were separated by
statistical index and by applied metamodeling technique.

XGBT- I}
SVM - l— .

rr- | .

avin

MLR -

ANN - }

XGBT- l]—
SVM - I- .

RF- |- .

Metamodeling Technigue

dSNY

MLR - |
ANN - i
5 10 15
Statistical index value (%)

Figure 9: The metamodels accuracy after training.

Among the five metamodeling techniques evaluated,
MLR showed the largest errors after training, with MAE
and RMSE equal to 15.2% and 18.8%, respectively. The
ANN technique was the second least accurate, as it
presented median MAE and RMSE equal to 6.0% and

7.9%, respectively. The ANN optimization process
showed fewer considerable variations in errors, which
points to a limitation of the “brnn” model of the Caret
package, from the computational R language. This
calculation method allows configuring only one
hyperparameter. The SVM optimization process resulted
in median values of MAE and RMSE equal to 4.4% and
6.4%, respectively, being the third least accurate model.
It was found that the weight of the cost function
significantly changed the performance of the model.
Therefore, its optimization is important to achieve
accurate results through this technique.

The tree-based models were the most accurate in the
training stage, with the RF reaching median values of
MAE and RMSE equal to 2.2% and 3.5%, respectively.
The XGBT reached median values of MAE and RMSE
equal to 2.1% and 3.2%, respectively. There was a need
to optimize the RF “mtry” hyperparameter to make it
competitive. The value suggested by the Caret package
showed significantly high errors in all databases. The
opposite was concluded for the XGBT when it was
adopted the values by Caret. The optimization of the
XGBT demanded low computational cost against the
other techniques and the optimization of the XGBT is
recommended, since it may increase model’s accuracy.

Figure 10 illustrates the accuracy of those metamodels,
with the metamodeling techniques on the x-axis and, on
the y-axis, the values of the MAE and RMSE statistical
indexes.

MAE RMSE

: DI-I DI.I

@*Q},Qg_ﬁ'% S& <<.g®

(J"I

Statistical index value (%)

Metamodeling Technigue

Figure 10: Metamodels accuracy on the test stage.

Figure 10 shows that the metamodels' behavior during the
training and test stages was maintained, with XGBT
generating the most accurate models, followed by RF,
SVM, ANN, and MLR. For the test sample, XGBT
technique presented MAE and RMSE equal to 1.7% and
2.5%, respectively. Therefore, the XGBT model was
considered the final metamodel. The optimized values of
the hyperparameters "eta", "depth”, "ncols" and "ntrees"
were equal to 0.3, 6, 0.8 and 600, respectively.

Figure 11 illustrates the results obtained from the
predictions of the test sample from the final metamodel
against the results obtained from the database simulations.
The red diagonal line represents the function y = x (i.e.
the closer a point is to that line, the smaller the error
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between the predicted value and the simulated value). The
graph shows values ranging from 0 to 100% on both axes,
as the PHFT does not allow values outside this range.

100-

=
[#]

Predicted PHFT (%)

0 25 50 75 100
Simulated PHFT (%)

Figure 11: PHFT - predicted versus simulated.

Figure 11 shows a high concentration of points close to
and on the red line, which indicates a high performance of
the developed metamodel. Visual inspection further
suggests that points with higher PHFT tend to have
greater errors. However, since PHFT values of these
simulations are higher, the relative errors are still low.

Limitations

Simulation and metamodeling techniques requires some
assumptions that could be seen as a limitation. In this
study, the main limitations are:

e The samples were developed using only four
variations of the floor plan, which contain two
bedrooms and a living room connected with a kitchen.
Therefore, the high accuracy of the metamodel is
limited to these typologies. However, it is important
to emphasize that, although the metamodel is limited
to the typologies defined in the study, the use of
incremental samples allows the adherence of new
typologies, increasing its reach;

e The sampled values for the mDBT parameter show
low diversity in the range of 10.83 °C to 15 °C, with
only four weather files. These files have mDBT values
equal to 10.83 °C, 13.60 °C, 13.64 °C and 13.80 °C,
for which the metamodel must respond accurately.
However, for other mDBT values within this range,
predictions may be compromised.

Conclusions

This research developed a metamodel to assess the
thermal performance of naturally ventilated residential
buildings. The thermal performance analysis was based
on the Brazilian Standard NBR 15575 (LABEEE, 2020),
which adopts the percentage of occupied hours within an
operative temperature range (PHFT) indicator to describe
the proportion of time buildings can keep indoor operative
temperatures within a certain range throughout the year.
Five metamodeling techniques were analyzed and
compared regarding Mean Absolute Error (MAE) and
Root Mean Square Error (RMSE) accuracy indicators.

The most accurate modeling technique, for both the
training and testing stages, was Extreme Gradient
Boosted Trees (XGBT), followed by Random Forest
(RF), Support Vector Machine (SVM), Artificial Neural
Network (ANN), and Multiple Linear Regression (MLR).
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