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Abstract

As the construction industry transitions toward green and low-carbon development, the accurate pre-
diction of building energy consumption has become a key factor in improving energy utilization effi-
ciency. This paper takes the Energy Efficiency dataset from the UCI Machine Learning Repository as
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its research object, deeply exploring the impact of different sampling strategies on the accuracy of
statistical inference and the performance of machine learning regression modeling. The dataset co-
vers eight input variables reflecting building geometric characteristics and two energy consumption
target variables: Heating Load (Y1) and Cooling Load (Y2). The study first identified the correlations
between variables through exploratory data analysis (EDA), and subsequently designed and imple-
mented three sampling schemes: simple random sampling, stratified sampling based on K-Means
clustering, and cluster sampling. Through metrics such as relative mean error, statistical stability, and
the design effect (Deff), the paper systematically and quantitatively evaluated the representativeness
of samples from each scheme. On this basis, multi-output regression prediction models were con-
structed using samples obtained from the different sampling backgrounds. The experimental results
indicate that stratified sampling, by capturing the structural distribution of core variables such as
building height and glazing area, demonstrates significantly better sample representativeness than
other methods. It effectively reduces sampling variance and enhances the information efficiency of
the data. In terms of model performance, the model trained on stratified samples achieved the best
results across both R2 and RMSE indicators. The findings confirm that scientific sampling design not
only improves data quality under limited sample conditions but also significantly strengthens the gen-
eralization capability and reliability of regression analysis, providing methodological support for sta-
tistical research in the field of building energy efficiency.
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1. 518

FEERARARN S TR B Z ST, SETHEITAER OO 3% B SEHL TS8R 1% O i [1]
fagtil, HEHUSATREFEAE R AL K O 4R 4tk 2 B REREIN 300 LA L, BRIk, A vHE N 370 AR R B 457 (Y 1)
55l S (Y 2)% T AL BRI 22 1 (HVAC) FR G i M P AR SUBRHETBCRAT 25 0 LR B X [2] AL
IR 32 2 2 Al LA Bt A B R AR KE . WFERY, @RI RRAE B oE T HAURACR, Bl
FAS5R 28 FE (XD i RS HACR I A br,  HL BB el o B BN R I [3]. R
FA(X2) 5 A i B (OXB) W W L 55 1 S S 47 4 5 AN K A B R ) P2 5 XU 8 R S P2 4]

FESOVAL) 38 7 THT, S5 A T AR (X3) 55 o Tl T AR (X 4) FR) #4246 K A LR o 2 415 2 P9 AT 44 0 ) Jo i
ffi[5]. 5 UblRI, 3 G T AR (X7) A HLAEAS R S7 T 7 2 18] 20 A (X8) W2 521 5 A K BH e 3 45 #4415 D 44
PR BRI R [6] BEAL, EFTAIIE (X6) R AE 1 LIRS s, H 5 )L ag i 2 18] (4R 2k
PERR G SR RN 1 RERETIIN AIXERE[ 7] BARIIA M S AL a7 IR L2 L 24008, (H ke AL
B BRI R AR AT A T e S I A g K S SRS

BRI, BT AR AT BR A REA R R, Sl IR 27 (il SR (Sampling Strategy) e B SACR M 88k A3
FRANGE 5 B A A XA F T i [8] - AR A T S BE LI (SRS) £E AL B BAT 25 S5 M AL RFAIE
(AnAN ) vt P2 5 20 B3R LU 9 RO B AR I AEAE R 7 AEREAR A2 [9]. O T IRTHETHIEEE, #E AT
RGN K-Means SRASHARSH B 153 JZ 3 FF (Stratified Sampling), FIFH @50 LFARHE AR EAT 2
Zxl gy, NI ARG )7 22 9F 3R 88l 145 2 3 FE[10] o i 5IN R THRON(Deff)$E b5, BT 7T AT LA
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ML A FEVTAS R 5E Tl 77 ZEARS T BEA LR 48 28 AR [11]

FAT, S8 TR BT an oy LA s i 22 6t [m] VA RS 7R T A g ok AR BT Fe 47 /5t — 2B IR AR [12] AL 2
T UCL HLas~% ) FEIR B RCEUR 4, AR GRS AN R A 75 SRR 1 RE (10 i Z SR B/ A [13] . Jdid X
He% 7 RAE R? 5 RMSE 4845 BRI, AL B FEUE & B IRE B 0T 7E 3G 5[5 3 20 Wiz AL e 0 1A%
OHHE, AR O ESRERPP S it — BRI G 7R R ST RF[14].

2. BIEkKIR

Table 1. Dataset metrics introduction

F 1 BIEEETNE

REIEARAY B BECREIA
X1 AT B 8 P Relative Compactness
X2 LM Surface Area
X3 B TAR Wall Area
X4 BRI Roof Area
X5 K Overall Height
X6 W) Orientation
X7 31 T T AR Glazing Area
X8 YRS 3 A Glazing Area Distribution
Y1 SRR A A Heating Load
Y2 I A Cooling Load

Correlation Matrix of Building Features and Energy Loads(X1-X8,Y1,Y2) 100
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Figure 1. Correlation analysis
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AW SCKH M2 Energy Efficiency £¥54E, XM EHREEIRH UCL Hl#s2=2 1%, H Athanasios Tsanas #/l
Angeliki Xifara $LEF %, L1THTHARES) UTSEE RRFEFEZ MR 20 R . 1Z80E I st
DEFRAT, TR LR @5 5 Ecotect Xt 12 FloAS R SR 43 8 B ST A AE ) o 4D
R, BRI R G SR E S A S R (B L A A AE), AT 768 L EAAR
TN SRR . M2 A T SRR AR TiF,  JEEE TR 2 Hr AL R

HHEEOE T 8 ANH T ik A SR IE 4 AN AR B (RAAE) A S 2 AN OB BE R I H An AR & (FR4%) (L
* 1), AR ML R 1.

3. A GE
3.1. EjERREHIhAE

FIH Python Xt Energy Efficiency JR a4 (B A% & N = 768)3E(T T ISR FEALIMAE, HRHE 525615
i, BB RN 12.5%, AR R I n=96. AT HIfRRIG S BT E AN, RS
B T W EEALR -, X7 2 RE ST BRBE A LI 6 AN RIS B P AR LR R T

N T AR TR A S 7 REA AR BARIRIE, ARF T BT T 2 T E X e B IR, X3
1) 8 AN EAR R (X1~X8) & 2 MNREFE H AR R (Y1 KB TAT« Y2 VA 5 ) 20 BT 5 AR S () S REA
WA (X ). LA X R 2 (Relative Error) KT i w 2, THEARWT:
X —u

7

Relative Error =

3.2. S

TE7 R, B AR ER AR 8 A TR AEAS B (X1~ X8)HEAT FRE AL AL 3 o S0 4835 B 5% FH bRt 20 4k
(Z-Score)f 4, LATHBRAS R B EANN G 2 KT BT, IR S ARIECER & 5 E AR B P55 1)
B . RN AT ZATH TGS 50— S ERRR, KA K-Means JEEEE A R SR 1) A TELE 1) .
AT A [F) B 2R T (PR AR (Inertia) 5 #6 )58 & 3 (Silhouette Score), i & AL I EER 20, T
SUR(N = 768) [ SR AL 0 N TN R N R AR & BT BE (P HFE )

EERER G, AT7 MG L 23 B (Proportional Allocation) J5 U #EATHhAE . YRR TR
SRR S AL, WOE 12.5% 14— HRE LB, B JE TR T TE I B B LAMAE, S AT U R
n=96 [0 EREA . X — i R IE I [ 2 BEATLRP 1 ORAIE 7 SRBe e AR, HLIRIARE I T 5 AH 6T 1% 2 (Rela-
tive Error) KAy & AL 2

3.3. BEE A

R R R B A R e B R R AL & R SRR AN — AR BT, UL T AT PR AR AR IR
FAEFHHAT R AN S . ASCCUEIRRERER W 0 B35 1P U B —— 55 L (XT7) 5 9117 (X6)
VRS > RE RS HE o G X P NS R AT 1 R RARAL S R AR NE S 20 o A B ) B
R XA 5 X B A R R S B 2RI “HE” T, DL AR AR S b T R L s )
BRI AS I X 42 R HEWT (52 . AESEERE AR, B TOIF IR ER IS, TR BL “HRIERE” JuhhAr
TG A BEHUECR A48 WOITAT AR B R h BE LA U TS 52 B 0, 3 BOE RENLA i R 1 0 ik
A FERIBEALIE S SRR AT B R, JEARIE AR LU BR8P PR R AT RE R TS A A
A, — BEARHERPOE T, BN T EFRRINHC R (B F X1~X8 & Y1~Y2) i e m NI
AL XM RN A BERMIRE T RS, SEASREAIERE A REF 1 B R A G, T REAS A5 BT
FEAEEFURFIE 0 A AN BAF AL R AR SRER BRI, Sl HE T 10 P 22 15 L
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3.4. EVFEE

TESERAE ARSI, AN TR EE T R AASE R DL A T 2 SRR AE 6 SR B B e (Y 1) 5 51174 B e (Y 2)
SO, I LA PPAl A [ SRR A2 A e JIIPE R o AR SCR A2t [l I (Linear Regression) FIBEAL AR
HR(Random Forest) /E A% L@ 5E, DL X1 2 X8 ME NI NRFIE, RN A T P PP @B, RAHT
WEFEFRIEN A R o B A U8 REU(RY) KA =AU AR SRR R LRSI TR
(RMSE)K B 5 B TR i 125 S s REFE (1 B A4 = 2

EESTHAS HARAE &, 20 S A R RE A L 2R B, T J A R e AN [] T 4 i (RS i 25 57
AR — TR R “ARIRIE” X, BR T PP AY RS AR IR AR LIRS, ARADIE ST T K J
T EREAUI G R B e R T A B AR AT . BT “HifE R I RMSE” &5 “42 )5 R2 fl
RMSE” I Z 5, ST FIHRE SEnE AR AMERE ) 5 Gt R gt HEmseuERL A Xt 3 7t BE L
TR AT SEME AN AR -

4, ERESH
4.1. EEREHHhFE

RAMREREMEIE (&5 vs )
YIORERH R WIE (BEHLIHD) Y1 H5IRIRE RNSE WIE (BEHLIED

4.0

SHEELR
0 BEHLEEA (SRS)
3.5+ 0 28245 Full)
3.159 o '

0.997 1.000

0.8

o
E 0.6
B

0.4

0.2 0.521

0.170
0.0
ZMEY (LR BEHLARAE (RF) ZHEEY (LR FE#LERHK (RF)
Y2 REFRH R? WIE (REHLIEER) Y2 ¥75HRIRE RMSE I&IE (BEALIEAE)
4.0
0.991 0.99
1.0 354
3.262 3174

0.8
o
E 0.6
B

0.4+

0.24

0.0-

AR (LR) REHARHE (RF) MR (LR BE#LZR#A (RF)

Figure 2. Model performance of simple random sampling
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Table 2. Relative error of simple random sampling

2. R ENIRE

(=L Total Mean Sample Mean Relative Error
X1 0.764 0.769 0.006
X2 671.708 667.114 -0.007
X3 318.500 319.521 0.003
X4 176.604 173.797 -0.016
X5 5.250 5.359 0.021
X6 3.500 3.333 —0.048
X7 0.234 0.224 —-0.042
X8 2.813 2.875 0.022
Y1 22.307 23.031 0.032
Y2 24.588 25.284 0.028

TE TR B BEALAMAE (SRS) LS b, MRHE 2 2 BoR, KM RH RS S AR R ZE 38 R R/INE L, WAl
X E(X1) 2 0.006, FKIHA(X2)4-0.007, HEATIF(X3) )y 0.003, ifii 2 HIF(X4)4-0.016; 4ATfi,
SZBENLIEREI, o SRR B L T R RS, U B (XB) R ZE 0 0.021, 5 1A] (X6)-5 B T 1
FRXT) R ZE 53 3 K £2-0.048 H1-0.042, iX B 4% T 5 H #5738 8 R A1 (Y 1) 5 #1174 5747 (Y 2) (R AE R 58 22
43k F] 0,032 1 0,028, ERERIMERE FTHI(ILIE 2), &% Y1, £RPERIA(LR)EREA L1 R? 4 0.907 (42
0.916), {H RMSE A )R] 2.927 FJ+% 3.159; FENLARA(RF)EREA LI R?Jy 0.997, H RMSE (0.521)
BEET2RAF0.170). X Y2, LR 5 RF FFEA R253715 0.886 #10.991, H RMSE 4344 3.262
(4 )5 3.174)#1 0.914 (4x/7 0.591). HIR SRS 7EIE R R? BRI 7 BRI STH R, se ittt J5
A B[R AR SCTEG, (EE AL AR AR 5 . R B S 1R S L T S MR R AR N, TR
MU L R Z A% O AE 7 A R BT X PR, R 5 P~ EREAR S . X PP W ZE7E RMSE $e b5 RO, Rt
HHAS TR AR FRINRG FE LR g, DRSS T SRl BEAT LA CE SR I = R B S S RE /NRE A T R Ag P 7 T A7 1
JAFR o

4.2. 5y EEHRE

Table 3. Relative error of stratified sampling

+® 3. SEMEREMNIRE

fatn Total Mean Sample Mean Relative Error
X1 0.764 0.753 -0.014
X2 671.708 679.875 0.012
X3 318.500 323.604 0.016
X4 176.604 178.135 0.009
X5 5.250 5.250 0
X6 3.500 3.521 0.006
X7 0.234 0.255 0.088
X8 2.813 2.833 0.007
Y1 22.307 22.908 0.027
Y2 24.588 24,991 0.016
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Figure 3. Model performance of stratified sampling

3. SERHAFRIRE I RE

FESY JEHRE I AL S ek, MR % 3 o, 183t K-Means JISHH R S LMRHEREIT 24y, FEA
JRIL T W ARG o S RFIEAS B AR R ZE ARG, JFE s i BE (XB) AR X 1R 220 0, R THEIL R 1 AR 1) &5
ML A s AT B (X1) —0.014, FIA(X2)H 0.012, ETREIF(X4A)L Hy 0.009, T35 E [ A (X7) B
0.088, {H H A5RAR§HE 571 4 (Y 1) 5 ¥4 47 (Y 2) AR G5 22 20 B AL 2 0.027 A1 0.016. 7ERER R
WE B 3), &% Y1, LMERIH(LR)EREA L) R2IAH] 0.911, MRJEREIT 41 0.916, H RMSE (3. 012)
AR (2.927) A UM Bl BENLARAMR(RF)IFEA R2 4 0.996, RMSE &y 0.657. 4% Y2, LR 5 RF K]
FEA R2 43514 0.872 F110.995, RMSE 4354 3.406 (4= 3.174)F1 0.688 (4:)=) 0.591). MZEHRATLLE H,
53 TR B A A A S R v R i 05 L S O R B I A A, R T R T ZE R T B B R
FHELTRT BABEA LAY, %07 RAE R2 FIRaE M B RMSE fu il E R, IEW] 7 RLE M4 2 Wit A (R skt
KRAESAREY I b — 3, B R TE 2 IR AT Mz AR ) S Aa i

4.3, BEEHhRE

FEBRERE AL Hr e, R4 4 Bor, i T DABOR B A (X7) 5 91 i (X6) B AL &5 A e # e,
FEALE G A & L ARIL B A%, Horh X7 RO IR 22k 0.387, SEUH AR ERIR MG (Y1) 5 H14
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Bu4f (Y 2) AT R 22 43 il K 42 0.100 1 0.066. SEIGMLER FEHAT Y1 LM AR BIEREA 1K R2 1A 3
0.925, LR E T 2/EK 0.916, X —RE THS M RBAZ My “ RSB H mdla KK o XI5
VR T HRERERE “BEN A HORRIE, (EAREARLE R B S A, AR AR H UL & R B RE A A
T REFERE, (RPN AR S 2R E BRI AR, S EURALAE A 3 U e REAE R B I A
Vi 7E . W 4 v, ZRARAE RMSE fitbr B2 T i —P00E, BENURMEIRE Y1 EREAR AR
72(0.250) B i i T 42 /7K (0.170), e TR AE TIONRG B EIRSebrdii e o BRI, BERERIRE T R2 10
RIBCNETRZIT IR R R S B S5, R T E AL B A A e A0 A i AR AE A IS B, Rl A
ZEFE CHEREERR” SRR I B Z 1 KR .

REMEREMRIE (8 vs #H)
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Figure 4. Model performance of cluster sampling
4. BEFHMEERE ML
Table 4. Relative error of cluster sampling
e 4 ERHENERNRE
Tt Total Mean Sample Mean Relative Error
X1 0.764 0.769 0.007
X2 671.708 666.859 —0.007
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X3 318.500 317.990 —0.002
X4 176.604 174.435 —0.012
X5 5.250 5.356 0.021
X6 3.500 3.500 0
X7 0.234 0.325 0.387
X8 2.813 3.094 0.100
Y1 22.307 24.545 0.100
Y2 24.588 26.219 0.066

5. R SRE

ASCH SR FAE AR, RGN T B RENLRE . BT K-Means SREH 7 RS S B RF LT
REFETRIBLRL (SmT . BEFURIL, 2R AEESR TR VR e 5 Ge v R T T R A B2 0% ity i
SR B T AR S SR BRI AT 0 R BT, %00 AR T BRI A A, AT
HANGRR LA R SBENLARMAE RIS R2 5 RMSE figbr L0 T H A A Sens, 300E 1 B2 e o
BRI R AR TP IR A o T SR REALAAE R 2 RUFIGETT ik, (HAENREARR TR 5 B BN 8 T 2
PR B A%, BCTTINAE L 32 08 o T BE AR o T80 P AR B R B R A, T AR AR A 5 ) S
FREREER, o AR 2, PR 7B Az AL RE

RRIIHEFEAT ML =ANERE i — 2D IRAG: B, FESmRAMEN] b, FTPRZ G IR BE 2 5T MR 4%
Sik, JER A SRR AR AL R AR RS TN, A SNBSS HE N 70 JEMEZE; HK, ERER
UEJT T, WS ASCRF R ENL(SVM). B THH (XGBoost) 45 5 2 A [l AR, DL 4T pP A fieE
FESREA RGN &5, Rt EARAEX . A FEEFRAN 2 U5 R HE
Erp, IR Z AR PPN AR R G, D SePs TRE A (1 e R R AR 4R B8 ST 4

S5 LRTR,  AHIE TR =R SR IR N LUER TR, R G R T Bl Uy 20t AR A A
DB AT FEVER A FERZ IR, X — W TEBCER AN A PR B IR ) i Rl RS- Bt 17 SRR, R K
A3 B I A T P P o (S SRR R RE VR B AR LB T T TR R
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