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Abstract

In this paper, the relationship between concrete compressive strength and age and concrete com-
position was investigated and five regression models were developed to model concrete compres-
sive strength using least squares, optimal subset selection, ridge regression and Lasso regression.
The prediction effectiveness of the models was evaluated by establishing training and test sets and
calculating the mean square error on the test set. The results show that the mean square error of
the model fitted by using cross validation as the optimal subset selection is the smallest, followed
by the weighted least squares regression, which can have a better goodness of fit, and the differ-
ence between its prediction error and several other models is not very large. At the same time,
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there is still room for further improvement of the model, and the characteristics between the fea-
tures can be considered to construct the most suitable model.
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Table 1. Variable description
=1 TEHR

iR e BRI g
X1 Cement KIE: kg/m®iREW
X2 Blast Furnace Slag B kg/mPIRE Y
X3 Fly Ash WK kg/m> B &Y
X4 Water K: kgim®IEEY

T AR &
X5 Superplasticizer RRORKF: kgimP IR A
X6 Coarse Aggregate AR kg/mIBEY)
X7 Fine Aggregate HEE: kg/m*IBEY
X8 Age (day) W K

i J9; A% i Y Concrete compressive strength PUEEE: MPa

3.1.3. kS

MR R IR S . BEIE 2 R RENEME. B0 hAii. BE. 8
=D E KA. SR AMEAR R ORI T S BT, T AT ZEAE KN T BLA D A W i £
PR, BHERT LK B AR SR T A AE S H G T 2 gi vk &, A 2 AT A
T E S HONH B S &

Table 2. Descriptive statistics
= 2. kgt

Min 1st Qu Median Mean 3rd Qu Max
X1 102.0 192.4 272.9 281.2 350.0 540.0
X2 0.0 0.0 22.0 73.9 142.9 359.0
X3 0.00 0.00 0.00 54.19 118.30 200.10
X4 121.8 164.9 185.0 181.6 192.0 247.0
X5 0.000 0.000 6.400 6.205 10.200 32.200
X6 801.0 932.0 968.0 972.9 1029.4 1145.0
X7 594.0 731.0 779.5 773.6 824.0 992.6
X8 1.00 7.00 28.00 45.66 56.00 365.00
Y 2.33 23.71 34.45 35.82 46.13 82.60

HH 2R ZR HOE A SR W 7o A e 2 ] B R PR AR SR, B R PR R R IE AR S Pk i, 20 e
FERRVRFR AR PO D PERR S . AJE] 1 AT DAFE H X4 71 X5 A&, BINVEA 4 mhoK I 2 5 R e s /K 7 25
BRI TR, RS R, TSR A S AR . AR X3 M
X6, A2 X8 A X6 Z AR REHIT T 0, BIAEEMEAGI o AT LA FE TR & W HoB K 0 &5 SRR e
o A AL, KA AR i S VR R SRR ST
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Figure 1. Heat map of correlation coefficient matrix
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Table 3. Experimental data set

=3 B HIEE

pAC/ Rt TR A% & M 37 A
xtrain ytrain
VIR
687 I 687 I
xtest ytest
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3.2. mINZ3®E
W faT BRI LR R AT, e /D IRk A 2 e R IR, R BIR R 4 R RIR G
W, DERERNR/ME. B BKIE.

Table 4. Residual data for model 1
4. RR 1 R EIE

Min 1Q Median 3Q Max

—31.653 —6.147 —-0.678 6.839 34.804

%5 RANEHAM SR, Estimate £ FIHSHTE, BRI 7 E BRI E R,
LA Oy .
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Model 1:Y =-39.707456 + 0.121677* X1+ 0.104744* X 2+ 0.089102* X 3

—0.13217* X4+ 0.33244* X5+ 0.022714* X 6+0.029404* X 7 + 0.128748* X8

Std.Error AFHSEHIARAER, t value FRIEL t E, Pro[t)s2 t K561 P 4.
AR KEE, BHEILSNAEE.

H, oo EHEERE, o MR,

DA H40L#5 HH AOER T A 28  ) R  E  2 1

Table 5. Estimation of regression parameters for model 1

5% 5. #2581 pEIS HE T

o IO
Frbk, M 5

Estimate Std. Error t value Pr(>|t])
(Intercept) —39.707456 30.968586 —1.282 0.20022
X1 0.121677 0.010171 11.963 <2e—-16***
X2 0.104744 0.012182 8.599 <2e-16***
X3 0.089102 0.015261 5.839 8.16e—09***
X4 -0.132170 0.046732 -2.828 0.00482**
X5 0.332440 0.115643 2.875 0.00417**
X6 0.022714 0.010974 2.070 0.03885*
X7 0.029404 0.012651 2.324 0.02041*
X8 0.128748 0.007202 17.876 <2e—-16***

6 RR TR AR, BRI P A HHZAL G TR B2 1, (HdEd R AR M
REFTLAE H, BEARIILAFEIEARE, HIkB]T 0.62, BIALGAHERE, EAHAEA 5 & B AT

TKGIE -

Table 6. The effect of the fit of model 1
6. =8 1 PIIER

Residual standard error
Multiple R-squared (R?)
Adjusted R-squared (JH# ) R?)
F-statistic (F it &)

P-value (P 1H)

0.6258
0.6214

<2.2e-16

10.36 on 678 degrees of freedom

141.70n 8 and 678 DF

R A ROR BT AR BIR 2 ot Ty [, 18] 3 ER — AT 5 JI R EME K, e
FESREZ B AHUEE, DOLRERR HERRNTIML. HeLmmiy, —&FMZAFEER
BHEMERRR, MAGLENIZS y=0EAEE. WNETIE, 204X AHE5y=0EHG, HZHA
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Q-Q KI'EW LU I Kt /7 912 751 2 SRR A, ECRENS 20 A1 (KL R R B E B AR AR L Hdls
FP B 73 R KA AR A BRI, 238080 e B AL M A S R 3 2 B i 5 R 2 LG
BARE A, K2 M AT SRR 1 IES Q-Q B, WUEHBAIER Sy = x REALEH,
WHER EE, B 1R RS AR IR 70 A7
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Figure 2. Residual fit plot for model 1
E 2. 1#EE 1 BBENRE

AR [ T ZE AR, WA E B AL T A [F) A7 BN 5 22 (0 20 A1 G R iZ B AHH [R], RIS B2 i 4
R, X AT BLUE I SR 7 - WA EIBUR R O, (B Bt Rl W RE - B
Ko Z BRI R bR HEA R ZZ B R AR . i 2 i, MR RIZ I AR BCPR . [4 2 128
TATE AR 1 RE - LB K, WA S B A R B8 ETRIRE, B3] SRS AL 4
W, BRI R 22 IUAE £ e 07 221k

KR R BEAE NN IS AL — AN, 7 S50 Z A AT 75 ZEA50™ M6 R ek 6. i Shapiro-Wilk £
5. 1330 P AEE 0.01341, £ 0.05 KYEAE/K TV MEL R, IR ZERMIES 73 il 7 ZE k56
EN PAH <2.22%107%°, £ 0.05 [ B EKF FIELFE AR B, IR A7E R J7 Z M1 . Durbin-Watson
K56 T AN Wik 72 e B AFAE — B E AR, RIS S0 A AL 75 R S SZ AR e, 43 2IR P {E < 0.05, 7 0.05
HIBEAEACE TR R R, N (R 22 A — B H SRR . 7 ZE K R E(VIF) AT AT RAG 6
HARZ 20 AA 2 EIENE. BARNNE VIF 8K, 30 HBRA AT a5 Hoph 5 A SR A7 72 £ B 3k2
Pho W EA R MAFAE L EILANE, BIREANRAE AT DAY ot B AR B MR Y, XS B AN e 12k
FIRE S EUR G 5 H S g ZEARR, SR BB VE AR R AT b — 5 RHE 2 18] A SRR A B X4
5 X5 RAFAELNE A RHI T RETERT . ST —ANT7 T, RATEBRAER) T Z K R E(VIF), Horp

VIF(ﬁj):#

[x-s
ORI 7 PR, RIVIK REm s 0 XL, RS E X2, X3, X4, X7 #AAERL R 7T 2 I
Ak R 5

Table 7. Characteristic expansion factor for model 1
7. 1RE 1 PUFHERYBRE

X1 X2 X3 X4 X5 X6 X7 X8

7.15 7.01 6.05 6.54 3.09 4.78 6.64 1.09
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LRk H T — A B RO RN T R AEE ), Bl Var (&) =0 o PRI i (SR 56 A bR
MR ZE . BAS X AT AR T X — R, (HERATARTER /8 DA mE, ®ZETURAAER T ZER.
K] 1k 25 R 111 5000 ) 7 2 e A e, BB A5 B log(Y), 5 B B A 4 SR R R B3 1 0.5615,
WA BON B A AR I G U4 . 53— AN R 7 5 ZE PR 2 A R I A e /s — ik AU B At
AL, BN 3R ) B AR SRR S R AR HEAT A, B AN B 2 ST TR R A, XK
ZE IR T 3N, A 2 AR B — AN B AT AE 7 7 ZE M AL, AR S5 P A A [R] 7 e /> — vl it
RIS H . FIIAUE /N R AR 3] TR 2, A — AR B R, Wk 8 hEdE s,
AR, HMAEIAET 09052, £ 9 & %48 & AE B it & Bt

Table 8. The effect of the fit of model 2
5% 8. &8 2 pBIIIA R

Residual standard error 2.858 on 678 degrees of freedom
Multiple R-squared (R?) 0.9063
Adjusted R-squared (%1 R?) 0.9052
F-statistic (F 4t i) 819.90n 8 and 678 DF
P-value (P 1&) <2.2e-16

Table 9. Values of fitted coefficients for model 2

FOo. BE 2 IS RRE

Estimate Std. Error t value Pr(>[t])
(Intercept) —49.225666 15.446142 —3.187 0.0015**
X1 0.126639 0.005268 24.039 <2e—-16***
X2 0.108608 0.006117 17.755 <2e-16***
X3 0.095798 0.007087 13.517 <2e—-16***
X4 —0.116527 0.023477 —4.963 8.77e—Q7***
X5 0.320649 0.062235 5.152 3.38e—-07***
X6 0.024671 0.005396 4.572 5.73e—-06***
X7 0.032837 0.006165 5.327 1.36e—07***
X8 0.137415 0.004471 30.736 <2e—-16***

FATAE M TR L 5xF by g A AL REAT O, T SRR R TR S B SAR 2 TR (K48 U5 1R 22 (MSE), 53
MISE RN 10 Fros, ATCLE MR 1 iR 22 2N, BTN R 22 56/, I U WA RE R OGS RCR K
FIWTERL R 4 IR, IXAT e B LS IS L -

Table 10. Mean square error values for the two models
= 10. AMERRNYHEREE

Model 1 Model 2
MSE 112.7072 116.0546
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P T AR IEFHE A T A A B SRR A A R

BT R AS T AR Tk,

BE) TR 1SR, B 1R ST E XL, 5 2 MEAE SR X1, X5, 5 3 MEAM SR XL,
X5, X8, 4 MEMAEAE X1, X2, X4, X8, 5 MEHAEAE X1, X2, X3, X4. X8, 6
B B AR B X1, X2, X3, X4, X5, X8, % 7 MMM EALE X1, X2, X3. X4. X5. X6. X8, # 8
AT B BT A &

Table 11. Models for optimal subset selection

F 11 RMFREFER

X1
1 wose
2 *
3 *
4 *
5 *
6 *
7 *
8 *

X2

X3

X4 X5
G
G
G
G
e *
* *
* *

X6

X7

X8

PR SR AR AL R?, RSS, M R®, Cy(AIC)Hi# BIC, Firh RPHIHREM RP MK, MEAIA B
B, RSS, Cp BIC /N, BIRMMLGEIME. W& 12 BEZENIEN, i BHARI5GE, K
WA g SRR TRMMTENE, H 3 TINALE AR RS R RERMRNER. SRE

NIERE 6 MR R .

Table 12. Model statistics for optimal subset selection

F 12, BRI FREFNREFIHE

R? RSS TR R? Cp BIC
1 0.2478 216002.7 0.2471 971.395 —279.471
2 0.3512 186326.8 0.3499 698.980 —424.756
3 0.4818 148827.4 0.4802 354.220 —649.275
4 0.5578 127003.2 0.5560 154.410 -805.670
5 0.6110 111718.1 0.6091 15.067 -930.813
6 0.6140 110843.2 0.6118 8.977 -931.974
7 0.6142 110798.1 0.6115 10.559 —925.456
8 0.6155 110413.2 0.6125 9.000 -922.103
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Figure 3. Model selection results for each statistic

E 3. BRIt EREERIEER

KT 28 SCIAIE 2 BE 5 HE B A TS IR 22 » & PR AR S B R I At BE AL 7 9 KA R/ — B 4L
sF VLT B NI, SR TR K-1 3 ERRE R, EEXAPER K K, B IREAFK
K-1 37 BSOS R, 5 — RS #2452 —NT7 R E, KT CV Al Tl & X e 2 77 4 22 HE SR A A 2
A K 588 ORI e UL 7 SR %, 19 R 45 RO IEHEHT 6 NMFIERIE 7R 2208 109.1655, 2 eIt ot

it
XTEEAN BRI el T AR, 3G 5 DB SHM A RILEAER 13 1, FrABA @ AL 1
LR AR

Model 3:Y =28.9930+0.1054* X1+ 0.0865* X 2
+0.0687* X3-0.2181* X4 +0.2403* X5+ 0.1135* X8

Table 13. Coefficients of the variables of the optimal subset method

=13 RIMFRENSTERY

Intercept X1 X2 X3 X4 X5 X8

28.9930 0.1054 0.0865 0.0687 -0.2181 0.2403 0.1135

3.4. E4EfET

3.4.1. I&ENA

PR [V, (R R 2 2% A 28 SCBAIE SR 5 S 40 A, BT R I 2 A FH U [ U S8 S0 o e i A7 A
#ifl, XA gimnetO R BEERINRE T, CE¥ AL EIAT TArdEL. K 452 10 HTREARMIMEE X
EZe ] CV 2k TR AR M T s B R E Ao R B/ MSE HUE 113.5488 XfBiff] 4, =0.8129, *f
IS 8 MMEREAS &

FE AR A A0 [ AR, 2R 8 RENE 14, FrUFRATELEE 4 MR

Model 4:Y =65.3414 +0.0830* X1+ 0.0606* X 2+ 0.0354* X 3
—0.2360* X 4+0.3640* X5-0.0106* X 6—0.0170* X 7 +0.1051* X 8
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Figure 4. CV cross-validation plot for ridge regression
El 4. I4EYIRT CV XX IIEE]
Table 14. Ridge regression model coefficients
14, IREVIRBRH
Intercept X1 X2 X3 X4 X5 X6 X7 X8
65.3414 0.0830 0.0606 0.0354 —0.2360 0.3640 —0.0106 —0.0170 0.1051

3.4.2. Lasso [E]V3

U EARLG, MR/ e mE HIUECR T 2, Lasso DAMTIAH: i 22 AR BRI 7 22, M43 2158
KGRI R . Lasso HIE#E: Lasso (Y AREUMG TH2 Mg, & AT ASEOURFIERE£F, R AS 2 A
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Figure 5. Lasso’s cross-validation plot
[ 5. Lasso HI3Z X ¥ iEE
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Model 5:Y =-13.1773+0.1166* X1+ X2+0.0834* X3-0.1625* X4+ 0.2867* X5+ 0.0147* X 6

Table 15. Ridge regression model coefficients
= 15. IREVIRB R H

Intercept X1 X2 X3 X4 X5 X6

—13.1773 0.1166 1.0000 0.0834 —0.1625 0.2867 0.0147

3.5. HARYERE
e IR 5 MR, 3R 16 R R ERI Y iR ZEN L R, B DUE B EESE = MR R R AL

Table 16. Comparison of mean square error of models
= 16. #HAWFIRESTEE

MSE
Model 1 112.7072
Model 2 116.0546
Model 3 109.1655
Model 4 113.5488
Model 5 112.6013

4, 4Eig

RSO P BT R B 2 A BV 0 A, B e R AR AT R 4y, SRS SR 2 RS Ul ik
TR Y R B, il TN 2 77 R Rk PR A AR
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LW, BRI TIRE S TT 22k, B AR O R R AR R IO B i EEAT TR H R e/ 3]
THFHATIG, KBRS ROR AT SR #R BAT 15 2052 T s 28 P I MR R A AN B R/ — 3%
[BUETFEREAT A, A8 TR AL A R, TR I FAN IR ] i fie /s 3R 1R 5%, ERAZE AR
Ko BBV B T AT DL B A A AR A 2 SRt & Hodis

R L WA REAFAEIRERNE, R RIMFR MR L T Rk 3% . il TARIER Rl e FR R B
PO AR A R SRR AR AE T SRR IR R R S L 1Y, R IR S H 1 4ti &2 Cp, AIC, BIC
FIEHERY R, EUI SR B 168 e FH 20 OBSEVAAR rs R v . A BIMIAE S . e 9% 6 MR RAE N
B AR R TN AR &, T SO A 25 75 R 22 A B (0 T 8 R e T T

WA Lasso #5J& T R4 flitH 771k, AT I Xk 28 BdE AT 440 SR sl n 485 377 30T 4 15 7 of A2 704 R 4740,
7 B VUK R B THESE 0 U7 M4, IXZIRTHUGROR, Lasso (1955 — ML AT MR IR %,
WAL RER, BREHNIETRZEFRAE FRIEFRRZ .

LR T T3 145 B S5 18 2 s 4 A vF #R A R A M 4R s A R ) TN AR, B R RS R A8 7 4R ik
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R, BALE AR SO AR, B ARSI B SR R A N B AN 2, s P4 2R
WIFABAR, BT RIFRAERIRCR o (HIR SRHIE 18] B 9% R AT DLEFE— 5 J8 D, LEanRe S PR
SR PRI AN R A T LA OB L 2 2 15 2 07 AT — S PSR AL ST AL
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