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Short Term Bike-sharing Ridership Prediction under the Big-data Condition .

Comparison of Machine Learning Models
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Abstract ; Using the large and multidimensional data released by the bike-sharing project, and employing the Machine Learning
Models, this article discussed the factors influenced short-term demand prediction of a bike-haring business. The results showed that
the major factors that affected the short-term demand of bike sharing include specific location, time, and weather conditions. Mean-
while, compared with the Ordinary Linear Regression, Lasso Regression and Ridge Regression model, the Random Forest and Gradient
Boosting Decision Tree models had higher goodness of fit (R*) and lower standard error (RMSE) in both in sample and the out sample
predictions, which shed lights on the machine learning models and are more suitable for short-term precise demand predictions.

Key words: bike sharing; big data; demand prediction; machine learning

—. 5l

|12

BEE (5 BB g A SR AN 12 I, LR RS- 5 S T 22 B 0 RN EN N 52 2 4Bl 1 i AL 6

s HH: 2018 -03 -25

HEWH . EEARBARSTH RN AT M 020 R4 0l gk itk 5 4R a5 W R AIF 5T 7 (71772095) 5 ¢
ES R e e 2w = 81 N KE e P BT = B2 S R = ) N ey e R B 5 TR S = ) BT S R S I st 7 Bl | 4

fEERY . S0, B JIH, 25t FENHEZWAF  XIMAT YRS, 440, B, LirEil L, EEMN
HRBIRBR N RS s XSSk, 5, 02, WL 2E e, 51, F NS MA T | KI5 Wi B a5 ik 752,
B 32 N RB AR R N T 5E



%5 8 b (OB AND S N S P €7 1620 I N PR E B B o SR 17

L e R & R o JR s s B 08 DUR RN - 65 g SR Al 9 B 47 2 0 B AR BT R = iR g5 Yk e
TR AR R SEAN T IR RS AT e Je — A L IR S5 4 2%, )T R B B A ok T AT A
F20164F , 28k Fl N 22T P 2945 #1000 1E 762 8 i I L 2001 H 83004100 H 1E A 115 Fn
AR ZE P R R R v IR B A AT O T P AT SR T — e AN i, —
S i T ) S T A R SR A A T LB v RO S R TR A IR 2 5 St T R 4 A A Sk TC R I,
RO T IE R A A TR T I 42 i X S ) RS S SRR B T R R B T R T e 2 A0 S
2 00 A ol o EL AR R (1) b 536 B 55 SR O ARG B | GRS 3G DG A el R DR S e ) e 5
PAZE S AT SR TR 27 B b A s SR AR BRI B 2, AU Al iz B 50CR (a5 41 S IR A 3
it 3l T 253 )45 AT Jrg DA B S o o 2 il BB T W A 45 T A DDA O

FE LT A R TR Wy T, bR T B ARACPR 22 2 iz B A S O B B A i TR R T BE A7 B 2 LA U
A AT FIAN AR A5 R 22 A5 M % T 22 55 At 25 ZR A ARDGT 1 58 (A [ ) RS A9 0 ) L S s 42 5
KN A P 22 ) FEBE I, 4 Campbell 25 (2016 ) 38 3 % b 5 k52 B 4205 J i A 45 o stk
PATRIFER FEAEE SR K S SRS, P A SN D GEHRE (O B R 55 ) X
PAREESR VA B 5520 5 Matton il Godavarthy (2017 ) 45 H S0 AT B K 88 S5 25 A1 R g i L 2 v 2
TR EZR KM, Faghih-Tmani 45 (2014 ) $ 1 0 2 B2 UL R 36 52 80 ok 1 3048 B 45 45
FRIRS ] B J 15 LA | i W i) 45 ) s — S Skt [ 8 T R Z A 5 R R ™ e Ak, Bl SCik
THE T MG AR R &R, EEA R AN D& D AT L RE G o0 SR CBD Ak
(i g 210

JATFCN 53 1, BRA SRRt M 52 A 4 55 SR %) 0000308 R FH %) O i TR e AR ek M OLS AR A — 4%
L2 Logit B 4 Kaspi 55 (2016 ) 3 H T —A DL HSUTAG AR | FF A 7910 5 —3a o5 7778 A9 12
B AR Einav Al Levin (2014) 75 HY (5 BB AR A RIS 2 545 12 B0 FRL S 158 1 35k
PFPEZ LRI A T PR SRAL T B A MILIE 10 FH B X 5L [ R 47 S UE 43 B R A 34 55 2 1Y)
THAT N HLEs2% ) (Machine Learning , ML) J& 3 F R EE 09 @B R0 T v, & “ feill i 2 0 fL &R
A S A S HLAE " 7 e PR o T B R o 0 W o T B OG  T [n) AE,  RRHE A 1
T, W B2 S A TR 1 EA R B AR

BT, MLAR2E IR “BEAS Y (In-sample ) L& R B 4T Mullainathan F1 Spiess (2017 ) i F € & 55
PRV ) 22 4 B RAEASE G T A A B 7 I RTECE ST M AR AT LA U5 45 R R BG4 OLS Y4l N AL 112K
(R H47.3% A fd FBEHLARAK ( Random Forest) ZEHL #5225 ik (A 1250 R #4843 80% 1) vk, B
AN Out-of-sample ) TMZLR B LT Bajari 55 (2015 ) i FH IRT T3 858 B8 b 2 81 A 5% 7 b 19837460 755K
PEHATAG T, 25 R BRI U5 4514 Logit 54 X AL AR SR E5 48 0000 (%) 45 o 15 2% (RMSE) 43371 247 1. 193 1
1.234 00 2% B0 4 i AL % 2 >0 A A8 el ML AR AR ORI S 5 ] 32 AL (SVM) B9 RMSE 435l 15 21 0. 965 F1l
1.068"") 55 = MLgk% > SR E A Ab B 5 A K DMAR B (0 2 R0 76 Bajari 25 (2015 ) AL p | 2
SOV Il R [ KON A7 IR LKA 1 T AN R AR i R AL S T AR 1 A TR TR L
AEAE R IR (], 77 R A 2 P 2 SRR AS 1 000 7K SF- X I, Belloni 45 (2014) 38 MY, W FHBIL &R 2% > h
A 2R (LASSO ) AR TR A5 ] L AR 4o 17 Xof 465 754 P 25t 42 ) ) R0

FUA, 7254 BLAAHE SRR (9 52 B AR SRR AT 5 | AL = > 5 ATy R 380 5 SR S0 ) SR A ) 4

OILEZ T M Felson 1 Spaeth (1978 ) B X 2 H . , B S G 5 = - 5 LB AT A5 (Peer to Peer) 1Y
HAEAL G H AT IS 2 T B ME A A AN IR B AR SORE AT 2209 43 I R B R S i 55 e oy < L s e

Q¥ I DeMaio (2009 ) (#6044 , 76 BUAC IR PR A N 2 804230 G547l 2 6, S 2 3 e o AR A B 2 ik = UKk
Ji& ALE1965 47 B UCE BT AT RE P BLAY 25 — X 1 542" (White Bikes) , 5% 1995 4F- 76 F} A b i 4 Ji i) 3ol iy B 42
(City Bikes) 1% =X 19964F- 76 & B H LA TE 1 2045 A, DAELIR N 8 (B AR BE il & | 4% SO A Ry SE Al 0B — e =2
AT IO,



18 molk g % 5 & H 2018 4F

>, Bacciu 45 (2017 ) SR HIHL &R 21 P S5 ] S ATLRI AL AR MRS B S50 1 M 5 B3 4l R 75 2 fE L I (1]
WA BRI 2 EA RG0S B A R R SR I R AR TR | A DG B A 5 SRS 14 A 53¢
R -23 A B (R EEXSAS [ WL g 2 > A TR 1O LB I 5 SE Ak =

SRS B R N W 815 BENL AR A PSR S5 ML e 2 S AL 5 | A 52 B A g ) e SR N )
SrpTeR O HUAGX SRR 08 OLS [l I 7 TN B2 25 77 1 P 22 57, AR SO STk AE T, — S KRB pLas
A IR IAIC R RTINS 7 5 RT3 T A b X B P 5 S A T A% 3R, DA T A B i
b B S PR E 4R g B A BTG R AR K s TR R PR, R G LAR o S AR T L B A
SR I A3 P U FNPEA 22 b AN [RIA L 27 > A58 2 i) B FRmoes FEE A T8 R

. RIS HES R

(—) #EERE

ASBIFSE STEAN ) DX I =2 0 A g ) (g /N If I TRLBE P ) 75 SR TN, 4% I8 Faghih-Imani 25 (2017 ) | Geb-
hart 1 Noland (2014 ) 55 BUA7 SCHR AR 7 B A7) AR SO 52 M 1 52 00 42 555K A B A8 S 8 B BLAK 1 1 ]
PR DR 2R R AR AR DR 3Rl 7 B D 3R A P REE 45 28 R R LIS B I, 5 2 TR A0 % ST S I A ) 240
SIRRAE, WA Gy H Y R AR R R AR MR LA/ INIE DX B8 AT IR B R A e A A X L K B X

P TR AT R TR A 0 AL BT TR BE, X R UL B A 2R, o 75 28 R AT 40 704 ik A 728 4 Ak

H RN OLS B i FEAZ FE 754 A A BIL A8 27 > RS A A8 T BB 84k, A Lasso A0 23 i
205 A R T A BRSS9 A A R R U e b Az i RIS T U AR A SR I i B A

TP e L | MG SRAZ B 1 B H (9 IRF 17 P 51 28 P00 A6 28 A e 91 S5 sl F03000 5 T £ A P e
X LAY 1) $F i S 3] DB BAOIE | A 11T BB -2 5 BOT- A X TR A B — s A O A A
755k, an st 28 g R R R AR R AR R SE PR A rh T BE S R AR YRR B AR T
SET7 3 BTN A K BE BT AL G 0l UH o0 B 45 ] LARE— 2 il 5 5 22 DA S £ 8, (EATS JC I 0 2 R
BOJE AT B 3 Mr B TR TR A AL 7 > R AR 5k DU i T S G B2 47 o s 4 e
R PR A S TN T AR R R SRR AN ER TR

xRl FETMNFZEREFEHALER
gk | KA 1% & ey TR &R &M = R LR
TMRA X B, |RBTRMNEGZEE A Box e A2 B R
BRIEE | B . ’ - Wi & B AEA AR PR
2R U IAE,; FHE (2016) %!
FMEE EREE
B RAMCE | BE |G DHEARK TR P AL AS N TR [24]
SRR BE (AUEDHEAKE [N PR AR X 2 A4 (2016)
. L, |REBFIHEA (AT aHALTN, L | AL FASRE, KD
WA | RE | %A ADH ‘a% 7o f o Y i KA (2014) 12
E & % 5 Fvh BRI AT F
. . KAAZA T o x| & A Fo 4B R
WA | RE @ s g EEa | IR AR R o
#ET e (2015) ¢
FEHE Y
e T | % ’ % B T iR £ A 4T TR ST [ 4 [27)
REewmn | 2E SN B A T TR A% £ K INEE A 4E TR A7 B 42 (2008 )
BFI BEN Rk MAETRN A, T F iz ,
WEEI | 2F ’ N % Y i KA AR Bacciu 4 (2017) 12!
TR s Tt IR acein % (2017)




%5 8 b (OB AND S N S P €7 1620 I N PR E B B o SR 19

WLER27 > WA SO LY A e 2R e 55, ELB R S FE N W & e L B R B 2 > vp
RIS A F EAUFE R FH (Lasso) W& FH (Ridge) SZHRFmIFHL(SVM) | [BIER (DT) 45, Bb ok, — 24
BTV R 2R 2 AR A T 50 5 b ] Re TR AT P 3 ik S 4 B A 55 FE AL AR AR (RF) 2B AR PSR AR
( Gradient Boost Decision Tree , GBDT) %%

FEHE A 1 =2 B SR PN HLAT R AR K A0 2052 ) R 2R 22 A RRAIE , A SR B 2 e T SR 5 5K
T A EH bR BEse e S B/ N WA N A R (RIREAE 52 0] R 3R A 5724 B Be Al i 7 RIS i R
JAIR JEE HAb R H 2 AYERE R, AR SCIENLAR 27 ST BRI BE PR 51 05 % 18 13X — 5%, e [ A 3
P& T AMNHLES SR JEAT [R5 500 AL #2 , £0. 45 Ridge | Lasso W™ [ UA#E Y L K& RF  GBDT 1 fift £ p 455
#J Ridge Fl Lasso 7EI /DALl TH4E B2 7 T E A PL 3 RF , GBDT W A2 U5 A0 0| ELA il 5 DL 3, 76 Tl
A 7R — M MR 55 5 SRS 0 v B A 22, o SR I L AR AL 25 2 > A1 B vy g TR Pk RE AN AR
P,

BT AEU A T4 B 5 1T, Ridge $RAE T 0 X 22 5 2k [al B ( X &5 SR80 1 ) Ao fie g vk 28 D
FEAE—A TR PR B SRR B

B = argnin{ 3. (v -8, - Y= ) +AXH | (1)

AR FEST PR R B R AT AR R A SRR N Al TS B A T HE R A AR S,

Lasso [l =t 0 T 47 45 657 R BOAG [l 25 517

B = argin ) (v -8 - ;xijﬁj) A% 18 | (2)

RIRI R, Lasso 241 228048 X1 A 2 50T J7 30347 46571, Lasso 7] LU VR 2 BGHE Y Ridge 7 3%,
FETIN 5 R A AR B ) PT LU I Lasso MK pRAGE (34853 VA28 5 Al T H RBON R, AT IR B REAR
YRR E W,

RF GBDT P42 42 Rl Abs AR A FE [0 U= AR B33, [ S A B 12 2 o 50 B0 1) R i 2 () 43 S o 1 Bk 3R IX ]
(M), AR — A X R R 25 (] H RN SE 0 X 5, R i TR A Rl A R 1 e B (0 7 ] U B S
I, RF I GBDT T4 My b 1 24 [l U= 4 Dy i 7 o EL 25 5 1 B BE UL A I R 2 224 [ A 4
R DS i 285 e A R A A AR AR Bt ML 32 1 %) 20 e A8 e 5 2 A ke S DA 308 et X v A Bt ML 1
EAT 5 e AR AR RN T 25 T, < 18257 WL AR 2 X 3K LAY 14 245 471 347, 45 1) PR A5 5 F3)
{24, GBDT 2 ik Xof Z2 B (9 25 SR AEAT LR, AN R 0 2 B — RRARS S22 DA 1007 T A 8 1 B 2 vh o 2
2J0 FE LR I 05 B 2R T R R e R B

(Z) #iEixAA

AR SCHE U S TH 4 1L X 52 PR 20 H Bl 7 X L2 B 4200 H (SFBay Area Bike Share) 2013
AE8 A IFURIZE , AU BE70077 3670, I X 23 S0 i A FRALAG AN IR T 5 MLAG A8 3, 76 1H 4 1L S faf 9 |
P85 BT JR FE A5 NV X 30 T3 701 122 BRF T 9 70048 A 477, A AT 4 —2RB0R AR IH & 1l 55 ah—2F
FEAF)HAWIE T | R FH 43 LW A4 355452 ( Station-based Bike Sharing, SBBS) %53 | 43 A 4E #4886 70, 23 i
FE30 43 B S (8] IR A AT 222232 e 9 il T R T AR 23 513 R AN K1 JE BIR YGE 55422 36 5T 19
FT0, 2016418 229 3 WIH] , 1250 H % i R AR A Rl JFE B 44 9 “ Ford GoBike” (A SCHE NI H iz
HPIATE A BCE AT TN, B30 24 58 U8 2 JF R A BHls . @ ]l 300 H 38 85— T B, R TRl T ks a5
LB I FHBS TRIAS ] BRI 0, AR SCBOHE B 456 B B TR) 5 61 201348 129 H %220154F8 31 H ZARERf Ml (Y32
B, 12669959 MWLM HAR A AR f A4 PR A R G I 3R2

OF RN BT I http ://kalw. org/post/sf-bay-area-bike-share-launches-thursday#stream/0 ,
Qe LITE https : //www. kaggle. com/benhamner/ sf-bay-area-bike-share FARBUR 5



20 molk g % 5 & H 2018 4F

®2 EETEREBERSEIT

EF 4 FURIE 4 T35 AL
1D 669959 460382 | Tk T AL — A% F
Date 669950 - BLARBT ], Xy AN E B AL B ) A i A a1 68 B e B ] R A 2
oA, THRILZ T AR AR B M EBF L nt e 4 42
Station_id 669959 35 35 E %5
Bike_id 669959 427.95 | BT E %S
Station 669959 — BREE X ARANE T AELEFRELE TUSBEHTALELE
Subscription_type 669959 — B RE A EMB P FlER R P
Duration 669959 1107.95 | F 4480 et ia) K &
Temper 669959 — B RIBE AN HEANET RS FAA TR 39085 A TE B A38~84
Dew 669959 — L REE R EXHHZANAEE, FHYE LA E H13~65
Humidity 669959 — B RBAE LI 5 A ZATE, T3 B LB E 424~96
Pressure 669959 — B REE, B EX5H AT, FH A ERAATE #29.43~30. 41
Visibility 669959 — B REENE, B EX 5 ZATF, T e ERALTE A H4~20
Wind_speed 669959 — SRR, X5 A ZAEF, &G CF R R P 3 Rk LTS B 4H0~23
Cloud_cover 669959 2.78 LR=EEEER BALTEE AH0~8
Precipitation 669959 0.02 ¥ R Bk BAR B H0~3.36
Wind_dir 669959 266.61 | % KR, BALE B A0~360
Event 669959 — RAFW ALEBM, 5N AF & FH FTRFLES

E RS K LR KRR B0 R IR SATRE

WA 25 S LS P A TR ) SR B R R 2 R DA H RN 5 SR 22 A R 2\ A b i A A 0 T, 5 LA SR
PR Sk EH L AT LU B R R H R R R E A B B WA 2 e 51 BOX R 2 S
B[] R 2R AT e TAE H SRR A H B a2 B2 — 20 DL TAE H MR RS0 REAS, I 22 i s B &
JREB AL B E 2, v LA B TAE H (B H weekday 7 ) 19 3 52 80 75 SRV B 8 o 1 R R (T A )
weekend K7 ), #E—PARI T TAE B 5K B WIRFEXT R R 09520 IRl R ATHFE 2 TAE H B 7
FEAR Z2 55 KA A/ NI A5 FRATTA D3k 2 5501 o B 55 P 7 0 AF DG . — & M R A ZE AR i K R R AR
AR AR — 2k H AT AR A] R R AR B 5 1 RS, A SO T SRR g A T i Sk o
7 H A,

1200-

800 -

# of Trips

A i T A s

2014-01 2014-07 2015-01 2015-07
Date

Bl BYSHEHEZFREMNBSEMNBHBMREIEL

OE AN AR A R E BRI H AR 17 R, 43 4% B AT R H I AR %



%5 8 b (OB AND S N S P €7 1620 I N PR E B B o SR 21

weekday weeken d

Total # of Bicycle Trips
i

400-

2014-01 2014-07 2015-01 2015-07 2014-01 2014-07 2015-01 2015-07
Date

B2 TEHERRANBHEMSH=AETRENBSEMZIHMR L

# of bicycle trips
.
Sat-
& Fri-
E Thurs -
=}
3 Wed
5] ed-
=
S Tues-
>
<
A Mon-
Sun-
EEEEREEEEREERESEE RSN ERER N
Hour of Day

B3 HERSHXZHEFRENXR

I3 RE— 2548 T 13 R AN [ e ] B S 2 AT SR A 1S O, AN B s, 74 K 1 L P8 ) I A5
RIS , o SR e B e e | AR AS B/ NS R ARG SRR 15000 45 Ac Ay, WY gt 1 LA ek ] B 1 oK, R A
ARZ NG T B B 3 09, i 1] B G R BN BIE iy DA A [ 2 52 W) B 72 5 SR A FE B K ot
S I TRANER, BA IR 2 R UL RAFAE— D EFIE(E XA, 72 DX R TR RO o ey el R A
HRRE R X SRR 2 X i SRAT G ) 4 P o X T M R PR 2K TH 4 L 3 DX ) SR B Y A g 1 AR DXk
o TR IR SE R A AL 7 Hritie

(Z) EEELESSHAE

ARSORERE T ML g~ I B Y 3L 2 B A g S SR T, % T OLS Y A SCE A R 51 A S A
A A e A S R -2 S5 E] e 8 2 e A SR A AR A TR L X T OLS Ay AR L 3H Sl 7]
RO, 5 | AT figp e A e 49 DA B TR RFALE | SR ORIt U B8RP 19 728 | 3K 6705 5 5 7R B 22 AH DG P AR
AR HLPUR G R MBI A SR AR R G TE A, DRI B SR A OGRS

TR FHALAS 7 A BRI AR SO AR AT 70 2R BR AR AR (2013418 H 29 H 22201543 H30 H A, 24915
ERLMAE Y78 19% ) AT FEAS (AR I AE ) o £ X Y ZRFEAE AR SEAT 2 UL, Athey Al Imbens
(2017 ) KI5y k(BN k = 10) A BT S m 41, IR R B T REAR A BEAT BRI F 440
FBORN T B R B FARAR m AR R AR | e 2 e 4 LE AL A R S 00 38 SRR R 5% 2 F- 7 7l
B/NIBRIZHCY ASCORHLES 7 T RR I k = 100938 U IE B E .

Y 7 b BE UL TR, HIL g ) AL AT AR ) T U AL, B R R S R X T Lasso



22 molk g % 5 & H 2018 4F

il Ridge , B EE 1040 FREA A2 IR UEZ i CV 4R - AR A ZE ST iR BCR B0 N, T LRI FnALS 4
RN R /> MSE I8 AR BRI B 187 i A A o | Lasso BEARIZE SR 7 | SR /)y MSE HBUE Y Amin =
0. 005 FR FHAF IR ZHUE K Nse =0. 191, 53 BIXF R 74 Fl47 4 g e AR e, AR i R W0 ALY
Ridge %1 CV KRS N 23541, 822H13. 184 , Ridge A5 4, & 125 MBI J 754,

747472716663 59585449464436342820157 3 11111

900 f
800 ‘;‘
700 - e
600 il

500 &

400 | Im—————— . l

Coefficients

log(Lambda) log(Lambda)
B4 Lasso B9 CV X XWGIEE () FIRBERE(R)

7575757575757575757575757575757575757575 7575757575 75 75 75 75 75
900 e
Tf;.;;-i:ff‘ 30 -
g, 800 A 20|
=t i Z
« 700 Ei 5 10}
m 600 R bS]
%) i S -10 |
= O
= 500 it 20
'F'ftj - [
4007 - - : . _
2 4 6 8 10 30
log(Lambda) log(Lambda)

B5 Ridge B9 CV X XIGIFMZ&E (L) FIRETE(A)

X F RF Fl GBDT, & 5E PSR 950 2800 n =50, B 2 5 73 25 e B 19 728 B A0 m 43 3%
[10,20,30} , 735 EE ST AR O BERRAY @ B R ) BR RS m, < m AN TUNAR R, DU B3 25 B K )
Koy BB TT B E ST — A TCTEAE BT TR B K A ST n AR BN 25, X 280 s
S5 RN A R A B TN AE X GBDT, a2 2% 2T S E 1) eta {40 15 RF A1 GBDT S0 A5 b
BEFE A2 PIBRIELR 22 (RMSE ) , e 285 A 20 L 10 DAk 4 58 0 4 FR AR A9 R RN RMSE SR A 1, R K
RMSE #8/IN R 10 | 28 BH 00 A5 0 s e v 52 22 /) | 7 TN M 52 P 4 g 3000 0 SR O v EL A o R AR 3,

=, WHEFAEmNER

PR T AR T YIZREERE

®3 EETERHMRSEIT

A SIS A BRGS0 2 DA L
AT LA i H OLS AL L
WIZFEALLS UGB R AT e 2L
R>2}0. 5418, RMSE “420. 2086 , 5 421
A LR B AR AR FEAR S
T 45 B R* S 0.3638, RMSE N
24. 8286  HLUARHLEL, MR R T
B#17. 81~ H 43 i, RMSE #714. 62
AHAT RSN GRAE LS LA, I

i UEE XN DUREE T - MR- 4
R’ RMSE R? RMSE R? RMSE
0OLS 0.5418 | 20.2086 | 0.3638 | 24.8286 |-0.1780| 4.6200
Lasso 0.5392 | 20.2106 | 0.3612 | 24.8261 |-0.1780| 4.6155
5 OLS )ik | —0.0026| 0.0020 | -0.0026| —-0.0025| — —
Radge 0.4470 | 20.5515 | 0.3021 | 25.4617 |-0.1449| 4.9102
5 OLS W4z | —0.0948 | 0.3429 | -0.0617| 0.6331 — —
Random Forest| 0.9383 | 3.4719 | 0.7495 | 8.4688 |-0.1888| 4.9969
5 OLS Wiz | 0.3965 |-16.7367| 0.3857 |-16.3598] — —
Gradient Boost | 0.9812 | 0.8364 | 0.6576 | 10.8384 |-0.3236| 10.002
5 0LS W3z | 0.4394 |-19.3722] 0.2938 |-13.9902] — —




%5 8 b (OB AND S N S P €7 1620 I N PR E B B o SR 23

IRAR UL AP0 BE KR T B R 22 KT, B OLS A5 R A RE AR SN U RCR I AR 22

Xof FE ML AR 27 > B B Al 45 5 | Lasso 1 Radge X Il 25 85 AR A B T R4 S8 P A7 2 71, Rt A2 e A iy
T SRAl P A5 B A8 A AR SR | Lasso 1 Ridge 2H PN 0N (4 R> A FiF R %, RMSE A 42 FF, #2444
RACR T B AELH AT J5 T, Lasso T Y RMSE A frdg i, (H42& AR BEAN K Ridge FIINZSCRAE RMSE 1522
J5 I, AR R AE SR Bk, Lasso 55 Radge BB RIZE ST b 32 B2 A g A U AR 1t 24 13 5k 22 11 )
FOL e LB B AR U | R AR R UK T AT A AR B | AR ELRER R A0 AR R AR VA R
L AR 2 [A) ) R P P R I AN 8 Y DRI A AR B 3k AR AR ) 34

M RF Fl1 GBDT W Fh T P AL 27 > A R R T 3K 9 /R 780 o T e =2 B 42 35 SR T b =2 i
(RS TR S SR AT AR5 0 B S R e AR AR RORE AR N TT R, ISR Y R LGS OLS [l AR A AT R
R$E T, RMSE L OLS AU %15 25 45 KR R A AR ARSI 24 R ok B, RF A GBDT BEiBUAE R® 42747
B BN 239 F291H 43 i, 75 RMSE 5222 FEAIL 7 1 43 ik B 6 44 FLA  FE T e mT DLk # Lk OLS 45
FLADASIRY | 33 > A2 RS RN AEAE AR UL R AR SR T 0 J TR B A B R A 35

X} RF Fl GBDT X i MM RIHEA T LU, 76 M AT AS S5 A AR AU B R, GBDT L RF FERE A PN I 4 2%
FiEn  Hodh GBDT IREAS N RMSE A LA 50. 8364 B MAEASIMINSUR K HE , RF H GBDT fEREA S
TN AR A o RF ALY R L GBDT ALAL & 20100 H 49 45, RMSE K202, 445845 b 4h , GBDT 45t
TR REA IR 22 5REAR IR 22 0 2 BERE K, 15 310, 002 BA07 , 32 8] GBDT 1Y (1% B A7 A6 — 5 Al 3 JE U
A ln) s,

X TR e B A FROR Y R B R

ML B EBRNEEEER LT (5B LR
R [ R T80 ) 8 vt 77 A6 22 5 OLS [ ] R4 BMEZREZTRPNIZERZREER(TSZEE)

Lasso il Ridge BB LA T Bim ppas B2 %% A AH | EEMIAE | EERMA
B EH A OLS BELR REE 18 « 5 31 e A
LR Y ? fi?i@; ;fﬁzt ;; 1 RFE Gl OLS | citySan Francisco | 44.4856 | t1%t% | 104.425
GBDT A RE#A & &S 80nY R4, H A2 Al hour9. AM 37.9518 41.251
D33 4 BB S Ao R v ) R B R AR AR A AR hourd. PM 37.1078 40.289
AR T AT SE SR B Wk howr8. AM | 45.3442 45.3442
ﬁi%*%?ﬁﬂﬁ%jﬁﬂﬁﬁﬁﬂ’% Q% ( %%4) citySan Francisco | 44.3354 R A 44.3354
1,018 Lasso Al Ridge #810 THIRIO T A 1}1123: iﬁ :Z zizz H KA %
At (FE TR LR R ) 4 b e e
855 9 4. (hour8. AM , hour9. AM) HI'F 4 citySan Francisco | 36.8528 36.8528
4,5 .55 (hourd. PM, hourS. PM) i~ - R hour8. AM 25.5069 25.5069
P 0 5 WA (4 PO A B i) B AR B FER 22 Radge hourS. PM 23.8375 | ALK | 23.8375
[ {37 % ( 1H 42 13k 7 ) 48 5, RF Al GBDT how. AM__| 17. 1463 | 17.1463
A5 T FASE (sweekday]) LA (week- | hourd. PM' 16.2616 16.2616
day?) R 0K TR | 1 BE U T g
] B T fandom |77, s P — [ ineNodePurity| 22895462
TR AR B Ay Weekday7 — 1969220. 4
T DR =2 B AR SR A S ) f K B T Weekdayl - 1820289. 1
#75 k (IL#5) , OLS  Lasso Fil Ridge citySan Francisco | — | 0.2306
BOBZEW LT TR B Gradion |— 20— L
WIE A R R AR (AR F Boost [ = — T e
Aol T A A o, JH Hp sl () R AIE A i 2 B4R Weekdayl _ 00604

Fh 7 g WA IS 6] B 5 T RF AT GBDT #5580 4k



24 molk g % 5 & H 2018 4F

A BB R 2R A

AE =1 =5 i = (BT e
Tfﬁﬁ\ﬁﬂ‘lﬁjﬁﬂﬁ/ﬁfﬁfﬁ, %:ZS A= iﬁm*ﬁﬁi%%(mlo% =)

Efﬁﬁﬁ%ﬁ RF *l] GB- 7}3’;@ ;ﬁ}iﬁ- i%‘%ﬁ“@ }{f“f ,’ﬁf‘ﬁ%“]‘iéﬂs}%
b
1~5 |hour8. AM, hour5. PM, citySan Francisco, hour9. AM, hour4. PM
e fF'J N 52 N L ’ ’ ’ ’ ’
DT BEELE#F 1 1H S 1L1A OLS 6~10 |hour6. PM, hour7. AM, hourl2. PM, hour3. PM, hourl. PM
. S |3
San Jose, TERFE)2Z & 13 Lass 1~5 |hour8. AM, citySan Francisco, hourS. PM, hour9. AM, hour4. PM
BT et B TA/EH A ¥ 1 6~10 [how. PM, hour7. AM, hourl2 PM ,hour3 PM, hourl PM
E]j{glﬁ , E%/ELEI’%:‘?I—FJ: Radee 1~5 |citySan Francisco, hour8. AM, hour5S. PM, hour9. AM, hour4. PM
BT KU (wind_dir_de- & 6~10 |hour6. PM, hour7. AM, weekday3 ,weekday4 ,weekday5
B =y 1~5 |citySan Francisco,hour8. AM, hour5. PM, weekday7, weekdayl
rees) Ml 5 MR (max_ RandomF ¥ i ’ > A ¥
8 ) ? %jﬁfﬁ_ - andomrorest 6~10 |hour9. AM, hour6. PM, hourd. PM, citySan. Jose, wind_dir_degrees
t t N4
crperature. ) I lif CradientBoost 1~5 |citySan Francisco, hour8. AM, weekday7 ,hour5. PM, weekdayl
BIKKRFE ’ AT rAGIEMBOOS 610 | howo. AM , hourd. PM, wind_dir_degrees ,hour6. PM, max_temperature_f

B (/) JE
LA 1 T B R B T F AR AE AR SR AT 45 R 2 b B 1R
R 0 T R, B BT B8 R A 75 0 L 8 R B 0 T2 B 280
TS, FCUCIE ST TLBRAF 4010 B s T F R B8 B ) H o — (R A B e ss)
R AR A T 8 RS S AR B EBE , S3 DL PR3 U /I 000 5 .
SR R RE I GBI J7 2 8 UMK 5, BIE R/ P 125 AR A1 B0 o 2850 300 4 O e 5
BRI R0 L, 22 B REAR AR R SO 0 BB R, T LAy 58 S
SR B T T,

M, ZRRRE

I T 40T X B AT H 19669959 RE AR LI, 255 6 2R I ZR At d5e /N 3 [0 9 (OLS ) AL 2%
IR AH (Lasso) (W& [ (Ridge ) BEPLARAK (RF) FEAC GRS (GBDT) BRI A IR 13
LTS ) (/NI ) 7 SR TN A 5 i PR 2 RN AR R ) A R B, e, DA SR T R R SR [N 2
K IR AT OR A B A RGO B R (AR TIHA ) g [a] Be R (A8 s il
TSE) CTAERHER(JEH A —) LLRRSEAFH ZE (em i AU ) |

HR, TSR He ek R, M HES OLS  Lasso il Ridge 280 RF 1 GBDT & 48 Jli AR 70 75 il i 1 ==
BT R B BT A i AU A L BE AR A AR v 1R 25 IR 7 T, RF R GBDT 55 U £ 447 A5 78 F50300) 43+ B
RERSLE A 25 RS A DA i 22 1) (8 A A T R0 T SO 00 381 7 52 o DR 2840 B0 7927 3 S I ML 8 2 S B 7
B ERYOLF, BN, OLS AU REAZ WL ) =5 iy B (40 hour8. AM) HYH 520 , {H1Z A2 A S I R MR
H AR 52 0 2 A I sl 55 , A 1) ) 28 0 ) A R i AR AR BT 52 i U — 25l 557 3 2 OLLS B 78 A Tt il ik
PR IEE 2 h A )R B4 PR — Se B A 5 78 OLS AT e 4% v e el B 5 o R 252 PR 2% il 22 T, {2
A 8 220 W — S PR v 2R R 0 3¢ B AR s B VR A, BRI PR T OLS A7 By I RICR , 6 A1, Lasso il
Ridge BRI (140 3 AE T b BR PR fE 50 o8 22 X AR it 2 0] 47 AF 22 L 2R 0 1 O, % 148 1 22 [8] 19 28 BLAE
il = Kb XA S ) 52 B A SR B0 35 AR 0 O R B L B AR 5 OLS A

Ea e KRR 7Y Wy B 2 TP 0F PRS2y o 7 s R BN ey 8 B T o A R L ' e s | WS &
SN FEGRIR GG BRA B UIAH ¢ PRI AT R U BIF I H , T kSR e RS [R] i b AR T L A2 [ 7 ok
U 2 5 B AN, X6 A Sl A RN T AR ) 5 SR, S PR 2 0] BB R, Je AR A8 R
Xof bR AN DR A TR B (4 B8 0 RT RE O B AR TR SR A IR SE 9 0 7 SR A s a5 ) 22 R s ) B 2% AT R AE AR
LA Z INHLT] L AN PO LR 2 T AR N R e 28] L Ath @503 1) TN A 5% v | e BB 22 4 PR 2
A e VR FAMIL At P AR FOUIAAF 2 %o b 22 5 A AR TR A 5 0 DR SR8 1 ik 52 i B 0 VE



%5 8 LM, & 40 X, KT a0 RS RSN T AL B A S I A SR T 25

SE
[1]MEDDIN R,DEMAIO P. The bike sharing world map[ EB/OL]. (2007-01-01) [2017-09-10]. http://www. metrobike. net/
the-bike-sharing-world-map/.
[2 ]DEMAIO P. Bike-sharing : history ,impacts ,models or provision and future[ J]. Journal of Public Transportation, 2009 ,12(4) :41-56.
[3]CAMPBELLA ,CHERRY C,RYERSON M, et al. Factors influencing the choice of shared bicycles and shared electric bikes in
Beijing[ J ]. Transportation Research Part C,2016,67(6) :399-414.
[4]MATTSON J, GODAVARTHY R. Bike share in Fargo, North Dakota; keys to success and factors affecting ridership[ J].
Sustainable Cities and Society,2017,34(10) ;174-182.
[5]FAGHIH-IMANI A, ELURU N, EL-GENEIDY A, et al. How landuse and urban form impact bicycle flows: evidence from the
bicycle-sharing system( BIXI) in Montreal[ J]. Journal of Transport Geography,2014,41(12) ;306-314.
[6]NOSAL T, MIRANDA-MORENO. The effect of weather on the use of North American bicycle facilities: a multi-city analysis
using automatic counts[ J |. Transportation Research Part A,2014,66(8) ;213-225.
[7]GEBHART K,NOLAND R. The impact of weather conditions on hikeshare tirps in Washington D C[ J]. Transportant,2014 ,41
(6) :1205-1225.
[8 JFAGHTH-IMANI A, HAMPSHIRE R,MARLA L, et al. An empirical analysis of bike sharing usage and rebalancing: evidence
from Barcelona and Seville[ J]. Transportation Research Part A,2017,97(3) :177-191.
[9 ]RIXEYR. Station-level rorecasting of bikesharing ridership; station network effects in three U. S. systems [ J]. Transportation
Research Record ; Journal of the Transportation Research Board,2013,2387(1) :46-55.
[10]WANG X,LINDSEY G,SCHONER J,et al. Modelling bike share station activity ; effects of nearby businesses and jobs on trips
to and from stations[ J]. Journal of Urban Planing and Development,2016,142(1) :1-9.
[11] EL-ASSI W, MAHMOUD M, HABIB K. Effects of built environment and weather on bike sharing demand; a station level
analysis of commercial bike sharing in Toronto[ J]. Transportation,2017,44(3) :589-613.
[12]FISHMAN E,WASHINGTON S,HAWORTH N et al. Barriers to bikesharing; an analysis from Melbourne and Brishane[ J].
Journal of Transport Geography,2014,41(12) :325-337.
[13]COCK J. Bike share in small and medium-sized cities[ C]. Washington D C: Presentation at 2016 Transportation Research
Board Tools of the Trade Conference,2016.
[14]TANG Y,PAN H,FEI Y. Research on user’s frequency of ride in Shanghai Minhang Bikesharing System[ C]. Shanghai : World
Conference on Transport Research,2016.
[15] KASPI M, RAVIV T, TZUR M. Detection of unusable bicycles in bike-sharing systems [ J ]. The International Journal of
Management Science,2016,65(12) :10-16.
[16 JEINAV L,LEVIN ]J. Economics in the age of hig data[ J]. Science,2014,346(11) ;715-721.
[17 IMITCHELL T. Machine learning[ M ]. New York : McGraw Hill, 1997 .2.
[ 18 ] MULLAINATHAN S, SPIESS J. Machine learning; an applied econometric approach[J]. Journal of Economic Perspectives,
2017,31(2) .87-106.
[19] BAJARI P, NEKIPELOV D, RYANS P, et al. Machine learning methods for demand estimation[J]. American Economic
Review,2015,105(5) .481-485.
[20] BELLONI A,CHERNOZHUKOV V ,HANSEN C. High-dimensional methods and inference on structural and treatment effects
[J]. Journal of Economic Perspectives,2014,28(2) :29-50.
[21] BACCIU D, CARTA A, GNESI S, et al. An experience in using machine learning for short-term predictions in smart
transportation systems[ J]. Journal of Logical and Algeraic Methods in Programming,2017 ,87(2) ;:52-66.
(22X, Fie . KRB 5 2 A5 S T e ik [ ] IRAMELE B 2015 (1) :57-64.
(23] 8 M8 RRIERE. TRRIER I AEIE 477 (9 7] R Br——3 T 38 i CSSCI(2014-2015) A I FIL T ]. BB HE T
f£,2016(16) :116-120.
(24 100 AR PP JE 7775 2020 4F v [ BE I ol S B O —— T SERE TR 2 3t R BOE [ 1], BEURAL 2016 (4) 1658
-664.
(F#% 35 W)





