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Abstract

The financial service platform of commercial companies usually has hundreds of millions of
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customers. The huge user group makes it inevitable to touch a large amount of capital inflow and
outflow every day in its service scenario, and the pressure on capital control is also increasing.
In the current macroeconomic environment and current situation, it is very necessary to predict
the scale of future capital flow in order to ensure that capital management is within a controllable
range. The existing literature shows that there are many models that can make relevant predic-
tions in practical operation. ARIMA model based on statistical method, periodic factor time series
prediction model and LSTM time series prediction model based on neural network are widely
used. Taking the user capital flow of Yu’e Bao platform as the background, by comparing the ap-
plicable conditions, advantages and limitations of the above three different capital flow prediction
models, this paper attempts to compare and analyze a more accurate and effective capital inflow
and outflow prediction model under different conditions, which is close to the real value of future
capital flow to the greatest extent, so as to better carry out the operation and management of en-
terprises.
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Figure 1. Specific flow chart of time series model
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Figure 2. Flow chart of periodic factor prediction
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Figure 3. Time series of total daily purchases and redeems
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Table 1. Numerical statistics before and after difference

F 1. EDREREST

Ehlape

(purchase)
ZEOHN(T 1) -1.590
Z5y 5 (T H) —7.947

B[]
(redeem)
-1.372

-11.692

giitaiR

ISR

DOI: 10.12677/fin.2022.123027 270


https://doi.org/10.12677/fin.2022.123027

R, K

i1 L& ADF “PRaVERE IR #3, (R AT (8] 514 R ARIMA SEAT I, &S Hd v 1, RIFE
BEAT—Fr 22y, PRAEEEE N TR P 95 fEBEAT LA [12]

FRAE N EIRRI S, A SRR XA BEAT S AT, Dy 1 S L A U W TR g TN £
SRR 1 SRl BT XS LN ] 5 FNE 6 Bk iRz .

1e8 Purchase Prediction
4.0 ———
— M

3.5

3.0

25

2.0

15

2014-’08-02 2014-’08-09 2014-b8-16 2014-‘08-23 2014-’08-30
Figure 5. Prediction comparison of purchase model
5. FAMAARBITINIT L
1e8 Redeem Prediction
— T

4.5 — A%
4.0

3.5 4

3.0 4

2.5

2.0 4

1.5 4

2014-:]8-02 2014-‘08-09 2014-;)8-16 2014-‘08-23 2014-‘08-30

Figure 6. Comparison of redemption model predictions

6. TEEIER TS EL

ARIMA HRRIFE L 220y e R R B v 1 KGR, DR s 22 70 Jm Bl NP A, MUER th SN i .
T ARMA BERYRAE G 27 (A IEEOR N, I8 AR L R B H—, AEF R R SN [T
B, RNz, RSP SO s AT DAEATIE L, AN 2 2 1 2 Mot mT A
GRS A S B HUEAE P HE  (BRIN A AE 5 R PR : 556, ARMA 7 22 5 Bt 2 FasE 1,
TMELSE P s K2 0L T #0A B CROES, RS2 TR, HIK, ARIMA BRDYZEPERIR, Joik
REFRARLPERI R AR

PRt b, 2 HRERRK AR S8, EH ARIMA R AT SR ECE O 70, 40 an e il A
o MBS G s, ORI, RO AL SRR, (HR BT RAF A 1, R
KB REIE T I S ELR , Fr AT 5 R0 5 5 i AT 1) — e de, X A e AR oy CRME f%

DOI: 10.12677/fin.2022.123027 271 G


https://doi.org/10.12677/fin.2022.123027

R, Kk

N BT o, B e B2 R A — AR i, DR BB PR S s vh el DA HS T S R A AR e P, &
Hr 2 RIERARIR R M TSR, /TR R & T %, M ISR RN AR R AR L M — 2R AFH A [13]

FEAE ] Prophet AR BEAT FIS , KE I ZRA1IEHE AN Prophet BEARY RIS 2IVF 2 240, A& 7 HUMEM
IR, @Hm BT RS, FAANTIAR I 7 518 8 Fras, s 7K LT REhEE, [
WO TRA R, RHEPEE TFZ IR KA RS, ERE SRS E, ARSI

/= v
AAFTEIN T R .
1e9
1.0
.
-
0.8 1 *
.
.
.
- . -
.
0.6 o L.
. .
.
s e :'
,.o.. A . i t
- 044 . * L , o "‘ LYY
5 ‘ d'd “ { o f . e® o
. A s ce 8 |'I » ' I\ A
- . AR | § c‘:'. l‘ I "
.21 o \L
)i i ‘Eal ) . . 0.. . Qo“oo$:‘
) \d li'!‘ e . . .
ief) B WA Cale 4 .
X t'I s > ) .
o g L
0.0 ”un"'
-0.2 1
T T T T T T T
2013-08 2013-10 2013-12 2014-02 2014-04 2014-06 2014-08
ds

Figure 7. Forecast results of purchase model prophet
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Figure 8. Prediction results of redemption model prophet
8. MEEIFEEAY prophet FMI4E R

2014-06

2014-08

DOI: 10.12677/fin.2022.123027 272

Sl


https://doi.org/10.12677/fin.2022.123027

R, K

BT Prophet F4E 5 ARIMA #AI% L4014 9 7T LA Hi Prophet 5 ARIMA AL 30L& 2R AH
ZEANK, IR A FE B FR ) 2 1) ) 39 1k (weekday) T LAR BIUF 7 8 — J 2 PR IS [ B ) A 04T R L —
SE R, WP 10 FioR, %I weekday $FIF& L e 15 a0 F EBFTRIGEE, TUEHE—, F1H
FURIE R %, A ORI 7S AR A . AR R AR MR R B AT A, R L 7S B AR
s PE R BRI, DA A R RAE L, K A P e B AE ] — B AT R IEAT AT A
ERRAEA R

I, AR weekday s& AR B SLRRAE, R TR ARG B R R B AR N

les Redeem Prediction

375 —— ARIMA

~— PROPHET

350

325

300

275

250

225

200

0 5 10 15 20 25 30
Figure 9. Prediction results of redemption volume by prophet and ARIMA models
[& 9. Prophet 5 ARIMA 1R B x5 =] £ 7ML R

le8

2.5

20

0.5

0.0

=3 — o~ < v =

o
weekday

Figure 10. Subscription quantity of users at different times of the
week (0 for Monday, 6 for Sunday)

10. APE—ATENERNRBHEO0 KKEA—, 6 KEKAH)

St Bk, T RERSEAAE DR LR A FIEAT Dy, DA A IR I 6] e S
RIBEAT T o B0 B AL BT, 7 Z A 8 AR R AR, base 7] AL 1~30 5 -T2
B, REFAMETEAMER. R LA RO, w B SR T weekday, FHTHH 1 5 ®

DOI: 10.12677/fin.2022.123027 273 &k


https://doi.org/10.12677/fin.2022.123027

R, Kk

30 SHIIME . T BRI, TR H AN 2252 3 IR F weekday FIR20, IR E 41T weekday
FEAEH IR, G A R 1% T4 H A 0 5200 )5 B2 BB A base, BeZARYETE H ¥ base 1
JE R AT 0

EH T FH 35 DAL 1 1) D7 9k AT T 7 S ORUE R SR R A E 1, MRS 18] 52 41 4 i vl LA, 7E 2014
fE 4 A2 RSB T RS, RIUILEE 14 4 4 A 2 7 A 08EEEA7 B R 715, IF e AT A S 7 .
11 PR, MREEIX — B P A — 2 A R S R R R S 1 LU AR A — 2= A 0 A
+, HA1 purchase_weekday 5 redeem_weekday 737403 FH P Hi ) & 5 B2 [ & 1) R AT 5, A7 DA SR EE
e A —EdE R, TR NS A H REUER XN

weekday total purchase_amt total redeem_amt purchase_weekday redeem_weekday

3.051540e+08 3.265439¢+08 1.144828 1.207637
3.196807¢+08 3.241037¢+08 1.199327 1.198612
3.184404¢+08 3.061689¢+08 1.194674 1.132285
3.133585e+08 2.831733e+08 1.175609 1.047242
2.299973¢+08 2.616254¢+08 0.862867 0.967552
1.845509¢e+08 1.841879¢+08 0.692369 0.681170
1.857371 e+08 2.009762¢+08 0.696819 0.743258

Figure 11. Calculation results of cycle factor from Monday to Sunday
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19 20140820 202452782 3.667637e+08 3.368338e+08 2.734537e+08
20 20140821 219963356 3.250149e+08 3.218885e+08 2.999168e+08
21 20140822 179349206 2.691236e+08 3.114307e+08 2.888634e+08
22 20140823 199377531 2.431140e+08 2.584433e+08 1.825151 e+08
23 20140824 191080151 2.679043e+08 2.793633e+08 2.160129e+08
24 20140825 312413411 3.233618e+08 3.637388e+08 4.021412e+08
25 20140826 285478563 3.708084e+08 3.402388e+08 3.758404e+08
26 20140827 468164147 3.730768e+08 3.396620e+08 3.347667e+08
27 20140828 297893861 3.302606e+08 3.247167e+08 3.400234e+08
28 20140829 273756380 2.747714e+08 3.142589e+08 2.740325e+08
29 20140830 196374134 2.483750e+08 2.612715e+08 1.996526e+08
30 20140831 292943033 2.723341e+08 2.821915e+08 1.445073e+08

Figure 13. Prediction results of three prediction models for
purchase volume
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2

EfER, 5K

W

Hi¥ HRfE TRHIAE 1 TE 2 T 3

0 20140801 374884735 1.628878e+08 1.954628e+08 2.453163e+08

1 20140802 189092130 1.619184e+08 1.465113e+08 1.611562e+08
2 20140803 173825307 1.420908e+08 1.5199276+08 1.835701 e+08
20140804 330640884 2.552046e+08 2.577739¢+08 3.204993e+08
20140805 394780870 2.730722e+08 2.605084e+08  3.634024e+08
5 20140806 288821016 2.822255¢+08 2.501066e+08 3.278816e+08
6 20140807 247646474 2.609463e+08 2.324709e+08 3.023670e+08
7 20140808 233903717 1.702575e+08 1.886268e+08 2.573845e+08
8 20140809 160262764 1.866837¢+08 1.306754e+08 2.061097e+08
9 20140810 259534870 1.813714e+08 1.4515686+08 2.1529656+08
10 20140811 331550471 2.481092¢+08 2.509380e+08 3.027532e+08
11 20140812 258493673 3.052341e+08 2.536725¢+08 3.278202¢+08
12 20140813 261506619 2.7925846+08 2432707e+08 3.042480e+08
13 20140814 257702660 2.706180e+08 2.256349¢+08 2.960202e+08
14 20140815 244551620 1.879540e+08 1.817909e+08 2.511052e+08
15 20140816 215050736 1.768588¢+08 1.328304e+08 2.207643e+08
16 20140817 149978271 2.052205¢+08 1.383208¢+08 1.7246556+08
17 20140818 208499146 2.308047e+08 2.441020e+08 3.000174e+08
18 20140819 266401973 3.121457¢+08 2.4683650+08 3.485280e+08
19 20140820 308378692 2.881774e+08 2.364347e+08 3.710191e+08
20 20140821 251763517 2.611745¢+08 2.1879906+08 3.2510226+08
21 20140822 246316056 2.0723316+08 1.749549¢+08 2.060963¢+08
22 20140823 141412027 1.691544e+08 1.260035¢+08 1.670538e+08
23 20140824 130195484 2.142768¢+08 1.314849¢+08 1.6438356+08
24 20140825 300574223 2.454600e+08 2.372661e+08 2.640109¢+08
25 20140826 306945089 3.047323¢+08 2.4000066+08 2.9857556+08
26 20140827 302194801 3.026536e+08 2.205988¢+08 2.978451 e+08
27 20140828 245082751 2.528906e+08 2.119630e+08 3.171194e+08
28 20140829 267554713 2.169488e+08 1.681190e+08 2.097128e+08
29 20140830 199708772 1.736732e+08 1.191675¢+08 1.622823e+08
30 20140831 275090213 2.111984e+08 1.246489e+08 1.010333e+08
Figurel4. The prediction results of three prediction models for
redemption volume
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