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Abstract

Research on data asset valuation can support the development of the digital economy, optimize re-
source allocation, standardize industries, and enhance national competitiveness at a macro level,
playing a significant role in promoting the digital transformation of society and the economy. In the
process of data asset valuation, numerous complex issues arise, such as data heterogeneity, time
series feature mining, high-dimensional and complex data, lack of universal valuation standards,
and the impact of sudden external events. A hybrid machine learning model combining hierarchical
clustering and long short-term memory (LSTM) clusters heterogeneous data into groups through
hierarchical clustering, and LSTM mines temporal features within each cluster to handle high-di-
mensional and complex data. By formulating valuation standards, it quickly adapts to sudden changes,
effectively addressing these various complex issues.
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FRALATEE R HARILAN 3], EXAR B A AR, SIBRE 2 E RIS, s R R (A A
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T VLA I BIRAGEAR R, RIS AN S HIE, SRR D BRI T 5(E BT 2% S sy
B, PZARBERRE S EZ RIM B A OC R, WIS B B 5 P~ kB [5]. AT AL B 25 M %idE, et
PAE G TR LR I E IR BN R 2, B i (i ROk 7R P RO R o o DL = e 20 [ U3 43 B A 28
T2 P AT I R 28 A BT AR AR

5] U1 23 BT AR e — i i S ST AR AR R R — AN AN AR R S AR R W R R TTE. B
BT IECHE, S aHR AR B R R AR R 5, AT S X R 3 P ) B 6o A o ) % AR RO
FEAFE. MEEE. 2R AR R . P AR A T RRAE S I R A e
REFATE . SRR EW, & TERAMRRE, THEE RS, EXERRES N E R I PR
R, REMOEAR AL R (AT BB S E R MR, SePRIE I X Pk R AT e
ST, LRV IR AR TG HE i S SO P Y B SEAE . 22 TRl VA ASE B A0 VPO % 7= R AE 5 I (B 2 )
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HAE, %0 RNN (E1ER0 T KRB0 BRI inl R, SEONSRIR e, LS I KT o KR R . K
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BEIERREI 6], TR B il R, X 75 ZA I ER B AT IO B B2 77, Ak v g 5022 2 Bl
LSTM ] LLEE b R F 77 S045 Bt AT IME VP AT . (R e g5 MM 2 2%, IASEERZ, THREBAR
T, BRI SRR R AL R R
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B KA E REMIRI 4o FEANE R, RIS EOE BT R, AR BE B A — 2K, SRER 2R
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TERME, EEA NI RBUR, NWIERE T OBUK, AEIYIGE AT e 2 BN R 2R 45
o JBUCRRBRLEIS MERIE I RIREEN, BDE BRI A, TR RE R RRT]. R
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TET R R B I (8] PP SRR, 8 G 17 A e 420 18] P BB I R XE, B v 1 AL I R R AN
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B P ], THL R P SEAT O MU A S RRAE, AR B SRR X R R R
WEIIE 2Nk, RSN R E TN AR, B AN R RO A BT, ST H B A0
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LR TR TR O B (i TR SAAE, IR B RS, SERINGRRER, WD N 2R FT 7 AR [ RO %
YE[12].

ZACBE AT IR A BAT AR ARE ST, BT L3S R [F R RO o A R E AR A . AR S
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HE s USRS B P R I 2 e FE RO, SRR PR T SR 1 S AR (B = B R R
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3) JREHK

EHEREE: EREENZEIREIRAL, W AgglomerativeClustering. 1ZH 52— B JE M LR
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SRS, (2) &Ik BUOERd, RIABEEBITMHAE, PR EIE IR — . 3) &
WEEES: SIFEE, EHRKEZAMES . BB A 2R, AR T BT A AR ) R
) AR (M AR P B IS REAS IR BT ) | P S B (P AN o T R AR B RS T M) A . DR IR(2) M
(3): FL BT T A7 B il 2 FLA A5 LB %A

7t sklearn EH FISEHIR: (1) FNDEERE: FE TN sklearn.cluster 1] AgglomerativeClustering
Ko (2) MERKE: KEGR BB G S ABR A%, @R Z D TR, BATRE R, 5
RE—ARHE. (3) @M. WEBEK S, ke, R, 8%, ) ek,
T FHAE A5 T OO ST AL BEAT U 2. (5) IRMURSREE R BB labels J&VESRIUEEMEA 1) SRR bR
%o (6) MIERESHE: MERENRESE, WNRNEE. MAEENRIKEERE. 2 ieh <) Mg
By (e . SRR PIBERSE). WT LB I BRI B0 R R SR T R B IR AR (14

4) LSTM #2511 2%

RS NTEAEE, BEIEEEES LSTM SRR M 8] 770tk . i, 7720 80E
B =Y E DA%, MG, RAE#] .

PRI AT > LSTM Y. MR A5 LSTM 2. RHEEES . AT LURYE Bk
5L R ) S5 K FI S8

BRI SR Al AR SRR A X 0T REFK) LSTM AU BEAT U o mT LAGE FH 3o S R M P B R P
WAL S .

5) BRS04

BEARIPPAG: f AP AR (3 7 iR Z(MSE) P48 5 2 (MAE) 20 X 55> LSTM BEAUE1TPR A,
DA B AR B MR RE[15]

B AR R B AN AR, W LS BA MR TV 16]: 14 LSTM BB S5 IS4, s
I LSTM EHI . 7eH. %N Dropout 72455 . XA EVCRESH, URMBEGERRREER . 1N
I ZREE B B AT 2 1 g

6) T 5 ftfE

BRI SRR EE AT AL, AARIEVE. RIS, PRI SRR, L 5II 28 0E R
A FR R A% AR BE[17]0 SESETI . A ISR AF 1 )2 IR SR SRR Tl B e P 8 11 528

AR TIN5 S 02 SR 25 LSTM A5 %ot 3 B idb A7 Ak B T

7) BRI S R

RERUHRE KR AR F 8 B A P IR oy, ol FL RS SIZ I A BRI (0 5040 I B AT A (E T . AR
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1. SIS S5 %

1) SEE6HdE

Hlmde: HERYUIE PG EE (S 2018~2023 B VESRIR), 5 LR RHE:

FRSHRFIE: BPER . IR B A/ /1K)

BNASFHE: A EEICFIC (N R FIKEE =24), [EHFS 2L

PR&s: BE B I ECGE TR VAT BRI AR 3 AE T 25 BLAE)

Bkl or: DIZREE: 3000 25(5 2000 25 1EH 2 + 1000 25 mdishBdi). AiE4E: 800 45 Mik4E:

1200 %%

2) Wy

A LSTM (B AR HE) . BEXESR + LHERIHMHC + LR). K-Means + LSTM (KM +
LSTM)

LTV WARTE(DCF) Tk b A 23038 58 5 A i)

3) v FEPR

BITRZEMSE) PRI IRZE(MAE). $E 2 E(R?)

2. IREIIAL vs LAY/ 28 U5 1R RN b SRS

1) HRAYELE

FEIRERSH: FIEN AgglomerativeClustering (FEES S & = RRIREEE, #4455 = ward, &&=
=3)

LSTM Z¥: EH0N 2 )2, BBH 79 100 units (3 1 )2), 50 units (3 2 )2) BPHEIEK Y 120 4K
R Adam (2% =1e—-3)

2) ISR, WAL 1. MRS R

Table 1. Results of the comparative experiment

1. LSRR

Tk MSE MAE R? VIZRET A (#D)
IR A HAI(HC + LSTM) 0.028 0.019 0.92 185
HL_LSTM 0.045 0.032 0.85 152
HC + LR 0.061 0.048 0.78 45
KM + LSTM 0.035 0.026 0.89 168
W ik 0.123 0.091 0.62
Wik 0.105 0.083 0.68

3) &R

FEFEAR S JRAMA MSE ¥ — LSTM [4#1 37.8%, LTI 73.3%, RHZEVCREM > HE
EHRTET LSTM it 5 Sl B (1 i g

RCRAUT: IRA I ZRA (A BB — LSTM 390 21.7%, (HREFEIRTH G, 1B 4> 4L R I aa
TR .

SRR PR WREEAN T IR R TGVE A B A I AR, R 22 B3 T L3 5 S s

3. JRUCRIESHO Y M B 1) 500 S B
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) ZHAR: BEREK=2,3,4,5). EERKKER. SRUEEE. RZER). 877 (vard.
average. complete)

2) SERAEFEGIRE MSE), W4 2. 4R

Table 2. Result matrix

2. GEREE
EHE EEEE HETR MSE R?
2 WK PR Y ward 0.034 0.88
3 R EG B 25 ward 0.028 0.92
4 KK FGHE 25 ward 0.031 0.90
5 RIS B IEE B ward 0.035 0.87
3 S By ward 0.033 0.89
3 AR 5% EE B ward 0.030 0.91
3 BK PG By average 0.032 0.90
3 KK EG B 25 complete 0.036 0.86

3) KEERI

R : K=3 K MSE ffk, R 3 MEEHE@EEH. P EH. ®EHAETE),
HZREFBORRREAREAL, SO NTE350 8 R,

PRESFE R WKICRE BT 2 e dile B AR 5L BE B, NSRRI T S B M, K PG B TR R I
M A 25 5 o

RT3 ward BEBR(IR/IMURR N 7 2 8UR i, FFATRAEEAL “REA R BB IR,

4. LSTM ZH0f k55

1) L

Bl J2 B T $(50, 100, 150) B2 (6, 12, 18, 24). IEN{L R ¥ (L2 =0, 0.001, 0.01)

2) SERAEFECIESE MSE), W3 3: SR LS R I

Table 3. Parameter tuning result matrix

3. SROPREREN

Rt TT iEREIPIZS S L2 IEM MSE A TR E(VIZR/RAE MSE H)
50 12 0 0.035 1.12
100 12 0 0.028 1.05
150 12 0 0.031 1.20 I A
100 6 0 0.042 1.03
100 18 0 0.034 1.07
100 24 0 0.038 1.09
100 12 0.001 0.030 1.04
100 12 0.01 0.033 1.02

3) KA
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BB B e 100 units B IGEEE MSE &%, #4012 150 units SEGT L& Z/%0E MSE b > 1.2).

WK 12 BOGRL 1 ERID R, 56 5)ER KK, TK4 )5 A,

IERE: L2 =0.001 BFARGRAMGIE A, (R ifidh D ERE R, BRI IE Ak 5 P4

5. Bl BRI (R KA AL

1) I

FEMREEFTEN “BURBCE " HAHCE 18 N H), N ARG E X2 7 B PP (BB SO0 et A
E ).

Xif EE VR A b B — LSTM 78 FHAE 1l i (0 7 % 222814k,

2) RIS, WA 4: BHESE N ARt gk

Table 4. Dynamic adaptability test comparison results

4. ETSEN MR AR

BRI HRT MSE Ht 5 MSE REWIE
RABH 0.027 0.031 14.8%
H_LSTM 0.043 0.068 58.1%

3) 4rifr

TRE R R R R SN v AR 25 B 4L, LSTM AT HRsaly S 1% % ) S A4k, R ZE HEIR A H2
— LSTM [f] 25.5%, R ZUHLEIST: 7R Jo & 57 4 1A o S BE A o

6. BXREBRE LSTM iR SR AEERIE
6.1. BXBEE LSTM BthE

JARERERE LSTM {EIR &AL T BB AN F] 56 5, 183 B 45 0 R I 5 16 [8) 3 21 A K B &
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