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Abstract

Objective: To examine whether general-purpose LLM products converge in A-share reallocation
outputs under a common policy and account setting. Methods: Two prompt conditions represented
the implementation day and a date labelled as 21 days after implementation of two selected provi-
sions from the 2026 revision of the Shanghai and Shenzhen trading rules. On 30 July 2026, ChatGPT,
Claude, and DeepSeek were queried in five fresh conversations per condition, producing 30 first-
pass JSON responses. Direction, target weights, and allocation distances were compared. Results:
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Twenty-nine responses passed the weight and cash-balance checks. In Conditions A and B, 14/15
and 10/15 responses, respectively, reduced the prompt-defined ST and *ST category. None sold the
other three risky-asset categories. Mean within-product and cross-product distances were 6.0 and
7.7 percentage points, but subgroup patterns varied. Conclusion: The sample shows local conver-
gence in the risk-warning category, alongside product differences in allocation magnitude and re-
sponses to scenario framing. Because the JSON example may have induced selective anchoring, the
findings apply only to the specified prompt framework.
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Table 1. Experimental conditions and common constraints
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Table 3. Direction frequencies by product and condition

3. B mE R R

F=fh KM ST (TR ETF (E/3L/#F) 57 7 (R /3L /H) HoAt A BRI/
ChatGPT A 0/4/1 3/0/2 0/0/5 0/0/5
ChatGPT B 0/411 0/0/5 0/0/5 0/0/5

Claude A 0/5/0 3/0/2 3/0/2 0/0/5
Claude B 0/5/0 4/0n 2/0/3 0/0/5
DeepSeek A 0/5/0 3/0/2 1/0/4 2/0/3
DeepSeek B 0/1/4 1/0/4 1/0/4 0/0/5
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[FIZ A I 2 CEN . 5 Al A o 3 2 R BE B 1] R U B R B P2 200, R e AN BURAE OG2
A — 2 K B -

J7 TR AR 0 DX T A T SRS BRI 45 R W36 4. Z54F A BISZH ELHI Dy 93.3%, Wilson 95%E {5 X ]k
70.2%~98.8%; %1f B 4 66.7%, [X [y 41.7%~84.8%; M 1E4it N 80.0%, XA 62.7%~90.5%.
PIAN G 22 TR 10 22 S AR TR B G it 2 3% (WU Fisher A5 WKE:, p=0.169). TR NHICHE 5 REIZ, %
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Table 4. Interval estimates and exact tests for direction measures
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%1k B: ST JK*ST ki 10/15 (66.7%) 41.7%~84.8%
PigtE& T ST &*ST 2 24/30 (80.0%) 62.7%~90.5%
FMEAT: SEHHA =R T2 —E% 0/30 (0.0%) 0.0%~11.4%
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S, LA McNemar R I LB, AR—300 9 24 L1 0, p<0.001. ETF LN HUAIAE AN St 2 1) 1) 25 S ik 3 L 3
(9/15 5 5/15, p=0.272).
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Table 5. Mean target weights of valid allocation vectors

F 5 BN ERENTHEFRER

7 &1 ¥ n ST ETF B FoAth A B e
ChatGPT A 5 5.0% 23.6% 10.0% 20.0% 41.4%
ChatGPT B 5 6.0% 20.0% 10.0% 20.0% 44.0%

Claude A 5 2.8% 22.6% 12.0% 20.0% 42.6%
Claude B 5 3.0% 24.0% 12.0% 20.0% 41.0%
DeepSeek A 4 0.0% 25.0% 11.25% 21.25% 42.5%
DeepSeek B 5 8.0% 21.0% 11.0% 20.0% 40.0%
IE: DeepSeek 71 A %5 3 IR [EIZ A H bR & it 90% M ANHEAADR s HoAth 20 473 I % Jigs H AR TH5,  RAE

PRERLE N TAZIE

MERIUE R, 45 A LA 6 4y I H R R ) ST Je*ST %7285 Hhs 84 15 0%, 2%1F B A
31 ZAF B 4R 2 5 1 Bk H DeepSeek 11 4 IR 10% H br 47, 43 S HUE FHIEH B A7

ETF J7 T, ChatGPT ()74 HAx &L H 23.6%P% % 20.0%, DeepSeek FH 25.0%F4 %= 21.0%, fij Claude
M 22.6%F+ % 24.0%. FiGAL7E ChatGPT HR% )y 10%, Claude P/M2&141°% 12%, DeepSeek £
11%. [A]—BURMBHE A ST RME— 1) “BURZMHE” « KB RE =B 077 LS, ETF F%AE
S5 R) B2 52 it B 2% 10060 S ) W DA i 7 it N 5 1T 5
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%A B R 2/5 54 AH ] . i W R 7 M 441 5 B 43 i ChatGPT 4444 A 60%. %414 B 80%, Claude
4 60%71 40%, DeepSeek Jy 400671 80%. “[A]—/™ il B MIZ RS E " RAEF I 7= 2% A Hh RS L . 77 il
P R e AR bR L 6.

Table 6. Within-product repetition stability
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ChatGPT A 5 60% 20% 5.1 5.0
ChatGPT B 5 80% 80% 2.0 0
Claude A 5 60% 20% 7.6 7.5
Claude B 5 40% 40% 8.0 7.5
DeepSeek A 4 40% 50% 11.7 10.0
DeepSeek B 5 80% 80% 4.0 0

VE: J7I A PR A A s EARAL A LA B B OB A RO . fe R L E AR AL o A% T H AR B AL
SEA—HUN; 5 A R B S AFER, IZE Y 20%. B B AN 2 R

CRFTA ARG, P AR B IR E N 6.0 NE /A, B IR A 7.7 MES A &0
A BIFEENS B FE aEE RS 430N 7.6 A1 8.5, & B il 4.7 F1 7.0 sk b, [F— i B AR G RSN
P, {H Claude 251 B AL PR 801514 8.0, & Tl or i 7= Shle Xt o IX RN BRI 7= i P 42200
T A i AR o P28 B B AR 22 1.70 AN 20 o T IX SU R B8 L = [m] — L[R2, AR IO FEA AL,
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%N 21130, ETF Bk 357 14252 25 X HOARH 2 M (T5) v 15/30; B 7B, T2 fem, N 27/30, T1
55 T4 %4 22/30, T3 4 13/30, T5 4 6/30. 24/30 173 [AI By Fr KU = 7= 200, 25/30 43 7E YR SR AR 48 h
BB 12 8 500 5 R B B AT U I R 2ok

TS FEAN A= it 2 ) (R 22 AR o 1% 32 A PR SR AR o (¥ i b 423 5l ChatGPT 2 k. Claude 9 X+
DeepSeek 4 &, ELERKE 2058 17k, 3 A 2 k. ChatGPT FERSEMKHEH#E M T1 L 9k, (HEEE
B H R 3 ks Claude 1 DeepSeek 7 =5 2 KUK H U 43 1) 4 A 10 Y0F1 9 k. EHUERT I, AS[FEF=5e
ORI 2815 B R 7 B o 31X B 3 g A e s B S0, ANREARRAR AL Py S B

Table 7. Theme frequencies in decision bases and main risks

F 7. RRKIES EER A EB & h gk

. VeSRAKIE ChatGPT/Claude/DeepSeek EEXE ChatGPT/Claude/DeepSeek

&) &)
T1 ST #3805 47K 9/10/6 (25) 3/10/9 (22)
T2 {5 B4R 5BUR R SAH € 10/6/5 (21) 9/10/8 (27)
T3 25 Bkl 5 ah b 5/10/6 (21) 5/4/4 (13)
T4 HELAR. BRSHL2RA 10/9/6 (25) 9/6/7 (22)
T5 ETF Bl i 1) 48252 2 S AN & 1t 2/9/4 (15) 1/3/12 (6)
W SRR I B A B, FEA TR, &F G 30; T XAgISIEN, 3.4 5.

5. g
5.1. REERAF AR LR EHIBER]

ARE AR B 7 AT ) B G XS 2 7 % 77 Sl ROk 6 D7 T e e o BB Al B v 1 2R ST *ST IR
Hkgkia FFR, [ 1 10%0146 A AL @ DER BN T 8. 264F A 1 14/15 i[RI 2 sz, it
HTEIX — 4RSS, = ANP= Sh s 48 1R 7 1 e XU WA 4 222340

EARERE RS, JSON /Rl [EI 5 bk ETF. ZRi BONILAl A B4yt 7 50T 5, {H 30 3 [l B fEX =
RGP B RIS, R IR R IEUE R F B . X — 45 R T AU S IE M —
FRBERI P REME . SRTAT, ST B /=25 5 $7m ial v )RR e R N LBz, (DA ReHE R R ME 5 BUR 1 XL
LT SRR B PER E  RE R B2 3 A R AD N TR R R R B = 200 7 A R R A =2
PR E 2K, K 30 B IN . FRZRME McNemar KSRGS IR R, 24 9y [R1% HORER TS, R
FETE A 0 4, p < 0.001; DARIZ ML, HoAth =88 =98 Ly 0/30, Wilson 95% % {5 X [A] I
FoN 11.4%.

IX LR B 7 AR 6 20 L o TSR 2 SCEE R AR XU R I 5, S il AR K P A= BB SR S A “ST R*ST
MEEE 10%” , WA BRE FA - %S AT BE A B AR 0458 A AR ik S i 8 2R o G 1 FL At AR e SRR 6 i
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