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Abstract

Under the background of high-quality development and the cultivation of new quality productive
forces, monthly output fluctuations of key industrial products can reflect technological diffusion, in-
dustrial-chain dynamics and structural substitution. Based on public monthly industrial production
statistics by the National Bureau of Statistics, this paper constructs a product-month short panel of
key industrial products and enriches the feature space with external monthly indicators, including
the breadth of products with positive growth, product sales ratio, export delivery growth and the high-
tech manufacturing premium. A combined framework of dynamic fixed effects, category heterogene-
ity tests, regularized regression and constrained ensemble learning is used to examine growth differ-
entiation, predictive errors and model robustness across product groups. The results indicate that
products related to new-quality productive forces usually show stronger growth, while some of them
also exhibit higher volatility and larger forecasting risk. For short-term prediction, product-specific
lagged growth remains the most stable signal, whereas external monthly indicators help describe
macro-industrial conditions and reduce interpretive ambiguity. The contribution of this paper lies in
strengthening industrial monitoring with product-level data, external monthly variables and struc-
tured error decomposition rather than merely adding algorithms.
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Table 1. Data sources and sample structure
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Table 2. Variable definitions and model entry methods
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Table 3. Monthly industrial cyclical variables and product diffusion breadth
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Table 4. Descriptive statistics of YoY growth by different product categories
F 4. NE~mAEHHE L gER R gt

5 ¥ W ¥E P hEE P10 P90 Wik e
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Hreness 6 60 5.36 3.60 13.47 -9.56 18.53 38.3%
HoAth Tl 2 20 5.30 2.85 9.27 -3.61 18.41 35.0%
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Figure 1. Mean and volatility of YOY growth by different product categories
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Table 5. Top ten products by average YoY growth
= 5. TR IGERHEE A HHY 7
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Table 6. Estimates of product fixed-effects model
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HL T B A i 2 L 0.858 1.533 0.560 0.576

T RAPRZVERRCE O #RIRAE 1% R E AT FREE(p <0.01).
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Fle XG5 R UL Sk (LRI 2 BAR T IR bR, (E I SE AL 55 T ¥ /AL el Aa s i, TIRE
HIUH AT BHUTZE T R ONIBCRTT R R Z A K LI 5, S KA ST mrml B
B BB H AR Y i, R IIR R E RIS W . ISR IR 7.
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Table 7. Heterogeneous moderation of growth inertia by product category

F 7. FREHIEKIGEFRRMEIET

ZE E-34 PR t {8 pfE

B — W S 0.708%** 0.176 4.026 0.000

H Tk < #if5 -0.051 0.248 -0.205 0.838
HrBneses x wa -0.099 0.171 -0.581 0.562
SO EER x e -0.041 0.212 -0.195 0.845
SOREIREER x WS —0.389%* 0.163 -2.379 0.018
RElRAL T x Wi )5 -0.133 0.259 -0.513 0.608

T RAPRZVERRCSE O, #RIRAE 1% R E AT FREF(p <0.01), **FRIRAE 5% R FE VKT T 23 (p <0.05).

5.3. BEHETMELR

BA HIAE T 45 B R, Elastic Net BUS B 48 5K B, RMSE N 6.567, MAE A 4.622, R>40.371;
B EE SR TF RIBEALAR AR 2351 LA 6.578 F1 6.631 1) RMSE KRt )5 . 5 Naive —Biff j5 ZE#EMI LL, Elastic Net
) RMSE F[%%7 10.6%, MAE T2y 5.3%, BEEIMAF ISR 7= A2 M H NS R, B
RUBSZIRAE T By AR R AN HE RO (S B 25 . Ridge. ZhASE RN OLS Ml Huber Fafd[m] )RG5 T
Elastic Net, FKUTE= B IVER . 2008 S0 528 2L M E NRRIERE PERT, PRall L2 Fe 4 slRa (g 2k
AR DR PR GGHRFAEFNSL LR ) f . REAY LR & SR L2 8 AT 2,

Table 8. Holdout set predictive performance comparison

7 8. BHSRATUN T RELLAL

AR RMSE MAE R? Bias
ElasticNetCV 6.567 4.622 0.371 2.165
GradientBoosting 6.578 4.519 0.369 2.448
RandomForest 6.631 4.654 0.359 1.993
Naive lagl 7.343 4.882 0.214 1.361
RidgeCV 8.067 5.875 0.051 2.244
Dynamic FE OLS 8.215 5.981 0.016 2.241
Huber Robust 8.373 5.989 —-0.022 3.357

ElasticNetCV
GradientBoosting
RandomForest
Naive_lagl
RidgeCV
Dynamic_FE_OLS

Huber_Robust

RMSE

Figure 2. RMSE comparison of holdout set models, Nov.-Dec. 2025
2.2025 £ 11~12 A B SRS RMSE LB

5.4. REIEES A HREMXIE
R AIRIE R IR, FREHRTH T4 RMSE A 7.174, BEKT Ridge HI 7.279. ZhA[E 2R3 OLS
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7.384 1 Naive FEHEY) 7.384. 5 HAE, RN ISR E DU E w5280, SR H RS
Yist, WRERIRBRIEAE A fr b N ifRsE . BEEESETHN CV RMSE #aifE %4 1.642, KT Naive 4
#ER 2.057, T BA R ZE P AN AR PT 4% (R BIEEE AR, RTINS AT T ARt AR LR AL T R
AL SRR R . S5 A AR, A Elastic Net {E AT iR AL, W06 HETHE N AR
PR TE AR . IRBNISIESE R W& 9 FIE] 3.

Table 9. Rolling-origin cross-validation results

9. R/ XMIEER

R CV RMSE #j{4 CV RMSE 1712 CV MAE ¥/1& CV R* %1
GradientBoosting 7.174 1.642 4.864 0.369
RidgeCV 7.279 1.497 5.078 0.355
Dynamic_FE_OLS 7.384 1.340 5.138 0.335
Naive lagl 7.384 2.057 5.012 0.323

GradientBoosting 1

RidgeCV 1

Dynamic_FE_OLS A

Naive_lagl 4 t - —® : : .
5 6 7 8 9 10
RHNILAHCV RMSEMIHE + b

Figure 3. Mean and standard deviation of RMSE in rolling-origin validation

[ 3. Rapie mIIERY RMSE H{ESHREE

77 il E Bootstrap 45 B2 B, Elastic Net 8 4 RMSE [ 95% & 15 [X [8] £1°4[5.054, 8.019]. %X &) I
AR, AR AR A A B N A R A 2B AN & 1, B 6.567 X — Al A A
fR e E AN F TIRS BE o X ISP M W 5, ASE e PP R S TN (R S R s R R T
P P S s 2 R, X ) S HL S RMSE {5 A SO UL F . X EI A 45 SR L3 10 F0
4,

Table 10. Product-block Bootstrap confidence interval of the best model
= 10. SRIRE = FR Bootstrap BI5[X[8)

=R RMSE 2.5%4M 3t RMSE Ffir3f RMSE 97.5% %R0 3t
ElasticNetCV 5.054 6.512 8.019
I EBRIRMS EAHsE 1

ElasticNetCV

4.5 5.0 5.5 6.0 6.5 7.0 7.5 8.0 8.5
RMSEM it BootstraplX [f]

Figure 4. Product-block Bootstrap interval for Elastic Net holdout set RMSE
4. Elastic Net BB 5% RMSE M2 iR Bootstrap [X|8]
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5.5. REZEWSATREMY

FNRZEZWRIR, B T2 RMSE &I%, 7~ 2.258; ZXEEEIREE % RMSE &M, N 9.025,
TR AT 8.504, 1K HIR IS8 v G 5 il 5 2hE £ AN KL TR R e % B AN M ARRAE — 3. i — D%
RMSE? x WA 5% 22 5Tk, SR EEEIREE %20 5 RSP 05 B R 1) 42.0%, BB RERE %40 47 27.9%,
TR LG REIRL T EARIII R £, (HAR ZE DTN 3.0%. IX Ui BH ALk RMSE =5 22 i i 1 50
WA, PN B R ARSI, N AR ZE SRR T SRR . RS g R
F11RE s,

Table 11. Category-level diagnostic errors in the holdout set

= 11. BHEIRERLSET

eS| RMSE MAE Bias UL
REVRAL T 2.258 1.772 1.097 18
LG IR R 4753 3.643 3.451 14
HAb Tk 6.327 4.864 3.971 4
SEOATERE R 6.763 5.779 4.495 8
Rt 8.504 7.179 3.045 12
SRR % 9.025 6.129 -0.034 16

REJRALT.
Hofth Tolk
EESER R
BT EREsH
SGtnpelRR S

RMSE

Figure S. Category differences in Elastic Net holdout set errors

[#] 5. Elastic Net BHHERENLEINER

lagl_yoy
is_new_quality
private_enterprise_yoy
auto_industry_yoy
hightech_yoy
electronic_industry_yoy
manufacturing_yoy
rolling2_yoy

log_abs

iaov_yoy

lag2_yoy

delta_lag

0 1 2 3 4 5 6
Elastic NetFHEGTHk (FIXHE)

Figure 6. Ranking of feature contributions of the interpretable main model
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FHETTRRE SRR, — B e (7] EE s A7) 48 2 R fr, =70 8 TR B DTG s AAE Al
BEE L PTEEHIE AL L BRI M AR R T I AR — S TR A RTIN H EAE
LA Y, AhERAR R R AR B AU dh B Sk, TR MR TR — A0 A 24 il 3K ) 52 2 S <l
Bos 2, AR EERE SR B 5 A S RES, AR T SRR MR AL SHRLIE: 4 AE,
T &5 SR BLAE S MRS, tRETRNELE A AN . P B B BOR ) 3k S AR A R 3L )
Do RFACHER ILIE 6.

5.6. BUiEH B RNES R

LREFR 3. R GAE 11 WTLUREH, HdEihom)5 B IR AR T FUESREARIR 2, MM “7 dE 5
5 - A IER Ry - SRABIRZERIR” 2 (ML 7 T MT A AR B A% o B i o EU S = ) Ak
W80 B, A R R A S A AR, W S B E I S R A G U I X AR i
LA G, TR A R R T g™ i, A 3 i BN E , AL iR A
K

MSEIESRTE ,  Bdladtd om I OR 8 HE AR PR R S A s — Bt R R iR f5 55, AhiiAR i 2
RETS SR IE AR % 53 f#AE o Elastic Net A T Naive FEifE )% 7 T R B FGRE R AL bAME S, 1
Bootstrap [X [H] RIS 5% 72 TR S HRm XA SO AAETL S . PRI, AR ST SEAIE B AN R BRI — SRE 4x)
A, MR BT B REA T, A MBS e 77 I Z AR Z TR A I N, R AE
WA ST H L I R

H—bE, BARRZERRANEFIERAWSNSTE L. SEOREHRE & M85 Re 3 & 16 B A
FFA I 38.9%KWM, {H3% RMSE? x WLINACTH AN DTRREY 69.9% )P 5 ks M, BEJRAL T
MHL 25.0%, RIEETIRRZT 3.0%. Xt WL AT R 22 JF AR 5 20 A, TR 4R TP mdish . mBoR Y L
FNIRE AT RAE S AR A = i B o 35 AR B RMSE, 25 5) #E 36 BB ZE AN [ P b R T 1 5& R ot

W g R, PG HE AL 5 A B ah IR A BA AR R O TN . A LA P P g T de vy, (ELES
MR, BT RAKEME . ®EE e TS AT BRI ZEAERE A A S IME A PR 1R IE 4
K, HRGEESY KA iy KB BE R AR T AT+, (His MEDA I, BT T BER sl B 4 5 32 217
REREG. Y T AN R AR SR A . R 22 R AR R — WA ARG i 7 A% T e B AR
B bR P2 W .

MR ZTEF, S o b 7 b B 5 AR 1 S B R T (R i 1 ) 6 R 22 1 S R
SBERT dh  LE R BRI, U TP R O R B S, BRI REE AT A A )
e A s 2 S BRI A I, 2 AR S MO A 25 AT R 7 i B R B LT s
7 B R AT AL, AR B i TR AT, B AT R A 7 R Y S AT REAT G AN

BRI, A SCIAIE B8 R R PR 2 BARBIAE = AN 2 I — 27 il 2 R i I 1 A [ 7 2 5
TRIGIEFFER A G IRZETUR, =2 AR ERN TR HEE F . ZRKME R IFAEARR)S,
TS5 AE A2 A TR ZRAR” , TR CLE P RRRZER BT Ab . WKL i B U i
16 F 4y 7 B T AR

6. RiEMHLRENATL
6.1. REINZE O S4EE BHR

A 0 B e BB AR B . HYIZhZE 9 BT 10 A% 12 AWy, SRR G R Ehig
3% H b5 EF RMSE 25 7.101, B&ALT Naive FE#ER) 7.170; 241%Z 10 AWM 11 HE 12 AN, BiER
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F RMSE K 6.578, WALT Naive J:#E. HIR, X BAREEIHIT 1%~99%4i B 5, BhEEHEFAE M A1)
SRR RMSE, 15 B A S50k I 4E 56 45 B /D Bt L 3k 3l . 81T Elastic Net 7£ £ B 4 B3&
Dl dd, mWikh IR FHAEIR B AN AT I P AR, A SO R N HANKE R Elastic Net I& & /E N ] R
TR, BREERR T IE SR N B PR . A EY) e R 12,

Table 12. Robustness tests under different training windows and winsorized targets

= 12. FRNIGE OS54 R Bir THvfR @ iae

Hiz R & i & RMSE MAE R? Bias
WEGHRIEA: 20255694, Tl 10 HZE 12 A
45 2 [F) bh 3 GradientBoosting 7.027 5.129 0.366 2.629
45 2 [F) bh s i Naive_lagl 7.116 5.036 0.350 1.464
45 2 [ Lt i RidgeCV 8.476 6.046 0.078 1.118
JR UG [F) b i GradientBoosting 7.101 5.158 0.366 2.680
JER 465 [ L 4833 Naive lagl 7.170 5.084 0.354 1.513
J5 45 [ L 348k RidgeCV 8.479 6.077 0.097 1.149
YIGBIEH: 20254 10H, Bl AZ 12 H
45 2 [F) bh 3 GradientBoosting 6.613 4.565 0.360 2.629
45 2 [F) bh 3 T Naive_lagl 7.330 4.874 0.214 1.353
45 JE [ Ll i RidgeCV 8.034 5.843 0.056 2.248
Jir 46 () Lt 38 3 GradientBoosting 6.578 4.519 0.369 2.448
JER 465 [ L 4833 Naive_lagl 7.343 4.882 0.214 1.361
JR 46 ) b3 T RidgeCV 8.067 5.875 0.051 2.244

6.2. =)l MR A v

ASCHELE T LAFAL O A BE P L M INA R A o 3 2 B X G vt Jmy AT i ) ok ™ it ™ B e e, BE e
A B SE R TR R R s KRS . R R R A AN AR R A R AL AT B R
ZER AN S BT A o X T UM BRI TRAT AR ZH 2N, AR AT TR 2 g K e 7 el D B
B e gREl; Tk, BORAE N HE . SR AR AN R RS BUE R B AE S T SR LA A
B, 7 dh 2 G AU 5] A el s U AR b o

S B, AT TRV B SE T FEANN AR A R, T ARG AR BIE T R
TRIEGE AR A Dy (R S5 B BT SO R o o B SRR AN AL BRI TE v B B, AR PR A % TR 13
FEAR HRAETT S EE R RS S, RMSE FHIRt A B8 USROG 35 AR AR ZE AT E 1,
PP R 2 FE R BN AR E

6.3. FFRS#ETTE

AL R 55—, FEAMIMNE #: 2025 4 3 A% 12 A, NREERME, s iRnkiiz
TR LA R ph o, BRI A SO A O R GO TR T, T AR AR T, 2
B 2 E R A TE = 7 8, Tz AL R 5. 55 =, 7 i3 e it 7 AR b )
oy, HADHES EARERSGRETEE S BN, EOEREARRTED, k. Ho. &5,
JEAT- RN L i A RN RS 1 AR T R e B 7 M B AR 1 R
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RARMFC AT DAAERHR S5 AT VPRI 4R R =38 TR Ho—, BEZER DR E W E, ik
AT RN MG =, SRR R B BB BEAE AR AR RS, ST B
BARRKAR, K=, EERRKAAIM LShrfbih W sl Z 908 . R R sl sl 4 1R,
IR Fhlmrdry 7oA AR B AR 5 73 AR . AT 28 K RS B 28 SO B i Y
RIS, bR LS A W] e A A AR B

b s @ AT R ES RSN AR R, WaFrZiE EE, SR BT LB A
P77 b 7 BRSO A7 A € A% I o SERT AR TRER BER U5 NS ERAS B (K3 5 T, i
Ja 1~2 A, JFAIH Elastic Net S5 1 RFE 7 146 58 /1 6 52 BLO0HT 5 254 o XA AL BERE E AT & 20 5F ELWL
AT BT G RS (R AL, 0 B 78 7 220 i U o [P O i A% I B S R
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AN A 5E 1 -
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