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Integrating GraphRAG and Crop Models to Develop Decision-making
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Abstract; Extreme climate events pose dual challenges to the timeliness and reliability of decision-
making in winter wheat production. Effective decision-making requires not only support from domain-
specific agricultural knowledge but also quantitative assessment of continuous processes such as crop
phenological development. Although general-purpose large language models (LLMs) have demonstrated
considerable potential for decision support, their application remains constrained by insufficient coverage
of domain knowledge, limited robustness in numerical reasoning, and inadequate traceability in complex
decision-making processes. To address these limitations, integrateing graph retrieval-augmented
generation ( GraphRAG) with the crop model ( CropGrow) to develop an intelligent decision-support
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agent for winter wheat production under extreme climate events. The agent employed an agricultural
knowledge graph as its evidence base and encapsulates CropGrow as a numerical computation service
through the model context protocol (MCP). A coordination module orchestrated query interpretation,
evidence retrieval, crop model invocation, and result validation, thereby enabling knowledge-based
evidence and process-based mechanistic computation to operate synergistically within a unified decision-
making workflow. Evaluation using 450 extreme-climate question-answer pairs and 111 sets of field-
observed phenological data showed that, compared with the same backbone model, Qwen3 — Max, the
expert-weighted recall of core entities was increased from 30.69% to 37.15% , while the density of
unsupported risk-related statements was decreased from 8. 63 to 5.49 per 1 000 words. After integrating
CropGrow, the root mean square error (RMSE) for flowering and maturity date predictions was decreased
from 20. 88 days to 5. 79 days, while the coefficient of determination ( R*) was increased from 0. 027 to
0.896. Overall, the coordinated orchestration of the proposed agent improved both domain knowledge
coverage and phenological prediction performance under extreme climate disaster scenarios, providing a
feasible technical framework for the rapid formulation of disaster-response strategies in winter wheat

production.

Key words: large language model;
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graph retrieval-augmented generation

( GraphRAG) ; crop growth model; winter wheat; extreme climate
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Fig.6 Response-granularity levels among models
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Fig.7  Analysis of causal-chain coverage and

unmatched extensions

B RMSE iy 20. 88 d, R* 4 0.027, 7EAHF 5
B A RS EIN , A CropGrow J5 A H I H
I 5 2 0 G AR, G O EloHE i B AR RS R
P
2.4 BNEERBEFERERSG

FEIE ARG R S HALUHE T B Z
TERATHERE T, LA 2025 AFEVT A8 S T & /N2 46 1)
Wt RSB, S B AL B AR X AR 2k
B AFIAR AT R A A2 2550, R E i)
DX S ARORE DGR, -1 T Bl A minH: v T A K
FAET 0CBURNE A THA Lo b J5 A R 5 5
FRE I35, 43 ) SR FH Pt iy R 125 0 I B2 34
DRI IE G L, X 25 Rk T 2i G . Bk AR DL
3,



%224 JAEL 8. BlA GraphRAG SYEMBIY (MM i S Moe T /N2 A6 P s 8 g 129
m W*;J: 200F : FNF F 200 F * NG
8 e =73 R =
" *® " b E,”hw”-;f]u
+ 6 m o oo R g
= = 150f o = 150f el
R # g | .o
£ 47 7| 3 SRR
o W rusewmsroa B ool < TR
Al 1001 gp%° - 100« o™ X8 RMSE %2057 d
i Ri=0.896 & e R=00s3
ol I 1 1 / Id 1 1
ST TS v 100 150 200 100 150 200
HEPK  Doubao—Seed DeepSeek—V3 Qwen3-Max ‘ )
AHBEHE Doubso ee@:ﬁep o L ST H R STl HOF
DeepSeck-V3 (a) B HEAR (b) Doubao—Seed
W of ® (1289.14) o FAE o FFAERA
iy g ) - R .
B2 Qwen3-Max 200 1: 12448 200 - 111 B4
s 8T (14.2.8.63) e e o
5 ¥ - ~sefg
7 L
,H; Doubao-Seed " grf”;;l‘ EE( 150 & 3
= o (1543634) oy 35? %eof' S e i
25 6 o . ﬁ;; Boce g ¥
= FHIEE g RMSEYs % 100 o Cog® & RMSE#20.88 d
. (175549) k 1{221.(?% ;10 o 0 pooo27
C 1 i L S L4 =0.05 v
13 14 15 16 17 18 s ‘ : ! s ! : !
U 2 kL % 100# 150 200 100H1‘ 150 200
Sl A S A R

K8 U o 5 0 SRR B BB
Fig.8 Proxy analysis of knowledge coverage and

unsupported-expression density
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