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Abstract

Agricultural price volatility poses significant challenges for producers, distributors, and
consumers, underscoring the need for improved forecasting methods. Traditional statistical
and machine learning techniques often struggle to capture the complex, dynamic and
unpredictable nature of agricultural markets, which motivates the exploration of alternative
approaches. In this study, we propose a novel method that converts time-series data into
text prompts to enhance forecast accuracy by utilizing the language processing capabilities
of large language models (LLMs). We analyze daily trading prices for 23 crops over 1,862
days to predict price changes over the subsequent 185 days under stable conditions. Unlike
traditional methods, our approach employs customized prompt template to convert
numerical data into text, enabling LLMs to more effectively interpret and forecast market
trends. A comparative analysis with Holt-Winters, LSTM, GRU, and Transformer models
demonstrates that our LLM model (Llama 3) outperforms traditional methods, achieving a
MAE of 913.61, RMSE of 1477.74, MAPE of 28.89, and an R? of 0.6494. These findings suggest
that converting time-series data into text prompts enables the use of LLMs, substantially
improving agricultural price forecasting and leading to more accurate and data-driven market
decisions.

Keywords: Agricultural Price Prediction, Time Series Forecasting, Large Language
Models
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Introduction
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Total transaction volume (kg) Total transaction amount (KRW)

Period: January 1, 2018 - December 31, 2023 (6 years)
Products : Top 30 production by transaction volume

v

Average transaction price (KRW/kg) — All day
(2191 time steps * 30 products)

v

Average transaction price (KRW/kg) — No Holiday
(1862 time steps * 30 products)

v
Average transaction price (KRW/kg) — No Holiday & Selected Product
(1862 time steps * 23 products)

Fig. 1. Overall process of data preprocessing.

Table 1. Statistical characteristics of price data for 23 crops collected over 1,862 days

Crop Mean STD Min Max
Apple 2413.52 669.79 811 5345
Onion 805.57 344.92 274 1875
Napa cabbage 704.85 320.80 241 3066
Grapes 5432.22 1921.27 2146 31538
Mandarin orange 3777.95 1874.92 498 8984
Green onion 1494.22 762.65 510 5440
Cucumber 2087.50 869.92 742 5868
Cherry tomato 3919.65 1258.91 1479 8871
Watermelon 2001.82 812.30 628 6690
Lettuce 3638.42 2558.49 1007 18409
Tomato 2385.34 874.15 717 7348
Potato 1412.60 619.54 530 5053
Pumpkin 1794.21 734.95 505 5343
Green chili pepper 4048.28 2045.65 1436 16352
Sweet potato 2155.59 691.77 133 4552
Radish 533.92 241.08 208 1801
Cabbage 594.17 258.92 108 1653
Chives 2949.98 1479.11 325 9375
Perilla leaf 6374.42 2572.20 2308 29040
Spinach 3185.55 2213.54 761 15329
Bell pepper 383159 1585.54 1144 13059
Carrot 1114.94 270.62 611 3750
Scallion 3541.90 1703.51 838 13887
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Prompt template

From 2018-01-05, the daily price of Apple per kilogram is 1878, 1787, 1837, 1804, 1880,
2126, 1885, 1857, 1925, 1828, 1889, 1869, 1844, 1711, 1859 won each day. What will be
the price next?

Fig. 2. Prompt template used for LLM tuning
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Fig. 3. Visualization of price forecasting results for potatoes (left) and carrots (right) using different models.
Plots (A, B) display results from the Holt-Winters model, (C, D) from LSTM, (E, F) from GRU, (G, H) from
Transformer, and (I, J) from our proposed LLM-based model. The blue line represents actual prices, while the
orange line represents predicted values. The variations in prediction patterns across models illustrate their
differing abilities to capture price trends and fluctuations.

Table 2. Evaluation of prediction results across different models for 23 crops

. . Traditional models LIM

BlEm ey Holt-Winter LSTM GRU Transformer
MAE 1293.62 1096.23 1100.33 1022.83 913.61
RMSE 2270.66 1763.93 1724.47 1640.39 1477.74
MAPE 40.19 32.52 34.18 29.66 28.89
R? 0.1722 0.5005 0.5226 0.568 0.6494

Holt-Winters 22| MAPE 7} Z3A1o| A 27.89, G0l A] 19.952 LERG O™, 3lj5 of| = A 1}= Fig. 3(A, B)ol| AR =3
Ch Holt- Winters B2 9% $:29] 2419} 27848 st oL, 417 712 W58 oA ol ol a7

Bl
gl 718 229l LSTMIF GRUS| MAPE %42 22 ZAtoll A 26,8294 20.82, kol A 21,36 17.142 LHEREO.H, Fig,
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Fig. 4. Comparison of MAPE (left) and R? (right) for overall agricultural price prediction by each model
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