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ABSTRACT

Coffee is a vital commodity in Vietnam, providing economic and social significance. Additionally,
Vietnamese coffee significantly contributes to global coffee production and is a crucial component
of the worldwide coffee supply chain. Price forecasting provides essential information to supply
chain members, enabling them to manage their supply chains better, minimize waste, and pro-
mote sustainable development. Thus, improving price forecasting accuracy will be beneficial in
stabilizing and boosting coffee production by enabling supply chain actors to make informed pro-
duction decisions, promoting sustainable coffee supply chains, and enhancing Vietnamese coffee
competitiveness. However, coffee prices have shifted considerably since the COVID-19 pandemic,
making forecasting challenging. As a result, adopting advanced forecasting techniques is critical to
enhancing forecasting accuracy. Machine learning (ML), a subset of artificial intelligence (Al), has
proven effective and widely used in various fields, particularly forecasting. This study employed a
quantitative approach to evaluate the effectiveness of ML models, specifically the Long Short-Term
Memory (LSTM) model, in forecasting coffee prices. This study utilized a comprehensive dataset
comprising daily global coffee prices for over 50 years. The LSTM model delivered a remarkable
forecast accuracy of 98.31%. The experiment results showed that LSTM outperformed Autoregres-
sive Integrated Moving Average (ARIMA) models, one of the most frequently employed classical
forecasting methodologies. Moreover, this study demonstrated the effectiveness of ML techniques
in forecasting coffee prices, including LSTM, artificial neural networks (ANN), Gradient Boosting, and
Random Forest. All ML models achieved excellent forecast accuracy, with values above 98%. LSTM
produced the best performance among ML models. Furthermore, this study offers practical so-
lutions to promote the application of ML methods, enhance forecasting accuracy, and improve
coffee production efficiency, ultimately developing sustainable supply chains. These solutions in-
volve major stakeholders, including the government, supply chain agents, technology suppliers,
and researchers. Collaboration among these stakeholders is critical to successfully installing and

optimizing ML forecasting systems.
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INTRODUCTION

Vietnam, the world’s second-largest coffee exporter, is
a key player in the global coffee supply chain!. Viet-
nam accounts for a considerable portion of global cof-
fee output. Many supply chain stakeholders, includ-
ing importers, roasters, and instant coffee manufac-
turers, rely on Vietnamese farming. The European

https://doi.org/10.32508/vnuhcmjebl.v10i2.1590 Union (EU) remains Vietnam’s top coffee export des-

‘i} Check for updates
|

Copyright

© VNUHCM Journal. This is an
open access article distributed
under theterms of the Creative
CommonsAttribution 4.0
International license.

tination for the 2023/2024 crop year, accounting for
38% of the volume and 37% of the total value?.

Additionally, coffee is a vital commodity in Vietnam’s
economic system. Exports of coffee in the 2023/2024
crop year contributed to over 5.4 billion USD of the
country’s export turnover?. Coffee generates numer-
ous jobs and income, particularly in rural areas. Cof-
fee is primarily cultivated in Vietnam’s central high-
lands. Additionally, coffee has become a popular bev-
erage in Vietnam. Vietnam boasts a diverse range of

coffee cafés. Vietnamese people often drink coffee
in the mornings and evenings. As a result, stabiliz-
ing and boosting coffee production is crucial to en-
suring sufficient coffee quantity, country, and farmer
earnings, promoting the coffee industry’s sustainable
growth, and enhancing Vietnamese coffee competi-
tiveness.

Moreover, coffee prices have fluctuated dramatically
in recent years, significantly impacting production ac-
tivities. Figure 1 depicts coffee production and prices
for the 2022/2023 and 2023/2024 harvest years. In
2023/2024, total coffee production rose by 200,000 60-
kg bags to 27.5 million 60-kg bags. Additionally, cof-
fee prices increased during the same period. Besides,
exports account for roughly 90% of total coffee pro-
duction. Thus, global coffee prices will influence local
coffee prices, affecting farmers’ profits and corporate
revenue.
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Figure 1: Coffee production (a) and local prices of Robusta coffee (b) in Vietham . Source:>

Furthermore, previous research revealed that price
will significantly impact production. They empha-
sized that crop product prices are directly related to
supply and demand®. Thus, price forecasting is cru-
cial in helping supply chain stakeholders, including
farmers, businesses, exporters, and investors, make
informed decisions about production, purchasing,
and selling. For example, farmers can determine the
best time to sell their products to maximize profits®
and take timely actions to improve crop production®.
Additionally, it benefits external stakeholders, includ-
ing policymakers, the agribusiness industry, and in-
vestors>’. Higher export prices benefited Vietnanrs
coffee producers and the industry, leading to a rise in
local coffee prices?.

Coffee prices have fluctuated over the years (Figure 2).
This is due to an imbalance between supply and de-
mand. On the demand side, consumption is ex-
panding in emerging nations, such as China®. Cli-
mate change, crop diseases, logistical disruptions, and
hoarding and hedging costs can all restrict coffee pro-
duction, driving prices even higher®. Besides, coffee
prices are soaring, far above professional estimates,
causing numerous problems, including coffee coun-
terfeiting and market speculation. In addition, farm-
ers keep their coffee to wait for higher prices '°. This
can result in significant losses if the price drops un-
expectedly. As a result, forecasting prices is crucial in
helping stakeholders make informed decisions.
Numerous models have been employed to enhance
forecasting accuracy. They can be categorized into
two main types: classical and ML techniques. This
study examines widely utilized methods of forecast-
ing agricultural prices that have proven useful, such as
ARIMA, LSTM, and ANN. ARIMA is a well-known
classical model, whereas LSTM is a powerful ML
model. Both have been successful in several cases. Re-
cent research has shown the superiority of LSTM over
other forecasting methods'!. Moreover, this paper
compares machine learning approaches to statistical

models, utilizing ARIMA as a representative exam-
ple. The findings demonstrate ML techniques’ supe-
rior performance and practicality in predicting agri-
cultural prices.

This research will enable accurate forecasting of cof-
fee, address concerns about escalating prices, and as-
sist supply chain actors in making informed produc-
tion decisions. Moreover, this study provided prac-
tical solutions for adopting ML methods, enhancing
forecasting accuracy, improving coffee production
and supply chain performance, promoting the sus-
tainable growth of the coffee industry, and strength-
ening Vietnamese coffee competitiveness.

RELATED WORKS

Sustainable supply chains

The supply chain encompasses all phases, from raw
material sourcing to final product delivery to cus-
tomers 2. The coffee supply chain comprises multiple
players, including growers, merchants, corporations,
exporters, importers, roasters, distributors, and re-
tailers'!. Supply chain management (SCM) refers to
the systemic, planned collaboration of standard busi-
ness operations and techniques within a specific orga-
nization and among businesses throughout the sup-
ply chain. It aims to enhance the long-term perfor-
mance of individual firms and the overall supply chain
by increasing customer value and satisfaction, ulti-
mately resulting in a competitive advantage !*. How-
ever, SCM could cause negative implications such as
greenhouse gas emissions, electronic waste creation,
the usage of conflict minerals, and involvement in hu-
man trafficking. Thus, it is vital to manage the sup-
ply chain sustainably. Developing sustainable sup-
ply chains helps reduce negative environmental con-
sequences and provides long-term economic, social,
and reputational benefits to firms.

Sustainable supply chain management covers all sup-
ply chain activities and integrates environmental, eco-
nomic, and social performance objectives !>, Building

6545



VNUHCM Journal of Economics, Business and Law 2026, 10(2):6544-6554

USD/Pound
= o
= 1 N

©
[

1973
1975
1977
1979
1981
1983
1985
1987
1989
1991
1993
1995
1997
1999
2001
2003
2005
2007
2009
2011
2013
2015
2017
2019
2021
2023
Mar-25

Year

Figure 2: Averagedaily coffee price from 8/1973 to 12/3/2025. Source: https://www.macrotrends.net
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sustainable supply chains is crucial to achieving the
Sustainable Development Goals, which are universal
objectives established by the United Nations and its
member states to protect the planet by 2030. Numer-
ous studies have demonstrated that digital technolo-
gies enhance supply chain efficiency and sustainabil-
ity. AI has a substantial impact on supply chain effi-
ciency and resilience '°. Figure 3 shows the role of Al
in SSC. AI can help address supply chain issues and
support SSC, including sustainable transportation, ef-
fective remanufacturing, demand forecasting, and re-
verse logistics '.

Forecasting is one of the key business functions of

t13. Accurate forecasts are

supply chain managemen
critical so that the main stakeholders can accurately
predict coffee demand and better plan future pro-
duction capacities, such as crop planning and green
coffee bean supply!!. Al-based models can pre-
dict noisy and chaotic economic and financial se-
ries and commodity prices'”. For example, LSTM
boosted the forecasting accuracy of Arecanut prices®.
Thus, adopting AI not only improves forecasting ac-

curacy but also fosters SSC.

Price forecasting

Price forecasting has received attention from various
researchers. They employ different methods to pre-
dict commodity prices. There are two main forecast-
ing techniques: statistical techniques and ML 819,
The statistical methods perform well with time series
linear features *°. Meanwhile, ML models can capture
nonlinear patterns and larger datasets >, For exam-
ple,* ARIMA is suitable for small-scale periodic data
and requires less training time. In contrast, the LSTM
model performs well with complex data and nonlin-
ear trends 1.

Prior research has shown that predicting coffee prices
is a challenging task. Coffee data exhibits linear and

nonlinear patterns?®2.

Additionally, prices for agri-
cultural commodities shift much more than those of
other industries’ products®*. Coffee prices were the
most volatile among all crops in 2021 2%, Thus, select-
ing the appropriate forecasting techniques for coffee
prices is critical for maximizing accuracy.

Previous research has employed the Autoregressive
Integrated Moving Average (ARIMA) model and its
extensions to forecast price525’26. For example,27
ARIMA was used to forecast Indian Robusta coffee
prices. Similarly,2° the estimated prices of Arabica
and Robusta coffee in Brazil are as follows: More-
over,” discovered that ARIMA outperformed vari-

ous techniques in forecasting monthly tomato prices,

including exponential smoothing with error, trend,
and seasonality (ETS), support vector machine for
regression (SVM), LSTM, and multilayer perceptron
(MLP). Thus, this study will select ARIMA models.

ARIMA has been shown to function effectively with
linear trends, but has limited experience with large
Most previous studies used ARIMA for
monthly crop records. For example, authors?® em-

datasets.

ployed ARIMA models to forecast monthly wheat
prices in the United States. Similarly, authors?® em-
ployed the ARIMA model to predict monthly coffee
prices in Indonesia. Thus, this work contributes to the
current literature review by demonstrating the perfor-
mance of ARIMA models with daily coffee pricing.
Moreover, this study aims to utilize ML models to
forecast coffee prices, which have fluctuated substan-
tially. Authors’ reviewed Al forecasting techniques
in the past decade and discovered that LSTM is one
of the most prevalent due to its high efficacy. LSTM
has several benefits over other ML forecasting mod-
els. Firstly, it succeeds at working with sophisticated
data and nonlinear patterns'!. Secondly, it is a neu-
ral network developed to learn long-term dependen-
cies!. LSTM used a memory cell concept to build the
neural network structure2. Thirdly, several papers
have presented empirical evidence suggesting that the
LSTM network outperforms other machine learning
and traditional methods. Recently, demonstrated that
LSTM outperformed ARIMA models and ANN in
capturing future and coffee demand patterns!! . As
a result, this study will use LSTM. Additionally, this
study utilizes the ARIMA model as a benchmark to
evaluate and demonstrate the performance of LSTM
networks.

Used models
ARIMA

ARIMA is composed of three components: autore-
gression (AR), integration (I), and moving average
(M A) 6,33 .
lagged value. Integrated is used to convert a time

AR projected values based on a prior

series into a stationary one. MA predicts values e
based on lagged error data. Thus, ARIMA denotes
ARIMA(p,d,q). ARIMA can be calculated as Equa-
tion 111

yr=c+ Zle Diyi—i + &+ Z?zl ;€ (A2)

Where @; # 0; 6; # 0; and 052 > 0;y;: the stationary
variable or real price at date t; ¢: constant; @: autocor-
relation coefficients at lags 1,2,..,p; & : Gaussian white
noise series with mean zero and variance 62; 6 : the
weights assigned to the stochastic term’s current and
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prior values in the time series and 6y =1; p: lagged ob-
servations; q: the size of moving average window; (d):
difference.

LSTM

LSTM has input gate x(1;), forget-gate f(z;), inter-
nal state (cell memory) c(#;), and an output gate
o(t;) 113, Figure 4 illustrates the LSTM structure.
LSTM performs as follows: The forget gate f(z;)
process x(#;) and output value at the time point
fi_1(h(ti—1) ) to compute the data should be kept in
¢(ti—1) by utilizing a sigmoid activation function.
The output results of the input gate a(t;) uses x (#;) and
h(t;_1) to determine the value of ¢(z;). Meanwhile,
the output gate o(¢;) controls an LSTM cell’s output
by considering ¢ (;) and using both sigmoid and tanh
layers.

METHODOLOGY

This study conducts a quantitative study to investigate
the efficacy of ML models, represented by LSTM, in
forecasting coffee prices. The research method com-
prises five primary stages: defining research ques-
tions, reviewing relevant works, price predictions,
finding analysis, and suggestions.

Stage 1. Research questions

o How accurate is the machine learning model in pre-
dicting prices?

e What solutions should be provided to promote ma-
chine learning techniques in price forecasting?

Stage 2. Related works

This stage will examine related research to investigate
prevalent forecasting approaches and the roles of Al
and ML in sustainable supply chains and price fore-
casting.

Stage 3. Price forecasting

This study forecasts coffee prices in four steps: data
collection, preprocessing, hyperparameter tuning,
and model evaluation.

Data gathering

This paper gathers daily global coffee prices. As
shown in Figure 1, coffee is primarily exported. Cof-
fee data is publicly available at https://www.macrotren
ds.net/2535/coffee-prices-historical-chart-data. This
website was developed by MACROTRENDS LLC,
headquartered in Seattle, Washington, USA. This
open data source offers daily statistics from August 20,
1973, to March 12, 2025.

Data preprocessing

This step will clean and normalize the data acquired
from the previous stage. This stage removes missing
and noisy values to guarantee smooth time series data.

The data were divided into training and test sets, with
80% used for training and the remaining 20% for test-
ing.

Tune Hyperparameters

This study uses ARIMA and LSTM to forecast cof-
fee prices. This study will determine the lowest AIC
(Akaike Information Criterion) to identify the ideal
ARIMA (p, d, q) model. This study employs a ran-
dom search method to determine the optimal param-
eter combination for the LSTM model. The parame-
ters include the number of neurons, the Adam opti-
mization algorithm, the Mean Squared Error (MSE)
loss function, the number of epochs, the batch size,
and the dense output layer. All models have been de-
veloped and implemented on Google Colab, a cloud-
based platform for robust and accessible computing.
Model evaluation

This study will calculate performance errors using dif-
ferent measures, including Root Mean Square Error
(RMSE), Mean Absolute Error (MAE), Mean Abso-
lute Percentage Error (MAPE), and forecasting accu-
racy. They are calculated in Equations (1)-(5), respec-

tively.
n ~.2
RMSE — 1| 2t = 1) (1)
n
nly, —¥,
wap— =T @
1o | =Y
MAPE = - Y x 100 (3)
g
Accuracy =1 —MAPE (4)

WhereY; The actual demand at time¢; IAG is the forecast
demand at time f; ¥ ; is the average of actual demand;
n is the forecasting period, ¥; — ¥; which measures the
forecast error.

Stage 4. Result analysis

This stage will review the results of ML models. This
study also compared its findings to ARIMA, a statis-
tical model.

Stage 5. Recommendations

This study will recommend practical solutions to
overcome the identified forecasting challenges and
encourage the usage of machine learning forecasting

approaches.
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Figure 4: LSTM cell. Source:3*

SARIMAX Results
Dep. Variable: Price No. Observations: 10364
Model: ARIMA(5, 1, 3) Log Likelihood 21003.676
Date: Mon, 16 Jun 2025  AIC -41989.352
Time: 23:52:36 BIC -41924.138
Sample: 0  HQIC -41967.316

- 10364
Covariance Type: opg

coef std err z P>|z| [0.025 0.975]

ar.L1 0.1190 0.366 0,325 0.745 -0.598 0.836
ar.L2 -9.0536 0.246 -0.218 0.827 -9.535 0.428
ar.L3 -0.2541 0.231 -1.100 0.271 -0.707 0.199
ar.L4 0.0132 0.032 0.416 0.678 -0.049 0.075
ar.L5 -0.0409 0.016 -2.609 0.009 -0.072 -0.010
ma.Ll -0.0877 0.366 -0.240 0.811 -0.805 0.629
ma.L2 0.0306 0.236 0.130 0.897 -9.431 0.493
ma.L3 0.3129 0.218 1.436 0.151 -0.114 0.740
sigma2 0.0010 5.1le-06 199,318 0.000 0.001 0.001
Ljung-Box (L1) (Q): 0.01 Jarque-Bera (JB): 109510.77
Prob(Q): 0.93  Prob(JB): 0.00
Heteroskedasticity (H): 0.80 Skew: 0.22
Prob(H) (two-sided): 0.00 Kurtosis: 18.92

Warnings:
[1] Covariance matrix calculated using the outer product of gradients (complex-step).

Figure 5: ARIMA performance. (Source: Own research results)

RESULTS AND DISCUSSION put layer. Figure 6 illustrates forecasting values pro-
duced by ARIMA and LSTM. LSTM generates predic-

tive patterns that closely resemble real data trends. In

Parameters of ARIMA and LSTM

Figure 5 presents the results of ARIMA models. This
study found that ARIMA (5,1,3) has the lowest AIC of
-41989.352 and BIC of -41924.138.

Additionally, this study employs an LSTM model

with 50 neurons, the Adam optimizer, and the mean

contrast, ARIMA could not predict the upward trend
in the data. This finding illustrates that LSTM can es-

timate reliable coffee prices.

squared error as the loss function. It is trained for 20

epochs with a batch size 32 and has a single dense out-
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Figure 6: ARIMA andLSTM prediction values (a)- (b). Source: Own research results

Comparison of forecasting performance of
ARIMA and LSTM

Table 1 shows the forecasting measures for each
model. ARIMA has an RMSE of 0.567, MAPE of
29.82%, and MAE of 0.447. In comparison, LSTM
has an RMSE of 0.04, MAPE of 1.69%, and an MAE
of 0.0276. Thus, LSTM models outperform ARIMA
models in terms of metrics. This finding is consistent

with previous studies >'»33.

Table 1: Performance indicators of ARIMA and LSTM

ARIMA LSTM ANN Gradien Random

Boost-  Forest
ing
RMSE  0.567 0.040  0.0443 0.0888 0.088
MAPE 29.82% 1.69% 179% 1.78%  1.87%
MAE 0.447 0.0276  0.0292  0.0333  0.0346
Accuracy 70.18% 98.31% 98.21% 98.22% 98.13%

Source: Own research results

Moreover, this study examines the performance of
various ML models, including Artificial Neural Net-
works (ANN), Gradient Boosting, and Random For-

2010

est. The findings show that all ML models had great
forecasting accuracy, reaching 98%. These results
suggest that ML methods outperform classical mod-
els. Furthermore, the study demonstrates that the
LSTM model outperforms other ML models in pre-
dicting coffee prices.

Table 2 displays some forecasting results obtained us-
ing ARIMA and LSTM.LSTM produces values that
are similar to actual values. LSTM-generated forecast-
ing values are typically smaller than exact values. In
comparison, ARIMA produces the same values and
differs from the real ones. Thus, the gap between
LSTM and real values is less than that of ARIMA mod-
els. Therefore, supply chain stakeholders can base
their decisions on the predicted values provided by
LSTM.

Based on the results, this study reveals that ML
can outperform classical methods for predicting cof-
fee prices.  This finding supports the past re-
searchers 333> However, these findings contradict
those of a previous author®, who demonstrated that
ARIMA outperformed LSTM in forecasting tomatoes.
Crop prices vary per product, and coffee has been one

of the commodities with the highest soaring prices in
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Table 2: Some examples of ARIMA and LSTM
prediction values

Date Realdata ARIMA LSTM
25/02/2025  3.749 1.609 3.706
26/02/2025  3.769 1.609 3.684
27/02/2025  3.783 1.609 3.703
28/02/2025  3.894 1.609 3.716
03/03/2025  3.894 1.609 3.821
04/03/2025  4.053 1.609 3.970
05/03/2025  4.133 1.609 4.044
06/03/2025  3.931 1.609 3.855
07/03/2025  3.925 1.609 3.850

Source: Own research results

recent years. As a result, researchers should exper-
iment with various predicting methodologies to de-
termine which are the most reliable. ML forecasting
algorithms are among the top options for estimating
agricultural prices.

RECOMMENDATIONS

Price forecasting is crucial for supporting supply
chain participants in better managing their opera-
tions, lowering costs, and improving customer satis-
faction. Accurate forecasting of prices enables them to
establish an effective planning procedure. Organiza-
tions can proactively modify their purchasing strate-
gies to mitigate risks and increase earnings. They can
buy raw materials in advance to avoid losses if prices
rise. Additionally, they can select suitable suppliers.
Also, they can predict their earnings based on pre-
dicted prices.

Given the importance of price forecasting in the agri-
cultural sector, this study provides various practical
recommendations to enhance and promote the use of
advanced forecasting algorithms, specifically LSTM
models. The reccommendations engage key stakehold-
ers, including the government, coffee supply chain
agents, technology companies, and scientists (Fig-
ure 7). Each stakeholder plays a crucial role and must
collaborate to ensure the successful deployment and
optimization of forecasting systems.

This study discusses recommendations for four ma-
jor stakeholders, as described below. Firstly, the Viet-
namese government is crucial in promoting technol-
ogy adoption in the agricultural sector. Develop-
ing and applying ML forecasting models aligns with
Vietnamese policies, including Decision No.127/QD-
TTg, which implements the "National Strategy on Re-

search, Development, and Application of Artificial In-
telligence to 2030”. Cofee is typically farmed in re-
mote areas with minimal infrastructure. As a result,
the government should prioritize investment in infor-
mation technology systems in those regions. Besides,
governments should offer financial incentives to en-
courage businesses to deploy ML forecasting models,
such as tax exemptions and low-interest rates.
Secondly, this study focuses on farmers and coffee en-
terprises as key agents in the supply chain. Compa-
nies should implement ML-based forecasting tools to
help them make more informed and strategic deci-
sions. Companies can use these advanced techniques
to enhance their purchasing methods, procuring cof-
fee beans at lower prices while assuring fair remuner-
ation for farmers. This strategy would improve pur-
chase efficiency, especially during peak pricing peri-
ods. Additionally, companies can inform and educate
farmers on how to utilize forecasting tools.

Thirdly, technological businesses are significant in in-
vestigating and developing improved forecasting sys-
tems. They may provide the latest market informa-
tion to help coffee supply chain stakeholders and re-
searchers with their research and decision-making.
Additionally, they can develop numerous Al systems
and applications that offer consumers free access to
coffee price predictions and other factors influenc-
ing prices. Furthermore, these corporations can help
develop AI APIs that are easy to integrate with sup-
ply chain management systems, enabling coffee busi-
nesses to utilize them directly within their systems.
Finally, scholars should collaborate with business and
technology groups to improve forecasting methods.
Academics should focus on developing and evaluat-
ing various ML-based forecasting methods. Addi-
tionally, researchers can investigate the factors that in-
fluence corporate behavior and intentions to improve
the adoption of these technologies.

CONCLUSIONS

Price forecasting provides supply chain members with
valuable information to help them manage their sup-
ply chains more effectively, avoid waste, and support
sustainable development. Price forecasting is crucial
for all products and services, particularly those in the
agricultural sector. This study utilizes an advanced
forecasting system to predict the yield of one of the
well-known crops, coffee. Coffee is an essential agri-
cultural product in Vietnam, with economic and so-
cial implications. It significantly contributes to global
coffee production. Thus, improving price forecasting
accuracy can help supply chain members make more
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Figure 7: Practicalsolutions to promote the use of ML-powered forecasting models. Source: Own research results

informed production decisions, foster sustainable cof-
fee chains, and enhance Vietnamese coffee competi-
tiveness.

This study has gathered data on coffee for over 50
years, including the most recent peak period. Many
stakeholders, including governments, farmers, coffee
firms, traders, and exporters, have expressed concern
throughout this period. This study addressed the cur-
rent problem, enabling supply chain participants to
make data-driven decisions. This study forecasted
coffee prices using various models, including ARIMA,
LSTM, ANN, Gradient Boosting, and Random For-
est. LSTM is an intelligent ML model that has recently
been deployed. This study demonstrated the effec-
tiveness of ML techniques in forecasting coffee prices.
They outperform ARIMA across all measures. Com-
pared to other ML models, LSTM gives better out-
comes. Moreover, this study recommends practical
solutions to various parties to stimulate the use of ML
approaches, improve forecasting accuracy, optimize
coffee production and supply chain performance, pro-
mote the long-term growth of the coffee industry, and
enhance Vietnamese coffee competitiveness. The rec-
ommendations engage major stakeholders, including
the government, coffee supply chain agents, techno-
logical companies, and scientists.

Although this study provides empirical support for
using ML forecasting approaches, some future work
is reccommended. Future research should incorporate
supply chain variables, such as quantity and quality
parameters, and demand-side dynamics, to improve
the robustness and application of forecasting mod-
els. Additionally, future researchers can forecast cof-
fee prices by incorporating more factors that influence
prices, such as GDP, coffee production, and currency
rates. Furthermore, future papers may propose novel,
These
systems should be straightforward to use, encourag-

advanced ML-powered forecasting systems.

ing farmers to adopt them. Furthermore, future stud-
ies should examine the impact of enhanced price fore-
casting on sustainability, specifically in terms of envi-
ronmental, social, and economic measures.
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TOM TAT

Caphé [a mét ndng san ch luc ctia Viet Nam, déng gép dang ké vao kinh té va x& hoi. Ngoai ra, ca
phé Viét Nam déng gop |én vao san lugng ca phé toan cau va la moét phan quan trong clia chudi
cung Uing ca phé toan cau. Dy bdo gia cung cap thong tin can thiét cho cac thanh vién trong chudi
cung Ung, cho phép ho quan ly tét hon chudi cung tng ctia minh, gidm thiéu lang phi va thic ddy
phét trién bén vimg. Do do, viéc cai thién do chinh xéc clia du bao gid gép phan én dinh va thic
ddy s&n xuat ca phé bang cach ho trg cac tac nhan trong chudi cung Ung dua ra quyét dinh san
xudt hiéu qua, thic ddy quan ly chudi cung ting ca phé bén viing va tdng cudng kha nang canh
tranh cla ca phé Viét Nam. Tuy nhién, gid ca phé da thay déi dang ké ké tur dai dich COVID-19,
khién viéc du bao chinh xac tré nén khoé khan. Do do, viéc dp dung cac ky thuat du bao tién tién la
rt quan trong dé nang cao d6 chinh xac ctia du bao. Hoc may (ML), mét tap hop con cla trf tué
nhan tao (Al), da chiing minh tinh hiéu qua va dugc st dung réng réi trong nhiéu linh vuc, dac biét
la du bdo. Nghién ctiu nay stt dung phuong phép dinh lugng dé danh gia hiéu qué clia cac mo
hinh hoc méy, cu thé la Bo nhé dai ngdn han (LSTM), trong viéc du bao gia ca phé. Nghién clu nay
st dung gid ca phé toan cau hang ngay trong hon 50 nam. M6 hinh LSTM c6 d6 chinh xac du bao
dat 98,31%. Két qua thir nghiém cho thdy LSTM vugt tréi hon ARIMA, mot trong nhiing phuaong
phéap du bdo théng ké dugc st dung thuong xuyén nhat. Hon nlta, nghién ctiu nay chiing minh
tinh hiéu qua ctia mo hinh ML trong viéc du béo gié ca phé, cu thé la LSTM, ANN, Gradient Boosting
va Random Forest. Tat c& cac moé hinh ML déu dat do chinh xac du bao cao, véi gia tri trén 98%.
Trong d6, LSTM co két qua tét nhat trong cac moé hinh ML. Tir do, nghién cliu nay dua ra cac giai
phép c6 tinh thuc tién nham thic ddy Ung dung cac phuong phap ML, céi thién d6 chinh xac du
bao va hiéu qua san xuat ca phé va gop phan phét trién chudi cung Uing bén vimg. Cac giai phép
nay gan lién vai cac cha thé chinh trong chudi cung iing bao gdm chinh phu, cac tadc nhan chinh
trong chudi cung tng, nha cung cap cong nghé va cac nha khoa hoc. Su hap tac giia cac chii thé
nay dong vai tro then chét dé trién khai va Ung dung thanh céng cac mé hinh du bao hoc may.
Tu khoa: ca phé, du bao, hoc may, bén viing

Trich dan bai bao nay: Thi Thdy Hanh N. Du bao gia bang may hoc: gidi phap thic day chudi cung
ung ca phé bén viing tai Viét Nam. VNUHCM J. Econ. Bus. Law. 2026; 10(2):6544-6554.
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