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Abstract. Agricultural commodity price forecasting plays a pivotal role in empowering farmers, traders,
policymakers, and stakeholders by enabling data-driven decisions that improve planning, reduce risk, and
enhance market efficiency. This project introduces an Al and Machine Learning (ML)-powered predictive
analytics system designed to forecast agricultural commodity prices by integrating diverse data sources such as
historical price records, weather conditions, and market trends. Developed using Python, the system leverages
Scikit-learn for robust model development and Streamlit to provide an intuitive and interactive user interface.
The core objective is to build accurate and reliable forecasting models that can dynamically predict future prices
based on user-provided parameters. To achieve this, multiple regression algorithms—including Linear
Regression, Random Forest Regressor, and Support Vector Machines (SVM)—are explored, allowing
comparative performance analysis to identify the most effective model. These models are trained on
comprehensive datasets that reflect various influencing factors on commodity prices, thus enhancing the
model’s predictive power. After training, the selected model is serialized using Pickle, facilitating efficient
storage and rapid deployment without the need to retrain. This serialized model can be seamlessly integrated
into the Streamlit-based web application, where users can input relevant variables such as past prices, rainfall,
temperature, or market index values to obtain real-time price predictions. The modular design ensures
scalability, while the user-friendly interface democratizes access to advanced ML tools, making it practical for
non-technical users in the agricultural domain. Moreover, the system's ability to simulate different scenarios by
adjusting input parameters offers valuable insights for planning crop cycles, managing inventory, and
optimizing pricing strategies. Ultimately, this AI-ML solution contributes to sustainable agricultural
development by reducing the uncertainty associated with commodity price fluctuations. It also supports
strategic decision-making and financial planning, which is critical in a sector that is often affected by
unpredictable environmental and economic factors. By combining data science techniques with real-world
agricultural challenges, the project not only demonstrates the power of machine learning in applied economics
but also provides a functional tool that has the potential to significantly improve the livelihood of those
dependent on agriculture.
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INTRODUCTION

Agriculture has always been a cornerstone of human civilization, providing essential resources such as
food, raw materials, and employment for a significant portion of the global population. In many countries,
particularly those with developing economies, agriculture continues to play a vital role in sustaining livelihoods,
ensuring food security, and contributing to national GDP. However, the agricultural sector is inherently vulnerable
to a variety of risks, including unpredictable weather patterns, pest outbreaks, global market fluctuations, and
political or trade-related uncertainties. Among these challenges, the volatility of agricultural commodity prices
remains one of the most critical concerns for stakeholders throughout the supply chain—from smallholder farmers
to policymakers and multinational agribusinesses.

Accurate forecasting of agricultural commodity prices is essential for informed decision-making. For
farmers, it helps determine what crops to plant, when to harvest, and whether to sell immediately or store produce.
For traders and distributors, price predictions influence purchasing strategies and inventory management.
Policymakers and government agencies rely on price forecasts to design subsidy programs, stabilize markets, and
ensure food affordability. Thus, having a reliable and dynamic forecasting system can substantially mitigate risks
and contribute to economic resilience in the agricultural sector.
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Traditionally, agricultural price forecasting has relied on econometric models and statistical tools such
as time series analysis, ARIMA models, and moving averages. While these methods have proven useful to some
extent, they often fall short when dealing with non-linear relationships and complex interactions among multiple
variables. The rapidly evolving data landscape and the availability of diverse data sources—including satellite
imagery, real-time weather updates, global commodity indices, and social media sentiment—necessitate more
advanced and adaptable forecasting techniques. This is where Artificial Intelligence (Al) and Machine Learning
(ML) technologies offer a promising alternative.

Machine Learning, a subset of Al, excels in identifying hidden patterns within large and complex
datasets. ML models can learn from historical data, recognize trends, and make accurate predictions without being
explicitly programmed for each scenario. Unlike traditional models that may require rigid assumptions about data
distribution or linearity, ML approaches are inherently flexible and scalable. This adaptability makes them
particularly suitable for agricultural commodity price forecasting, where price behavior is influenced by a wide
range of interdependent factors.

This project focuses on developing a predictive analytics system that leverages Al and Machine Learning
to forecast the prices of agricultural commodities. The goal is to design a solution that is both technically robust
and user-friendly, enabling end-users—including farmers, traders, and policymakers—to access reliable price
forecasts and make data-informed decisions. The system is developed using Python, a versatile programming
language widely used in the data science community, and incorporates the Scikit-learn library for implementing
various ML algorithms. For the user interface, Streamlit is utilized to create an interactive and accessible web
application, allowing users to input relevant data and obtain predictions in real time.

The forecasting system is built using a structured pipeline that includes data collection, preprocessing,
model training, evaluation, serialization, and deployment. Historical commodity price data is combined with
auxiliary variables such as weather information, seasonality, supply-demand patterns, and market indices. These
features are preprocessed to ensure consistency, remove noise, and fill missing values. The processed dataset is
then used to train different regression models, including Linear Regression, Random Forest Regressor, and
Support Vector Machines (SVM). These models are chosen for their complementary strengths—Linear
Regression offers interpretability, Random Forest captures complex nonlinear relationships, and SVM provides
robust generalization with fewer data points.

Model performance is evaluated using standard regression metrics such as Mean Absolute Error (MAE),
Root Mean Squared Error (RMSE), and R-squared (R?) to identify the most accurate and reliable model. Once the
best-performing model is selected, it is serialized using Pickle, a Python library that allows for saving and loading
trained models without retraining. This serialized model is then integrated into the Streamlit-based application,
where users can interact with it dynamically by providing input variables relevant to their context.

The user interface is designed to be intuitive and accessible even to users with minimal technical
knowledge. It enables users to select a specific commadity, enter parameters such as recent market prices, weather
forecasts, or regional factors, and receive an instant prediction of future prices. The interactive dashboard also
visualizes historical trends and model performance metrics, providing additional context to support user decision-
making.

One of the key advantages of this Al-ML-based system is its adaptability. As new data becomes
available—whether from updated price records, changing climate conditions, or emerging global events—the
models can be retrained periodically to maintain forecasting accuracy. This ensures that the system remains
relevant and continues to offer actionable insights over time. Moreover, the modular design of the application
allows for the incorporation of additional features or the replacement of models with more advanced algorithms
in the future, such as Long Short-Term Memory (LSTM) networks or Gradient Boosting Machines (GBM).

Beyond the immediate use case of commodity price forecasting, the broader implications of this project
are significant. It demonstrates how Al and ML can be harnessed to tackle real-world challenges in agriculture—
a sector that has traditionally lagged in digital transformation. By reducing the uncertainty associated with price
fluctuations, this system can contribute to better financial planning, reduce post-harvest losses, and improve supply
chain efficiency. It also empowers farmers with the knowledge to negotiate better prices and plan their activities
more effectively, thereby enhancing their overall economic well-being.

Furthermore, the system aligns with global initiatives aimed at promoting smart agriculture and
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sustainable development. As climate change and population growth place increasing pressure on food systems,
leveraging data-driven tools becomes essential to optimize agricultural practices, reduce waste, and ensure
equitable food distribution. This project provides a blueprint for integrating modern technology into agriculture in
a practical and impactful way.

In conclusion, this project represents a significant step toward modernizing agricultural decision-making
through Al and Machine Learning. By creating a predictive analytics system that is accurate, adaptable, and user-
friendly, it addresses a critical need in the agricultural sector. The integration of diverse data sources, the
application of advanced ML algorithms, and the deployment of an interactive web interface collectively contribute
to a powerful tool that supports risk reduction, enhances planning, and promotes sustainable growth. As data
availability and computational capabilities continue to expand, such Al-driven solutions will play an increasingly
central role in shaping the future of agriculture.

LITERATURE SURVEY

1. Bhardwaj et al. (2023)

Title: An innovative deep learning based approach for accurate agricultural crop price prediction
Summary:
This study introduces a novel hybrid deep learning framework that combines Graph Neural Networks (GNNs) and
Convolutional Neural Networks (CNNs) for crop price prediction. The authors emphasize the importance of
spatial and temporal data integration, using geospatial dependencies and local market dynamics. Their model
significantly outperforms traditional regression models and even some deep learning baselines by at least 20%.
The architecture allows for enhanced feature extraction and efficient time-series forecasting, particularly for crops
whose prices are influenced by region-specific factors.

2. Zhang et al. (2025)

Title: Avocado price prediction using a hybrid deep learning model: TCN-MLP-Attention architecture
Summary:
Zhang et al. propose a three-component hybrid model integrating Temporal Convolutional Networks (TCNSs),
Multi-Layer Perceptrons (MLPs), and attention mechanisms to forecast avocado prices. This approach captures
sequential patterns, long-term dependencies, and feature relevance more effectively than single-model
architectures. The inclusion of the attention layer ensures that the model identifies the most influential input
variables dynamically, improving performance in volatile markets. The authors demonstrate that this method
generalizes well across different forecast horizons.

3. Jain et al. (2020)

Title: A framework for crop price forecasting in emerging economies by analyzing the quality of time-

series data
Summary:
Focusing on the quality of input data, Jain et al. offer a methodological framework to assess and improve the time-
series datasets before using them in predictive models. They argue that in emerging economies, data
inconsistencies and missing entries often degrade model performance. The paper proposes preprocessing
techniques such as interpolation, noise filtering, and temporal regularization. Once cleaned, the dataset is applied
to both ARIMA and ML models, with significant improvements in accuracy observed.

4. Chenet al. (2021)

Title: Automated agriculture commodity price prediction system with machine learning techniques
Summary:
Chen et al. developed a complete prediction system using ML models like Random Forest, XGBoost, and LSTM
for forecasting various commodity prices. The system features an automated data pipeline and a user-friendly
interface. Among the tested models, LSTM showed the best performance due to its capability to handle temporal
dependencies. The paper also underscores the benefits of integrating market signals, weather data, and supply-
chain indicators into the model input.

5. Jaiswal et al. (2023)

Title: Agricultural commodity price prediction using Long Short-Term Memory (LSTM) based neural
networks
Summary:
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This study applies LSTM networks to predict the price of maize in India, showing that LSTM models effectively
handle seasonality and noise in price data. Their model is trained on historical price data, along with climatic
variables, to enhance prediction accuracy. Compared to traditional regression models, the LSTM model offers
superior Mean Absolute Error (MAE) and Root Mean Squared Error (RMSE) metrics. The research supports the
growing adoption of deep learning in agribusiness analytics.

6. R. L., M. (2021)

Title: Forecasting spot prices of agricultural commodities in India: Application of deep-learning models
Summary:
This paper investigates various deep learning techniques—especially LSTM and GRU—for forecasting spot
prices of rice and wheat in India. The study compares these models with ARIMA and finds that deep learning
models consistently outperform in terms of long-term prediction stability. A key contribution is the use of real-
time market and weather inputs, enabling near-real-time forecasting applicable for farmer advisory systems and
procurement planning.

7. Bhaskara et al. (2023)

Title: Predicting prices of cash crop using machine learning
Summary:
This paper presents a comparative analysis of ML models including Linear Regression, Random Forest, and
Gradient Boosting for predicting the price of cash crops like cotton. The authors find that tree-based ensemble
methods such as Random Forest deliver better performance due to their non-parametric nature and ability to
manage nonlinear patterns in agricultural data. The study also stresses the importance of feature selection in
boosting model performance.

8. Tran et al. (2023)

Title: Predicting agricultural commodities prices with machine learning: A review of current research
Summary:
This review article synthesizes recent advancements in ML applications for agricultural price forecasting. It
categorizes models into statistical, machine learning, and deep learning approaches, and highlights the increasing
popularity of hybrid and ensemble models. The authors discuss common challenges such as data scarcity, model
interpretability, and deployment limitations. Key recommendations include developing explainable Al (XAl)
systems and enhancing multi-modal data fusion.

9. Manogna, R. L. (2021)

Title: Forecasting prices of agricultural commaodities using machine learning for global food security
Summary:
Manogna focuses on the strategic importance of price forecasting in ensuring food security. Using regression
models like SVR, Ridge Regression, and Random Forest, the paper evaluates short-term price movements for key
staples such as pulses and cereals. Results indicate that SVR performs best when trained with weather, import-
export, and historical pricing data. The research supports policy-level use of ML for subsidy planning and market
stabilization.

10. Kumar, V., Singh, A., & Rani, R. (2022)

Title: Agricultural product price forecasting wusing hybrid machine learning models
Summary:
This work proposes a hybrid ensemble framework that combines the strengths of ARIMA, LSTM, and SVR. Each
model captures different aspects of the price time series: ARIMA models linear trends, LSTM captures sequential
dynamics, and SVR addresses short-term nonlinearity. Results demonstrate that this multi-model approach
achieves the lowest prediction errors across multiple crops. The authors also implement feature importance
techniques to identify key driving variables.

11. Ali, S., Yousaf, M., & Shahbaz, M. (2021)

Title: Machine learning to predict grains futures prices
Summary:
This paper focuses on forecasting futures prices for grains using ML models such as Support Vector Regression
(SVR), Decision Trees, and ensemble techniques. It reveals that futures markets exhibit higher volatility and
require models capable of quick adaptation. SVR outperformed others due to its robustness in high-dimensional,
noisy datasets. The study also explores feature engineering techniques like rolling averages and market sentiment
scores to improve accuracy.
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12. Rao et al. (2023)

Title: AI-ML driven predictive analytics for forecasting prices of agricultural commodities
Summary:
Rao et al. present an end-to-end predictive analytics system using Python and Streamlit for real-time forecasting.
The model integrates Random Forest, SVR, and LSTM for performance benchmarking. A key innovation is the
serialized Pickle model that allows fast deployment on mobile and web applications. This system is designed with
farmers and agri-businesses in mind, offering actionable insights in a user-friendly format.

PROPOSED SYSTEM

In a consortium of organizations, data collaboration and secure sharing of digital assets play a vital role in
streamlining operations and fostering innovation.

Forecasting agricultural commodity prices plays a pivotal role in reducing uncertainties faced by farmers,
traders, policymakers, and stakeholders. Effective price prediction models allow stakeholders to make better-
informed decisions on investments, production, and trade. To achieve this, a detailed and structured approach to
data collection, data preprocessing, exploratory data analysis (EDA), model selection, model training, and
evaluation is essential. This framework can ensure that the models used for predicting prices are both accurate
and reliable. In this section, we will expand on each of these steps, elaborating on the critical tasks involved.

1. Data Collection

The first step in the process of price forecasting is data collection. Agricultural prices are influenced by a
variety of factors, including historical price trends, environmental conditions, and economic indicators. Therefore,
comprehensive data from different sources is required to build an effective predictive model.

Sources:

e Historical Price Data: This data is essential for any price prediction model. Historical price data provides
a time series of past prices, enabling the model to learn trends and patterns. Sources for such data include
government agricultural departments, commodity exchanges, and industry reports.

e Weather Conditions: Weather is one of the most significant factors that influence agricultural production.
Temperature, rainfall, and seasonal changes can affect both the yield and quality of crops, subsequently
influencing their prices. Weather data can be sourced from meteorological agencies or global weather
databases.

e Economic Indicators: Economic conditions such as inflation rates, exchange rates, and interest rates play
arole in price determination. These economic indicators often influence the demand and supply chain. For
instance, rising inflation can lead to higher commodity prices due to increased production costs.

e Trade Data: Trade data involves the import and export statistics of agricultural commaodities, providing
insights into global supply and demand. This data can help predict price fluctuations based on international
market trends.

Data Types:

e Time Series Data: The most crucial type of data for price prediction is time series data, where the values
(prices, in this case) are collected at regular time intervals. Time series data is critical for capturing trends,
cycles, and seasonality, which are fundamental in forecasting agricultural commodity prices.

o Market Sentiment Analysis: Social media platforms, news articles, and market reports often influence the
perception of commodity prices. Sentiment analysis, powered by Natural Language Processing (NLP), can
gauge the overall sentiment surrounding a commodity, helping to predict price movements.

e Environmental Factors: External factors, such as geopolitical events, natural disasters, and technological
advancements, can disrupt agricultural production and trade. By analyzing these factors, stakeholders can
gain a better understanding of potential risks that might affect commodity prices.

2. Data Preprocessing
Once data has been collected, it requires preprocessing to ensure its quality and consistency for model
development. Raw data often contains missing values, outliers, or other issues that could impair the performance
of machine learning models.
Cleaning:
e Handling Missing Values: Agricultural data can often be incomplete, especially in emerging markets.
Common strategies for handling missing values include:
o Imputation: Replacing missing values with estimates, such as the mean, median, or the result of
more sophisticated imputation techniques like KNN (K-Nearest Neighbors) imputation.
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o Forward/Backward Fill: Filling missing values by carrying forward or backward the last known
data point, especially useful in time series data.

e Removing Outliers: Extreme values, if not reflective of actual events, can skew predictions. Detecting and
removing outliers can be done using statistical techniques like Z-scores or Interquartile Range (IQR)
filtering.

e Normalizing Data: To avoid issues with variable scales, data normalization or standardization is
performed. For instance, commodity prices could range from low values to high values, while features like
temperature or rainfall may be on entirely different scales. Common methods include Min-Max
normalization and Z-score standardization.

Feature Engineering:
Feature engineering refers to the process of creating new variables or modifying existing ones to improve
model performance.

e Lag Features: In time series forecasting, past values are predictive of future prices. Lag features involve
creating new variables that represent the value of a feature at previous time steps (e.g., "price_last_month"
or "rainfall_last_week™").

¢ Rolling Averages: To capture trends in the data and smooth out short-term fluctuations, rolling averages
(e.g., 7-day, 30-day) are computed for variables like commaodity prices, temperature, or rainfall.

e Seasonality Indicators: Given that agricultural prices often exhibit seasonality (e.g., higher prices during
droughts or harvest seasons), features indicating the season of the year or the crop cycle can be added to
the dataset.

e Economic Factors Integration: It’s also essential to integrate economic variables such as inflation rates,
GDP, and trade tariffs, as they can provide crucial insights into price volatility.

3. Exploratory Data Analysis (EDA)

After preprocessing, Exploratory Data Analysis (EDA) allows us to understand the data better and
uncover underlying patterns or trends.

Trend Analysis:

Trend analysis involves examining the historical price data to identify long-term movements in the price
of agricultural commodities. This is typically done by plotting the data over time to visualize any increasing or
decreasing trends, cyclical patterns, or sudden shifts in prices due to events like natural disasters or market crashes.

Stationarity Checks:

A critical assumption in time series modeling is that the data should be stationary. A stationary time series
has constant mean, variance, and autocovariance over time. Non-stationary data may lead to inaccurate model
predictions. Statistical tests, such as the Augmented Dickey-Fuller (ADF) test, can be applied to check if the data
is stationary. If the data is non-stationary, transformation methods like differencing or log transformations may be
required.

Correlation Analysis:

Understanding the relationships between various variables is key to feature selection and model
interpretation. For instance, price changes might be strongly correlated with rainfall in a specific region, while
other variables like trade volumes might have less impact. Correlation matrices and heatmaps can visually display
the degree of relationships between different features and target variables.

4. Model Selection

After the data is prepared, the next step is to select the right machine learning or deep learning model for
predicting agricultural commodity prices. The choice of model depends on the complexity of the data, the amount
of data available, and the desired accuracy.

Machine Learning Algorithms:

e Random Forest: This ensemble method works by constructing multiple decision trees and averaging their
predictions. It’s especially effective for capturing non-linear relationships and can handle high-dimensional
data with ease.

e Gradient Boosting: Another powerful ensemble learning method, Gradient Boosting builds trees
sequentially, where each tree corrects the errors made by the previous ones. It often outperforms Random
Forest in terms of accuracy but is more prone to overfitting.

e Support Vector Machines (SVM): SVM is effective for classification and regression problems with non-
linear relationships. It works well when the number of features is large compared to the number of
observations, making it suitable for certain agricultural datasets.

Deep Learning Approaches:

e Long Short-Term Memory (LSTM): LSTM is a type of Recurrent Neural Network (RNN) designed to

handle sequences of data, making it ideal for time-series forecasting. LSTM can capture long-term
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dependencies in the data, making it particularly useful for price prediction in agriculture, where past data
can influence future prices for extended periods.

5. Model Training & Hyperparameter Tuning

Model training is a crucial step, where the model learns from the data. Training involves splitting the data
into training and test sets. The training set is used to fit the model, while the test set is used to evaluate its
generalizability.

Cross-Validation:

In time-series data, traditional cross-validation (like K-fold) is not appropriate because it could lead to data
leakage. Time-series cross-validation involves splitting the data into training and validation sets while ensuring
that the validation set is always later in time than the training set. This way, we simulate the real-world forecasting
scenario.

Parameter Optimization:

Hyperparameter tuning is necessary to find the best configuration for the chosen model. Techniques such
as Grid Search (testing all possible hyperparameter combinations) and Random Search (randomly selecting
hyperparameters from a predefined range) can be applied to find the optimal values that minimize prediction
errors.

6. Model Evaluation
Finally, once a model is trained, its performance must be evaluated using appropriate metrics.
Performance Metrics:
e Mean Absolute Error (MAE): This metric gives the average magnitude of the errors in predictions,
without considering their direction. It’s useful for assessing the overall performance.
e Root Mean Squared Error (RMSE): RMSE penalizes larger errors more heavily, providing a sense of
how well the model performs on large deviations in price predictions.
e R-squared (R?) Score: This metric indicates how well the model’s predictions match the observed data. A
higher R2 value indicates a better fit.
Residual Analysis:
Residual analysis involves plotting the residuals (the differences between predicted and actual values) to
check if the model is well-calibrated. Ideally, residuals should exhibit no patterns, confirming that the model has
captured all the useful information from the data.

RESULTS AND DISCUSSION

In the context of agricultural commaodity price prediction, model evaluation is a critical step to assess the accuracy
and robustness of forecasting models. These models, which may include machine learning and deep learning
algorithms, are designed to predict commaodity prices based on historical data, economic indicators, and other
relevant factors. However, the success of these models hinges on their ability to make accurate predictions. To
achieve this, the performance of these models needs to be measured rigorously using several evaluation metrics.
The most commonly used metrics in this regard are Mean Absolute Error (MAE), Root Mean Squared Error
(RMSE), and R-squared (R?). These metrics help assess how well a model fits the data and predict future prices.

In the agricultural sector, where price volatility is often influenced by various external factors such as weather
conditions, geopolitical events, and market sentiment, accurate forecasting is essential. Model evaluation metrics
allow stakeholders, including farmers, traders, and policymakers, to make informed decisions based on the
predictive model’s performance. Let’s explore each of these evaluation metrics in detail:

1. Mean Absolute Error (MAE)

Mean Absolute Error (MAE) is one of the simplest and most commonly used metrics for evaluating regression
models. MAE calculates the average of the absolute differences between predicted and actual values. It is a
straightforward way to understand the magnitude of prediction errors and is particularly useful when the goal is
to minimize the overall deviation between predicted and observed values.

Interpretation of MAE:

e Low MAE: A lower MAE indicates that the model’s predictions are close to the actual values, meaning
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the model is performing well in terms of accuracy.

e High MAE: A higher MAE suggests that the model is making larger errors in its predictions, which can
be problematic, especially in forecasting agricultural prices where precise predictions are needed for
decision-making.

Since MAE treats all errors equally (by taking the absolute value of the difference), it does not penalize larger
errors more than smaller ones. This is advantageous in situations where it is important to avoid large discrepancies
in predictions. For instance, when predicting agricultural commodity prices, a small error in price prediction is
less detrimental than a large one. MAE, therefore, is a good general-purpose metric but may not always highlight
models’ performance on large deviations as strongly as other metrics.

Advantages of MAE:

o Easytointerpret.

e Provides a direct measure of average model error.

e Does not require assumptions about the distribution of errors.
Limitations of MAE:

e MAE does not differentiate between large and small errors, which can be a limitation when some deviations
in predictions have a more significant impact than others.

2. Root Mean Squared Error (RMSE)

Root Mean Squared Error (RMSE) is another widely used metric for evaluating regression models. RMSE
takes the average of the squared differences between predicted and actual values, then takes the square root of that
average. The primary advantage of RMSE over MAE is that it penalizes larger errors more heavily due to the
squaring of differences. This characteristic makes RMSE more sensitive to large errors, which can be useful when
large prediction deviations are particularly undesirable.

e Low RMSE: A lower RMSE indicates that the model performs well in terms of both accuracy and
consistency. The closer the predicted values are to the actual values, the lower the RMSE will be.

e High RMSE: A higher RMSE suggests that the model is consistently making larger errors, which can
significantly affect the quality of the model's predictions.

Unlike MAE, RMSE gives more importance to large errors, meaning it is particularly useful when large deviations
from the true price are undesirable in agricultural price prediction. For instance, an overestimate of commodity
prices by 10% could lead to wasted investments, while an underestimate of 10% could result in lost profit
opportunities. Thus, RMSE ensures that models minimize the chances of making significant prediction errors.

Advantages of RMSE:
e  Penalizes larger errors, making it more sensitive to outliers.
e  Provides a better indication of how well the model fits the data when large errors are especially problematic.

e Suitable for problems where large deviations have a significant impact on outcomes, such as in pricing
decisions.

Limitations of RMSE:
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e Since RMSE squares the errors, it is more sensitive to outliers, which might lead to the model being overly
penalized for a few large errors.

e The interpretation of RMSE can be more difficult than MAE because the error term is in the squared units
of the predicted variable (e.g., squared currency units).

3. R-squared (R?)

R-squared (R?) is a metric that evaluates how well the independent variables (or features) in a model explain the
variability in the dependent variable (or target). In simple terms, R? measures the proportion of the variance in the
observed data that is explained by the model. An R? value close to 1 indicates that the model explains a high
proportion of the variance, while a value close to 0 indicates poor explanatory power.

Interpretation of Rz
e R2=1:The model perfectly predicts the target variable, and there is no unexplained variance.

e R2=0: The model does no better than simply predicting the mean value of the target variable for all
observations.

e Negative Rz In some cases, Rz can be negative if the model performs worse than simply predicting the
mean value, indicating poor model performance.

R2 is a useful metric for understanding how well the model explains the data. In the case of agricultural price
forecasting, if the R2 value is high, it indicates that the model can effectively capture the trends and variations in
commodity prices, which is essential for accurate decision-making. Conversely, a low R2 suggests that the model
is unable to capture important price movements, thus limiting its usefulness.

Advantages of Rz
e Easy to understand and interpret as it represents the proportion of variance explained by the model.
e  Useful for comparing models with different levels of complexity.

Limitations of R

e R2can be misleading if the model has too many variables (overfitting), as it may give a false sense of
predictive power.

e Itisnot a good metric when comparing models with different types of data (e.g., time series data versus
static data).

CONCLUSION

In conclusion, forecasting agricultural commodity prices is a highly complex yet essential task for farmers,
traders, policymakers, and other stakeholders who rely on accurate price predictions for effective decision-making.
This process requires sophisticated machine learning models that can integrate multiple factors, such as historical
price data, weather conditions, economic indicators, and market sentiment, to predict future price trends. The
evaluation of these models is crucial for ensuring their accuracy and reliability, and three primary metrics—Mean
Absolute Error (MAE), Root Mean Squared Error (RMSE), and R-squared (R?)—serve as the cornerstone of this
assessment. MAE offers a straightforward measure of the average error in predictions, providing a clear indication
of model accuracy, while RMSE goes a step further by penalizing larger errors, making it more sensitive to
significant deviations in predicted values, which is vital when large price fluctuations can have profound economic
impacts. R2, on the other hand, assesses how well the model explains the variance in the observed data, offering
valuable insight into its overall explanatory power. By employing these metrics, we gain a comprehensive
understanding of how well the models are performing, and can identify areas for improvement, whether it’s
reducing error magnitude or improving the model’s ability to capture underlying patterns in the data. Each of these
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metrics has its strengths and weaknesses, and when used together, they provide a nuanced picture of model
performance, guiding further refinements and optimizations. The integration of advanced machine learning
techniques such as Random Forest, Support Vector Machines (SVM), and Long Short-Term Memory (LSTM)
networks, combined with these robust evaluation metrics, holds the potential to revolutionize agricultural price
forecasting. With these methods, stakeholders can better navigate the inherent uncertainties of the agricultural
market, making more informed decisions that can reduce risk, enhance financial planning, and ultimately
contribute to the stability and sustainability of the agricultural sector. Therefore, it is clear that continuous
refinement of forecasting models, driven by rigorous evaluation and the use of sophisticated machine learning
algorithms, is essential to improving the accuracy and reliability of agricultural commodity price predictions,
enabling more effective and efficient decision-making across the agricultural value chain.
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