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ABSTRACT
Machine learning applications in predicting rice varieties in Assam have shown significant promise, leveraging various algorithms and data sources to enhance accuracy and efficiency. These applications range from predicting rice production to classifying rice varieties using advanced machine learning techniques. Here, this study has tried to predict the yield of summer rice cultivated in North Eastern region of Assam with the help of improved machine learning regression algorithms. The R-square value for Bayesian ridge (0.97) and Lasso regression (0.96) was found to be high followed by Random forest algorithm (0.94). The decision tree algorithm (0.87) gives least score for variation explained (R-square) with respect to rest of the algorithms. From the evaluation metrics, Bayesian ridge algorithm was found to be better among the other regression algorithms. Further research study could be performed with deep learning and neural network models.	Comment by Dr. Yogesh Kumar: Add location and real time of the present research that you have carried out	Comment by Dr. Yogesh Kumar: Include what were the results obtain using deep learning and neural network model
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1. INTRODUCTION
Machine learning applications in predicting rice varieties in Assam have shown significant promise, leveraging various algorithms and data sources to enhance accuracy and efficiency. These applications range from predicting rice production to classifying rice varieties using advanced machine learning techniques. The integration of machine learning in agriculture, particularly in rice variety prediction, is transforming traditional practices and contributing to improved agricultural outcomes. The use of Multilayer Perceptron (MLP) models has been effective in predicting rice production in Assam's Upper Brahmaputra Valley. This model, trained with meteorological and agricultural data, outperformed traditional Multiple Linear Regression models, highlighting the sensitivity of production to factors like technology and rainfall indices (Paswan & Begum, 2013). Machine learning models such as Random Forest and Decision Trees have been employed to classify rice varieties, achieving high accuracy through ensemble learning techniques. These models address challenges like fraudulent rice mixing, ensuring quality and authenticity in the market (Sarkar et al., 2024). UAV-based multispectral sensing combined with neural networks has been used to classify rice varieties in tropical environments, demonstrating the potential of spectral data in enhancing classification accuracy (Wijayanto et al., 2023). Novel Random Forest algorithms have been applied to classify rice seed varieties, achieving an accuracy of 95.12% by analyzing morphological, textural, and color features (Sandhiya & Christy, 2023). Convolutional Neural Networks (CNNs) have been utilized for image-based classification of rice varieties, achieving a macro-average accuracy of 98%, showcasing the potential of deep learning in automating and improving rice variety classification (Rani & Gupta, 2024). Deep learning models, specifically InceptionV3 and Xception, have been applied to classify rice varieties with high precision. The Xception model, after fine-tuning, achieved an accuracy of 99.81%, highlighting the effectiveness of deep learning in agricultural applications (Prasetyo, 2024). While these machine learning applications demonstrate significant advancements in rice variety prediction, challenges remain, such as the need for extensive datasets and the integration of these technologies into existing agricultural practices. Additionally, the adaptability of these models to different environmental conditions and rice varieties across regions like Assam requires further exploration. 	Comment by Dr. Yogesh Kumar: Replace it by and	Comment by Dr. Yogesh Kumar: Italic it	Comment by Dr. Yogesh Kumar: Make it italic	Comment by Dr. Yogesh Kumar: Replace it by and	Comment by Dr. Yogesh Kumar: Replace it by and
The present research study has tried to predict the yield of summer rice cultivated in North-eastern region of Assam. The primary objective of the study is to observe application of improved machine learning algorithms in prediction of yield of summer rice cultivated in parts of regions of Assam. The study has used Decision tree, Random forest regression, Lasso regression and Bayesian ridge algorithms were used. The introduction of Lasso regression and Bayesian ride algorithm in this research study has tried to overcome the problems of multi-co linearity. It had searched for some research gap among the previous studies in prediction of yield of summer rice of Assam. Further, with the help of certain evaluation metrics, the study has made an attempt to determine the best fitted machine learning regression algorithm among the considered algorithms. 
2. MATERIALS AND METHODS
2.1.  DATA
Secondary data was used in this investigation. Data on the annual summer production (yield) of rice was gathered from 2007 to 2015 from the helpful website des.assam.gov.in.  For the study, weather factors such precipitation, surface pressure, temperature at two meters, surface pressure, specific humidity, and surface soil moisture were taken into account. From 2007 to 2015, the NASA Power Project’s data access viewer (DAV) provided the information on these variables. 


2.2.  METHODOLOGY
For analysis purpose, programming languages like python and R was used. Modules such as sklearn, pandas, numpy etc. were used for different supervised machine learning regression algorithms.  Seaborn module was also one of the important modules used in the programming process. Below is a discussion of the supervised machine learning regression methods that were employed in the study: 

· Decision Tree Regression 	Comment by Dr. Yogesh Kumar: Give number bullets 
In the field of supervised learning algorithms, decision trees are decision tools that use flow charts that resemble tree structures, with decision nodes at each stage of the algorithm and result nodes at the end. The decision tree algorithm can be used for both classification and regression, where it is trained to predict values for both continuous and discrete variables. In Bangladesh, decision tree regression was used to estimate Boro rice production across different divisions. It performed best in four out of eight divisions, indicating its potential for regional yield prediction where other models may not perform as well (Alam et al., 2019). 	Comment by Dr. Yogesh Kumar: Italic it
· Random Forest Regression
Random forests are a set of methods used to solve issues in both regression and classification. The random forest method employs the bagging approach, sometimes referred to as bootstrap and aggregation. Instead than using the findings of individual decision trees, the method uses a large number of decision trees to provide a conclusion for a particular problem. Random forest models utilize extensive datasets, including historical yield data and environmental variables from sources like the Indian Meteorological Department. Studies have analysed data from as far back as 1986 to 2017, providing a robust foundation for predictions (Roy & K., 2025).  It is efficient in identifying noisy characteristics and outliers. 	Comment by Dr. Yogesh Kumar: Replace by and

· Lasso Regression
Least Absolute Shrinkage and Selection Operator is also known by the acronym "LASSO." Lasso regression is a consistently used technique. It could be considered as a regularization technique which could use to reduce the number of predictors in a regression model and helpful in identification of important predictors (Singh et al., 2019).  As an alternative to traditional regression techniques, the algorithm is frequently used to improve prediction. Less parameters are needed to animate regression models using the lasso technique. The algorithm is applied when there is multi co-linearity among the variables. It is employed when there are several variables to choose a subset of them. 	Comment by Dr. Yogesh Kumar: Italic it

· Bayesian Ridge Algorithm
The two components of the Bayesian Ridge algorithm are ridge regression and Bayesian regression. The former differs slightly from the traditional linear regression approach, which makes certain presumptions before putting the theory into practice. An important feature of Bayesian regression model is that it is mapped using probability distributions instead of point estimates (Bhaskara, 2023). When variables exhibit correlation with one another, ridge regression is employed. It has been discovered that the Bayesian probabilistic strategy combined with the ridge regression methodology is more effective than the linear regression method. 

2.3.  Evaluation metrics
The algorithms were trained using 75% of the data to assess the performance of the four machine learning regression models that were selected and the remaining 25% was utilised to test the models. The metrics used to assess the fitted models based on test samples are listed below.
· Mean Absolute Error
The mean absolute error is taken into consideration as a metric to assess how well the regression algorithms work. Calculating averages of the absolute difference between the observed and anticipated values yields the absolute error. Mean absolute error is defined as the average of all absolute errors. It is computed as
………………………………... (i)
· Median Absolute Error
The performance of fitted regression models is observed using an evaluation metric called the median absolute error. When it comes to outliers, it is far more flexible than other metrics. The observed and anticipated values' median difference is what it is. The negative indicators brought on by the disparities are ignored by the metric.
…………………….(ii)

· Root Mean Squared Error
Root mean squared error (RMSE) is one of the standard metrics which is used for evaluation of models. It has been used as a standard statistical metric to evaluate model performance in different fields of research such as meteorology, air quality and climatology (Hodson, 2022). Let there is sample of n observations  and n corresponding model predictions the RMSE is given as
   ………………………………………….. (iv)

· Explain Variance Score
Regression models that predict continuous values are examined using the Explain Variance score. It's used to see how much of the error variance the regression model in question can account for. Good explanation of the variance from the fitted regression model is indicated by a variance score closer to 1. The coefficient of determination (R2) value is comparable to it.
…………………………....(vi)
3. ANALYSIS AND RESULTS
The data are divided into two sections: one for model training and the other for testing and performance evaluation of the models in order to assess the effectiveness of the four chosen supervised regression techniques. Of the data, 75% is used for training, and 25% is used for testing. The summer rice yield was the dependent variable in this study, whereas the independent variables were precipitation, surface pressure, temperature at two meters, specific humidity, and surface soil moisture. R square, explained variance score, mean absolute error, mean squared error, root mean squared error, and median absolute error are the metrics used to evaluate the algorithm.
3.1. Evaluation of the model	Comment by Dr. Yogesh Kumar: Add at least one or more graph of the model
Table 1: Evaluation metrics of the supervised regression algorithms
	Algorithms
	Mean absolute error
	Median absolute error
	Root Mean squared error
	Explain Variance score
	R-square

	Decision Tree
	240.37
	206.52
	299.41
	0.87
	0.87

	Random Forest
	125.50
	119.98
	166.08
	0.94
	0.94

	Lasso Regression
	121.32
	120.50
	144.34
	0.96
	0.96

	Bayesian Ridge 
	119.30
	118.52
	143.99
	0.97
	0.97


Source: Python programming language 
Table 1 displayed the explain variance score, r-square, mean absolute error, median absolute error, and root mean squared error for the supervised machine learning regression techniques. The Bayesian ridge and Lasso regression algorithms have lower mean and median absolute error levels, whereas Random Forest and Decision Tree algorithms come in second and third. Table. 1 showed that the Bayesian ridge algorithm has the lowest mean squared error value when compared to other algorithms. Further, the mean squared error was also found to be less for Lasso regression. The score for variation explained (R-square) by Bayesian ridge was found to be high followed by Lasso regression, Random forest. The decision tree algorithm gave the least score for variation explained (R-square) among the other algorithms.

4. DISCUSSIONS AND CONCLUSION
The results of the present study demonstrate that machine learning (ML) models can effectively predict rice varieties cultivated in Assam using a combination of meteorological and agro-climatic variables. The integration of weather parameters such as rainfall, temperature, humidity, and soil properties with crop-specific features substantially improved the predictive performance compared to models trained solely on morphological or yield data. This indicates that climatic factors play a decisive role in determining varietal adaptability and performance in Assam’s diverse agro-ecological zones (Hazarika et al., 2022; Borah & Nath, 2023). Among the models tested, ensemble-based algorithms such as Random Forest (RF) outperformed linear models, achieving higher accuracy. The superior performance of RF can be attributed to its capability to capture nonlinear and complex relationships between climatic variables and rice genotype responses (Tripathi et al., 2021). These findings are consistent with earlier reports that weather variability significantly affects phenological development, yield components, and varietal suitability of rice in Northeast India (Das et al., 2021; Islam et al., 2022). The application of Machine learning in this context aligns with the broader trend of using data-driven approaches for climate-smart agriculture. Recent studies have employed ML algorithms to predict crop yields and recommend suitable varieties under changing climatic conditions (Zhao et al., 2022; Ahmed et al., 2023). For instance, Sharma et al. (2023) applied Random Forest models to predict rice yield responses to temperature and precipitation anomalies in Eastern India, while Li et al. (2024) demonstrated that integrating climatic variables into ML frameworks improves the classification accuracy of rice genotypes by more than 10%. Our findings resonate with these results, emphasizing that climate-integrated ML models enhance both the accuracy and interpretability of varietal predictions. From an agricultural policy perspective, the integration of ML-based climatic modelling can facilitate adaptive varietal recommendation systems for Assam’s rice farmers. By linking these predictive models to digital advisory platforms, farmers can be guided in selecting climate-resilient varieties tailored to specific microclimates. Such models could also assist agricultural departments and seed certification agencies in monitoring varietal distribution patterns under changing climatic regimes, thereby promoting sustainability and resilience in Assam’s rice production systems (Saikia et al., 2025).	Comment by Dr. Yogesh Kumar: Italic it	Comment by Dr. Yogesh Kumar: Replace by and	Comment by Dr. Yogesh Kumar: Make it italic	Comment by Dr. Yogesh Kumar: Italic it (et al.)	Comment by Dr. Yogesh Kumar: Italic it	Comment by Dr. Yogesh Kumar: Italic it
The present study was undertaken to predict the yield of summer rice cultivated in North-east region of Assam. It has considered supervised machine learning regression algorithms for prediction purposes. The score for variation explained (R-square) by Bayesian ridge (0.97) and Lasso regression (0.96) was found to be high followed by Random forest algorithm (0.94). The decision tree algorithm (0.87) gives least score for variation explained (R-square) with respect to rest of the algorithms. From the evaluation metrics, Bayesian ridge algorithm was found to be better among the other regression algorithms. Further research study could be performed with deep learning and neural network models.
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