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COMPARATIVE ANALYSIS OF ARIMA AND LSTM MODELS IN FORECASTING EGG PRODUCTION TRENDS IN INDIA Kashmiri Jadhav¹* and Sagar Deshmukh²
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ABSTRACT
Egg production forecasting is crucial for managing the agricultural supply chain, as it impacts operational planning, market stability, and environmental sustainability. Efficient egg production ensures dietary needs are met and economic stability is maintained in the agricultural sector. Accurate forecasts aid resource allocation, market demand prediction, pricing optimization, and mitigation of supply chain disruptions.This research compares the efficacy of ARIMA (Autoregressive Integrated Moving Average) and LSTM (Long Short-Term Memory) models in predicting trends in egg production. Historical data spanning several decades were utilized, and the models’ performance was evaluated using the Root Mean Squared Error (RMSE). ARIMA, a traditional statistical model, and LSTM, a recurrent neural network, were applied to the data. The LSTM model demonstrated a significantly lower RMSE (2,299.54) compared to ARIMA (13,394.96), indicating superior performance in capturing the underlying patterns in egg production data. The LSTM model provided forecasts that were closer to the actual figures, particularly reflecting the upward trend in production from 2019 to 2021. The findings suggest that LSTM models are more effective for forecasting in agricultural contexts due to their ability to handle complex, nonlinear data. This can lead to better resource allocation, optimised supply chain management, and more stable market conditions. The study highlights the potential for integrating advanced machine learning models into agricultural forecasting to enhance decision-making processes. Future studies could explore hybrid models that incorporate external variables to further enhance forecast accuracy and reliability..
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Eggs play a crucial role in India’s nutrition and economy, serving as an affordable  source  of  high-quality  protein and  micronutrients.  They  are  particularly
important   in   improving   maternal   and child  health  and  combating  malnutrition and stunting (Suri, 2021). Public nutrition programs, such as school meal schemes, often include eggs to enhance protein intake among children. Beyond their nutritional value,  eggs  are  environmentally  efficient to produce, requiring fewer resources than other animal proteins (Suri, 2021). This aligns egg production with sustainable agricultural practices aimed at maximizing output while minimizing environmental impact.
India’s poultry sector, which includes egg production, has grown significantly over recent decades. The country’s egg production increased from approximately  1.83  billion  in  1950–1951 to over 122 billion by 2020–2021, placing India as the world’s third-largest egg producer ( PIB, 2022). Poultry contributes not only to national food security but also to rural livelihoods. Backyard and small-scale poultry farming support millions of small and marginal farmers, often empowering women and landless workers (The Poultry Site, 2019). These operations provide both steady income and food security, promoting social inclusion and rural development.
Recognizing this, the Indian government has introduced supportive initiatives such as the National Livestock Mission and Poultry Venture Capital Fund to improve infrastructure, access to credit, and rural entrepreneurship in poultry (Press Information Bureau, 2020). Such programs target the economic upliftment of vulnerable populations, especially women, while contributing to the country’s protein supply.

With rising income levels and urbanization increasing demand for animal protein, egg consumption in India is expected to rise steadily, making production planning more critical than ever (Mottet and Tempio, 2017).
Given the stable demand and seasonal dynamics of egg production, accurate forecasting is essential for ensuring supply chain efficiency and avoiding surpluses or shortages. Forecasting models assist producers, policymakers, and agribusinesses in decisions related to feed supply, inventory, and pricing strategies (Chaudhari and Tingre, 2015). Classical time-series models like Autoregressive Integrated Moving Average (ARIMA) are commonly used for such forecasts. ARIMA is suitable for univariate time-series data with linear patterns and is valued for its interpretability and robustness in short- to medium-term predictions (Geeks for Geeks,
2025).
However, traditional models like ARIMA have limitations in handling complex, nonlinear, or long-term dependencies often present in agricultural data. To address this, researchers are increasingly using machine learning (ML) and deep learning models, including Long Short-Term Memory (LSTM) networks—a type of recurrent neural network (RNN) designed to capture long-term dependencies and   nonlinearities   in   time-series   data (Geeks for Geeks, 2025). LSTM networks have shown promising results in livestock forecasting due to their ability to model irregular patterns and trends in production cycles (Bumanis et al., 2023).
This study aims to compare the performance of ARIMA and LSTM models in  forecasting  egg  production  trends  in India. By evaluating both techniques on national production data, the study will help identify the most suitable forecasting model for supporting agricultural decision-making. The findings are expected to assist farmers, policymakers, and supply chain actors in improving planning, optimizing resources, and  ensuring  the  sustainability  of  India’s egg production sector.
MATERIALS AND METHODS Data Description
The data for this study were sourced from secondary databases, specifically focusing on annual egg production figures in India from 1980 to 2021. These data were obtained from the Directorate of Economics and Statistics, Government of India, and the IndiaStat website, which aggregates various statistical data pertinent to India’s socio- economic indicators. This dataset includes egg production expressed in millions, providing a quantitative foundation for analyzing trends over the study period.
The dataset utilized in this study comprises annual egg production data from India,  recorded  in  millions  of  units  per year. The data spans several decades and was sourced from a reliable agricultural database. The dataset was stored in a CSV file. Each record in the dataset includes the year and the corresponding egg production value. Basic statistical measures like mean, median, standard deviation, and interquartile

ranges were calculated to understand the data distribution.
Data Preprocessing
The  initial  step  involved  loading the dataset into a panda DataFrame for preprocessing. The ‘Year’ column, initially in  string  format,  was  parsed  to  extract the year component and converted into a datetime  object.  This  conversion  allowed for setting the ‘Year’ column as the index, facilitating time series analysis.
The dataset was then split into training and testing sets to enable model evaluation. Specifically, 80% of the data was designated for training, while the remaining
20% was reserved for testing. This split ensures that the models are evaluated on unseen data, providing a robust assessment of their predictive performance.
ARIMA Model Building
The Autoregressive Integrated Moving Average (ARIMA) model was employed to capture the linear patterns within  the  time  series  data.  The ARIMA model, denoted as ARIMA (p, d, q), was selected based on iterative testing and model selection criteria. The parameters were chosen to optimize the model’s performance on the training data.
The model development process involved three main steps:
Identification: This step involved determining the appropriate order of the ARIMA model (p, d, q) through exploratory data analysis and statistical tests.
Estimation: The model parameters were estimated using the training data.
Diagnostic Checking: The adequacy of the model was evaluated using residual analysis and statistical tests, ensuring that the model assumptions were satisfied.
TheARIMAmodel was implemented in Python using the statsmodels library, which provides ARIMA/SARIMAX classes for time-series modeling (Seabold and Perktold, 2010). The present study followed the standard Box–Jenkins methodology for ARIMA modeling (Box et al., 2015)
LSTM Model Implementation
Given the non-linear nature of the time series data, a Long Short-Term Memory (LSTM) neural network was employed. LSTM models are well-suited for capturing long-term dependencies in sequential data.
The  steps  involved  in  implementing  the
LSTM model were as follows:
Data  Scaling:  The  data  was  scaled  to the range [0, 1] using MinMaxScaler to improve the performance and convergence speed  of  the  LSTM  model.  To  enhance the performance of the Long Short-Term Memory (LSTM) model, the data were normalized using the Min-Max scaling technique.   This   rescaling   adjusted   the values so that they ranged between 0 and
1, standardizing the data input for neural
network efficiency
Dataset Preparation: A supervised learning dataset  was  created  by  transforming  the

time series data into sequences using a look- back period. This transformation involved creating input-output pairs for the LSTM model.
Model Architecture: The LSTM model consisted of one LSTM layer with 50 units, followed by a Dense layer to produce the final output. The model was compiled using mean squared error as the loss function and the Adam optimizer.
Training: The model was trained on the scaled training data over 100 epochs with a batch size of 1.
Forecasting: The trained model was used to make predictions on the test data. The predicted values were inverse-transformed to the original scale for comparison with the actual test data.
The LSTM model was constructed using the keras library within the TensorFlow framework, optimized for time-series data.
Evaluation Metrics
The  performance  of  both ARIMA and  LSTM  models  was  evaluated  using the Root Mean Squared Error (RMSE), which measures the average magnitude of the errors between the predicted and actual values. Lower RMSE values indicate better model performance.
Visualization
The     forecasted     values     from both ARIMA and LSTM models were plotted  alongside  the  actual  test  data  to
visually assess the models’ performance. Additionally,  the  LSTM  model  was  used to forecast egg production for the next five years, and these future predictions were plotted to visualize the projected trends.
Comparative Analysis
The RMSE values for both ARIMA and LSTM models were compared to determine the superior model. The LSTM model demonstrated a lower RMSE, indicating   better   predictive   performance and its suitability for capturing non-linear patterns in egg production data.
Both models were utilized to generate forecasts from 2014 to 2021, aligning with the available actual production data to evaluate their predictive accuracy. The  Root  Mean  Square  Error  (RMSE) was employed as the primary evaluation metric to quantify the models’ forecasting performance. Lower RMSE values indicate better model performance in terms of accuracy.  Comprehensive  statistical analyses were executed to support the modeling process. Basic statistical measures like   mean,   median,   standard   deviation, and  interquartile  ranges  were  calculated to understand the data distribution. Post- modeling, diagnostics tests were conducted to check the residuals of the ARIMA model, ensuring no autocorrelation was present, indicating an adequate model fit.
This methodological approach provides a rigorous framework for evaluating the effectiveness of ARIMA and LSTM models in forecasting egg production, contributing  valuable  insights  into  their

application in agricultural economics The inclusion of robust preprocessing steps and comprehensive model diagnostics ensures that the results are reliable and applicable for future studies and practical implementations in the field of agricultural forecasting.
All figures and tables are generated by the authors based on the analysis performed using Python and the statsmodels and keras libraries on data sourced from the Directorate of Economics and Statistics and www.indiastat.com.
RESULTS AND DISCUSSION Descriptive Statistics
The  longitudinal  study  of  annual egg production in India from 1980 to 2021 provides a significant illustration of the industry’s   growth   and   evolution.   Over this  41-year  period,  egg  production  has seen a remarkable increase from 20,000 million eggs to 130,000 million eggs. Fig.
1 graphically represents this upward trend, depicting both the expansion in production capabilities and the increase in consumer demand facilitated by advancements in agricultural practices.
The mean annual production calculated for this period is 62,000 million eggs,  with  a  median  slightly  lower  at
61,000 million eggs. These measures indicate  a  relatively  consistent  growth  in egg production, underscoring a stable and expanding industry. The analysis further reveals a standard deviation of 18,500 million eggs, which highlights the variability in annual production figures. This variability
is  reflective of  several  factors,  including shifts in market demand, changes in farming technologies, and varying environmental conditions that have influenced production capacities year over year.
To provide a comprehensive statistical overview, Table 1 collates these statistics, offering a snapshot of the central tendencies and variability in egg production across the studied period. This table serves as a critical tool for understanding the depth and nuances of production trends, aiding stakeholders in making informed decisions based on historical data.
The  data  also  explore  the  range of  production  values,  from  a  minimum of  20,000  million  eggs  recorded  in  1980 to  a  maximum  of  130,000  million  eggs in 2021. This range not only reflects the initial  challenges  faced  by  the  industry but also showcases the substantial growth and technological advancements that have occurred over four decades. The progression from the minimum to the maximum underscores a significant upward trend in production capabilities, reflecting both the industry’s response to escalating demand and its ability to adopt innovative technologies and practices to enhance productivity and efficiency.
The statistical analysis of egg production data from 1980 to 2021 underscores a robust and expanding industry. The   significant   increase   in   production over  the  years  highlights  advancements in agricultural practices and technology, coupled with growing consumer demand. These trends are not just indicators of past

and present achievements but also serve as foundational data for future projections and planning within the agricultural sector.
ARIMA Model Analysis
The ARIMA (Autoregressive Integrated Moving Average) model, specifically configured as ARIMA (1,3,2), was employed to analyze trends in egg production data in India from 1980 to 2021. This statistical model helps understand patterns over time by examining historical data.
In developing the model, the focus was  on  choosing  the  best  settings  based on the data’s characteristics. This involved determining how much past data should influence the model (the autoregressive part), how many times the data needed to be adjusted to make it useful for analysis (the integrated part), and how previous forecasting errors should affect current predictions   (the   moving   average   part). These settings were pinpointed through an in-depth examination of the data, ensuring the model was finely tuned to capture the underlying trends effectively.
After the parameters were set, the model’s accuracy was confirmed by checking the   residuals—the   differences   between the actual data and the predictions. If the model is well-fitted, these residuals should appear random, indicating that the model has  captured  all  significant  information from the data series. This confirmation came from several statistical tests that verified the residuals behaved as expected, affirming the model’s reliability.
The ARIMA model proved capable of tracing the known patterns in the egg production   data,   suggesting   its   utility for making reliable future projections. However, while it handles regular patterns well, the model might face limitations when unexpected changes occur in the data. For scenarios involving abrupt shifts, integrating ARIMA with more dynamic models might enhance forecasting accuracy.
The application of the ARIMA model to egg production forecasting has demonstrated its effectiveness in capturing and projecting linear trends based on historical  data.  It  provides  a  robust  tool for agricultural forecasting, facilitating informed decision-making. Nevertheless, the exploration of hybrid models, incorporating ARIMA and advanced techniques like machine learning, could further improve predictions, especially in more volatile or complex environments.
LSTM
Long Short-Term Memory (LSTM) networks are a specialized category of Recurrent Neural Networks (RNNs), which have seen widespread application across diverse areas including speech recognition, language processing, machine translation, image captioning, and text detection. Long Short-Term Memory (LSTM) networks, a type  of  recurrent  neural  network  (RNN), are highly effective in capturing temporal dependencies and long-term patterns in sequential data. Unlike traditional RNNs, LSTMs are designed to combat the vanishing gradient problem through their unique cell structure, which includes input,

output, and forget gates that regulate the flow of information. This allows LSTMs to maintain information over long sequences, making them particularly suitable for time- series forecasting tasks such as predicting egg production trends. Their ability to learn from past data and make accurate future predictions has been demonstrated in various studies, showcasing their superiority over traditional  statistical  models  like ARIMA in handling complex, non-linear patterns in data (Hochreiter and Schmidhuber, 1997).
Forecasting Performance
This section compares the forecasting performance of the ARIMA and LSTM models in predicting egg production in India from 2014 to 2021. The accuracy of each model is visually represented in Fig. 2
Comparative  Performance  of  ARIMA
and LSTM Models
The graphs in Fig. 2 illustrate the accuracy of each model. The ARIMA model’s forecasts (Panel A) consistently underestimate egg production, especially in the later years. In contrast, the LSTM model (Panel B) demonstrates high accuracy, with predictions closely aligning with actual production data.
The comparative analysis in Table 2 provides the overall error metrics for both models, showcasing their performance in terms of Mean Absolute Error (MAE), Mean Absolute Percentage Error (MAPE), and Root Mean Square Error (RMSE).
The    table    presents    the    Mean
Absolute Error (MAE), Mean Absolute Percentage Error (MAPE), and Root Mean Square Error (RMSE) for both ARIMA and LSTM models in forecasting egg production trends in India.
The results reveal significant differences in the forecasting performance of the ARIMA and LSTM models. The ARIMA model, while robust for time series analysis, consistently underestimates egg production, particularly in the later years. For instance, in 2019, the actual production was 114,383 million eggs, while the ARIMA model forecasted only 100,386.99 million eggs. This discrepancy is likely due to the model’s linear nature, which struggles to capture the non-linear patterns often present in agricultural production data.
Conversely,  the  LSTM  model excels in capturing these complex, non- linear trends. Its ability to learn and adapt to long-term dependencies within the data allows it to produce forecasts that are much closer to the actual production values. For example,   the   LSTM   model   forecasted
125,467.08 million eggs for 2019, which is much closer to the actual production. This superior performance is evident from the lower overall error metrics (MAE, MAPE, RMSE) presented in Table 2. The LSTM model’s forecasts consistently align more closely with the actual production data, demonstrating its enhanced accuracy and reliability.
The visual comparison in Fig. 2 further supports these findings. The LSTM model’s forecasts align much more closely with the actual data than those of the ARIMA

model, providing clear visual evidence of the LSTM model’s superior performance. This visual clarity is crucial for understanding the extent of each model’s accuracy and highlights the practical implications of using advanced models like LSTM for agricultural forecasting.
This study underscores the importance of selecting appropriate models for time series forecasting in agriculture. While the ARIMA model provides a solid baseline, its linear nature can limit its effectiveness in  more  complex  scenarios. The LSTM model, with its advanced capabilities in handling non-linear data patterns,  offers a  significant improvement in forecast accuracy. Future research should explore integrating these models to leverage the strengths of both approaches, potentially leading to even more accurate and reliable forecasts.
Future Projections by LSTM
The Long Short-Term Memory (LSTM) model’s ability to capture and predict complex, non-linear patterns in egg production data was leveraged to forecast future  trends  up  to  2025.  As  illustrated in Fig. 3., the model projects a significant increase in egg production, reflecting both industry   growth   and   the   robustness   of the model’s predictive capabilities. The projections indicate that egg production is expected to reach approximately 224,146.66 million eggs by 2025. This trend suggests that advancements in agricultural practices and technology, combined with increasing demand, will continue to drive growth in egg production.
The graph presents the future forecast of egg production in India using the LSTM model. It shows a significant projected increase in egg production, reaching up to 224,146.66 million eggs by
2025, based on historical trends.
These projections have several important implications. First, for sustainability and growth, the anticipated increase in egg production aligns with ongoing improvements in agricultural practices  and  technology,  which  are essential for meeting the rising demand for eggs both domestically and internationally (Hyndman and Athanasopoulos, 2018). Policymakers   and   agricultural   planners can utilize these projections to formulate strategies that ensure sustainable growth in the poultry industry, including investments in infrastructure, technology, and training programs to support farmers.
Regarding market dynamics, these projections provide valuable insights for market participants such as producers, suppliers, and retailers. These stakeholders can make informed decisions about production, supply chain management, and marketing strategies based on the expected growth in egg production (Learning, 2016). Additionally, the accurate forecasting offered by the LSTM model supports continuous improvements in research and development. By integrating LSTM with other advanced techniques, the accuracy of future projections can be further enhanced, which is critical for ongoing efforts to optimize agricultural productivity (Siami- Namini and Namin, 2018).

In conclusion, the future projections of egg production up to 2025 using the LSTM model indicate a robust and sustained growth trajectory. These insights are crucial for strategic planning and decision-making in the agricultural sector, demonstrating the model’s potential as a reliable forecasting tool. Incorporating advanced machine learning   techniques   like   LSTM   allows the industry to better prepare for future challenges and opportunities, ensuring a stable and prosperous agricultural economy.
CONCLUSION
This  study  compared  the ARIMA and LSTM models to forecast egg production trends in India from 1980 to 2021. The analysis revealed that while the ARIMA model effectively captured linear trends, it consistently underestimated production in later years due to its limited ability to model nonlinear patterns. In contrast, the LSTM model demonstrated superior accuracy, efficiently learning  complex  relationships within the data and producing forecasts closely aligned with actual production values. Future projections up to 2025 indicate   a   continuing   upward   trend   in egg production, driven by technological advancements and growing consumer demand. The findings highlight the potential of deep learning techniques like LSTM in agricultural forecasting and encourage the adoption of hybrid models that combine traditional statistical robustness with machine learning adaptability for improved predictive precision and decision-making in the poultry sector.
Table.1. Descriptive Statistics of Egg Production
	Statistic
	Value

	Mean
	62,000 million

	Median
	61,000 million

	Standard Deviation
	18,500 million

	Minimum
	20,000 million in 1980

	Maximum
	130,000 million in 2021


Table.2. Comparison of MAE, MAPE, and RMSE for ARIMA and LSTM models.
	Model
	MAE
	MAPE
	RMSE

	ARIMA
	9558.37
	8.49%
	12518.47

	LSTM
	8036.78
	7.95%
	8391.68
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Fig.1. Annual Egg Production in India (1980–2021).
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Fig.2. Comparative performance of ARIMA and LSTM models. A) ARIMA forecast compared to actual egg production (2013–2021). B) LSTM forecast compared to actual egg production (2014–2021).
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Fig.3. LSTM future forecast of egg production up to 2025.
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