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A Comparative Performance Evaluation of Standalone and Hybrid Forecasting Models for Cashew Nut Price Prediction in Andhra Pradesh, India
Abstract: Cashew nut (Anacardium occidentale L.) is an important plantation and export crop that plays a significant role in the livelihoods of farmers and the agricultural economy of Andhra Pradesh. Accurate price forecasting is essential for better market planning and informed decision-making in the cashew sector. The present study compared standalone and hybrid forecasting approaches for predicting cashew nut prices. Autoregressive Integrated Moving Average (ARIMA) and Support Vector Regression (SVR) models were developed individually, while a hybrid ARIMA–SVR model was used to capture both linear and nonlinear movements in the price series. The performance of the models was assessed using Root Mean Square Error (RMSE), Mean Absolute Error (MAE) and Mean Absolute Percentage Error (MAPE). Although the SVR model recorded lower error values, its residuals showed significant autocorrelation, suggesting that the model could not fully capture the underlying pattern of the series. Hence, the hybrid ARIMA–SVR model, which was the next best-performing model, was considered more suitable for forecasting cashew nut prices. Further diagnostic tests such as the Box–Pierce, BDS, and Diebold–Mariano tests also supported the adequacy and predictive superiority of the hybrid model. Forecasts for the period from January to June 2026 indicated a slight declining trend in cashew nut prices. Overall, the hybrid ARIMA–SVR model provided more reliable forecasts and can support better market-related decisions in Andhra Pradesh.
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1. Introduction 
Cashew nut (Anacardium occidentale L.), belonging to the family Anacardiaceae, is one of the important plantation and export crops cultivated in India. The crop is popularly known as the “Gold Mine of Wasteland” because of its ability to grow well in marginal and degraded soils while also helping in soil conservation (Rejani & Yadukumar, 2010). India is among the leading cashew-producing countries in the world, with cashew cultivated over nearly 12.05 lakh hectares and an annual production of about 8.02 lakh tonnes. Major cashew-growing states in the country include Odisha, Andhra Pradesh, Maharashtra, Karnataka, Kerala, Tamil Nadu, and West Bengal. In addition to its production importance, India also holds a significant share in global cashew kernel exports (APEDA, 2024; PIB, 2026 ). Andhra Pradesh contributes nearly 1.4 lakh tonnes, accounting for around 17.43 per cent of the country’s total production. The state has well-established research and extension support through institutions such as the AICRP on Cashew, Cashew Research Station at Bapatla, and KVK Venkataramannagudem. Palasa in Srikakulam district is also recognized as one of the major cashew processing centres in the country (MoCI, 2025).
Although cashew is an economically important crop, its prices often fluctuate due to changes in production, seasonal arrivals, export demand, and global market conditions. Such fluctuations affect farmers, traders, processors, and other stakeholders involved in the cashew industry. In this context, accurate price forecasting becomes important for better market planning and informed decision-making (Shripad et al., 2024).
Among the different forecasting methods, the Autoregressive Integrated Moving Average (ARIMA) model is widely used for analysing linear trends and patterns in time series data. On the other hand, Support Vector Regression (SVR), a machine learning approach, is capable of handling nonlinear relationships in data. However, when these models are used separately, they may not fully capture the complex behaviour of agricultural price movements. Recent studies have suggested that hybrid models combining ARIMA and SVR can provide better forecasting performance by incorporating both linear and nonlinear components of the series (Mitra & Paul, 2017). However, studies on hybrid forecasting approaches for cashew nut prices are still limited, particularly in Andhra Pradesh. Therefore, the present study was undertaken to compare standalone and hybrid ARIMA–SVR models to identify a more reliable approach for forecasting cashew nut prices in Andhra Pradesh.
Several earlier studies have highlighted the usefulness of statistical, machine learning, and hybrid models in agricultural price forecasting. Phadte and Kolambkar (2024) analysed cashew nut arrivals and prices and reported declining arrivals along with increasing prices over time, while also observing the influence of lagged prices on price persistence. Jadhav et al. (2017) applied ARIMA models for forecasting paddy, ragi, and maize prices in Karnataka and confirmed the effectiveness of ARIMA models through lower forecasting errors. Mulla Areef et al. (2020) used ARIMA techniques to forecast onion prices in the Kurnool market and identified ARIMA (1,1,1) as the most suitable forecasting model. Cheng and Huang (2025) developed a hybrid ARIMA-SVR framework and demonstrated improved forecasting accuracy and risk assessment in crop price prediction. Rubio and Alba (2022) proposed a hybrid ARIMA–SVR model and highlighted its ability to effectively capture both linear and nonlinear patterns in time series forecasting. Sahu et al. (2026) compared ARIMA and ARIMA–ANN hybrid models for groundnut forecasting and observed that conventional ARIMA models also performed effectively. Shaik Shameem et al. (2025) compared ARIMA and machine learning approaches and found that hybrid ARIMA–SVR models provided better forecasting accuracy for sesamum prices. Paul et al. (2022) compared ARIMA with machine learning models such as SVR, RF, GBM, and GRNN for forecasting agricultural prices and reported that machine learning approaches achieved better forecasting accuracy than conventional ARIMA models. Ragunath and Rathipriya (2025) developed an ensemble regression framework for agricultural commodity price forecasting and reported that hybrid and ensemble approaches improved forecasting accuracy and reliability by combining the strengths of multiple regression models. Zhao (2024) reviewed traditional, intelligent, and hybrid forecasting approaches for agricultural price prediction and concluded that hybrid forecasting methods generally provide better prediction accuracy by effectively capturing both linear and nonlinear patterns in time series data.
2. Methodology
The present study was conducted using monthly wholesale price data of cashew nut markets in Andhra Pradesh for the period from 2010 to 2025. The data (Rs. /quintal) were collected from secondary sources, namely AGMARKNET and Indiastat, comprising a total of 192 monthly observations.
For developing and evaluating the forecasting models, the dataset was divided into training and testing datasets. Data from 2010 to 2024 were used for model development, while the most recent one-year data (January 2025 to December 2025) were kept separately as the testing dataset. This was done to check how well the models could predict future cashew nut prices using recent observations that were not included during model building.
2.1 Auto Regressive Integrated Moving Average (ARIMA)
The methodological framework of the ARIMA model is based on the approach proposed by Jadhav et al. (2017). ARIMA is a widely used statistical technique for analysing and forecasting univariate time series data. It is particularly effective in modelling linear patterns and capturing the underlying structure of historical data.
The ARIMA model comprises three components, namely Auto Regressive (AR), Integrated (I), and Moving Average (MA). The Auto Regressive (AR) component explains the dependence of the current observation on its past values. The Integrated (I) component involves differencing the series to achieve stationarity, which is essential for reliable time series modelling. The MA component represents the relationship between the current observation and past error terms generated from previous forecasts.
The ARIMA model is expressed as ARIMA (p, d, q), where p denotes the order of the autoregressive terms, d represents the degree of differencing required to achieve stationarity, and q indicates the order of the moving average terms.
Mathematically, the ARIMA model is represented as:






Where denotes the observed value at time , and are the parameters of the autoregressive and moving average components respectively, and ​ represents the white noise error term.
2.2 Support Vector Regression (SVR)
SVR is a supervised machine learning technique widely used for regression and predictive modelling. It is an extension of Support Vector Machines (SVM) and is capable of handling both linear and nonlinear relationships in data effectively. Unlike conventional regression techniques that minimize the overall prediction error, SVR aims to estimate a function that approximates the observed data within a specified tolerance margin, known as the ε-insensitive zone.
The general regression function is expressed as:

The objective of SVR is to minimize the structural risk, which includes both the empirical error beyond the ε-tolerance and the complexity of the model. This can be represented as:

SVR operates by transforming the original input space into a higher-dimensional feature space using a nonlinear mapping function. In this transformed space, an optimal regression hyperplane is constructed to best fit the data while maintaining generalization capability.

Given a data set , where  denotes the input variables and ​ represents the corresponding output variable, the SVR model is defined as:
	


where W is the weight vector, b is the bias term, and  denotes the nonlinear kernel-induced transformation function.
2.3 Hybrid ARIMA–SVR Approach
The hybrid ARIMA–SVR model is developed by integrating the strengths of both statistical and machine learning approaches to improve forecasting accuracy. In this framework, the ARIMA model is first employed to capture the linear structure present in the time series data.
The residuals obtained from the ARIMA model, which typically contain nonlinear and complex patterns not captured by the linear component, are subsequently modelled using SVR. This decomposition-based hybridization enables the model to effectively capture both linear and nonlinear dynamics inherent in the data.
By combining ARIMA and SVR, the hybrid approach enhances forecasting performance by reducing prediction errors and improving the robustness and reliability of forecasts compared to individual modelling techniques.

2.4 Statistical Tests
2.4.1 Box–Pierce Test
The Box–Pierce test was employed to examine the presence of autocorrelation in the residuals of the fitted models. This test assesses whether the residual series behaves as white noise, which is an essential assumption for an adequately fitted time series model. A non-significant test result indicates the absence of autocorrelation and confirms the adequacy of the model

2.4.2 Brock–Dechert–Scheinkman (BDS) Test
The BDS test is employed to detect the presence of nonlinearity and dependence structures in time series data. It evaluates whether the residuals of a fitted model are independently and identically distributed (i.i.d.). A statistically significant BDS statistic indicates rejection of the i.i.d. assumption, thereby confirming the presence of nonlinear dynamics or residual dependence in the series. This outcome provides empirical justification for the application of advanced nonlinear forecasting techniques such as SVR, ANN, Extreme Learning Machine (ELM), and Random Forest Regression, which are better suited to capture complex data structures (Brock et al., 1996).

2.5 Performance Evaluation Metrics
The forecasting performance of the models was evaluated using standard statistical accuracy measures. The models with lower error values were considered to possess superior forecasting performance.
2.5.1 Root Mean Square Error (RMSE)
RMSE measures the square root of the average squared deviations between the observed and forecasted values. It provides an estimate of the magnitude of prediction errors and is widely used to assess forecasting accuracy.

where:
​ = actual observed value; ​ = predicted value and  = total number of observations 
A lower RMSE value indicates better model performance.

2.5.2 Mean Absolute Error
Mean Absolute Error (MAE) measures the average absolute difference between actual and predicted values. Lower MAE values indicate better forecasting accuracy.

where:
 = actual observed value; = predicted value and  = total number of observations

2.5.3 Mean Absolute Percentage Error (MAPE)
 MAPE measures forecasting accuracy in percentage terms by computing the average absolute deviation between actual and predicted values relative to the actual observations.



Where  and  denote actual and predicted values and N be the total number of observations
A lower MAPE value indicates higher forecasting accuracy and improved model efficiency.

3. Results and Discussion
The wholesale monthly prices of cashew nut in Andhra Pradesh (Table 1) exhibit a mean of ₹13,020.63 and a median of ₹12,258.37, indicating a positively skewed distribution (skewness = 1.50). The mode of ₹10,000, being lower than both the mean and median, further confirms the presence of intermittent higher price realizations during the study period. The standard deviation (₹3,533.87) and coefficient of variation (27.14%) reflect moderate variability in prices over time. The observed price range (₹8,500–₹25,519) highlights considerable fluctuations in the market. The interquartile range of ₹3,229.64 (₹13,969.64–₹10,740) further indicates a moderate spread within the central 50 per cent of the distribution. The kurtosis value of 2.21 suggests a platykurtic distribution, implying a relatively flatter distribution with fewer extreme observations compared to a normal distribution. Overall, the results indicate that cashew nut prices are moderately volatile with episodic upward price spikes, reflecting underlying market instability during the study period.
Table 1: Summary statistics of cashew nut of monthly prices of Andhra Pradesh
	Statistic
	 Value 

	Mean 
	13020.63

	Median
	12258.37

	Mode
	10000

	S.D.
	3533.87

	Skewness
	1.5

	Kurtosis
	2.21

	Minimum
	8500

	Maximum
	25519

	1st quartile
	10740

	3rd quartile
	13969.64

	C.V 
	27.14%


In this study, multiple modelling approaches were employed to better capture the underlying structure of cashew nut price data and enhance forecasting accuracy. The analysis commenced with an ARIMA model, where the auto.arima() function in R identified ARIMA (0,1,5) as the optimal specification based on the minimum Akaike Information Criterion (AIC). Diagnostic evaluation using the Box–Pierce test indicated that the residuals were free from autocorrelation, suggesting that the model adequately captured the linear dependence structure of the series. However, the BDS test provided evidence of non-linearity in the residuals, implying that the ARIMA model alone was insufficient to fully represent the underlying data-generating process.
To address this limitation, SVR model was developed. The model was optimized with a cost parameter of 7, gamma of 0.6, and epsilon of 0.01. These hyper parameters were selected to achieve an appropriate balance between model flexibility and generalization performance, thereby improving predictive accuracy while mitigating the risk of over fitting.
Subsequently, a hybrid ARIMA–SVR model was constructed to integrate the linear modelling capabilities of ARIMA with the non-linear learning strengths of SVR. This hybrid framework was designed to more effectively capture both linear and non-linear components of the time series.
Model performance was assessed using RMSE and MAPE, as summarised in Table 2.
 
	Models
	RMSE
	MAPE
	MAE

	
	Train
	Test
	Train
	Test
	Train
	test

	ARIMA (0,1,5)
	1874.45
	2536.30
	0.0836
	0.1628
	1122.23
	2205.12

	SVR
	25.65
	24.10
	0.0019
	0.0016
	22.23
	22.18

	ARIMA+SVR
	15.20
	255.32
	0.0011
	0.0059
	13.79
	89.83


Table-2: Model selection criteria of cashew nut in Andhra Pradesh

Table 2 presents the model selection criteria for the different forecasting models used for forecasting cashew nut prices in Andhra Pradesh. Among the models, the SVR model recorded the lowest RMSE, MAPE, and MAE values for the testing dataset, indicating comparatively better forecasting accuracy. In contrast, the ARIMA (0,1,5) model showed relatively higher error values for both training and testing datasets. The hybrid ARIMA–SVR model performed better than the standalone ARIMA model, with lower test RMSE, MAPE, and MAE values. However, its predictive performance still remained inferior to that of the SVR model.

Residual diagnostic analysis, presented in Table 3, provided additional insights into model adequacy.
 Table 3: Box-Pierce Test for autocorrelation of cashew nut in Andhra Pradesh
	Residual Data
	Chi-square (χ²)
	Degree of freedom
	p-value

	ARIMA (0,1,5) 
	0.10516
	1
	0.7457

	SVR 
	31.275
	1
	0.0000**

	ARIMA+SVR 
	0.097309
	1
	0.7551


**: Significant at the 1% level (p < 0.01)

The Box–Pierce test results presented in Table 3 revealed that the SVR model had a highly significant p-value (0.0000), indicating the presence of significant autocorrelation in the residuals and suggesting that the model failed to capture all temporal dependencies in the series. In contrast, the ARIMA (0,1,5) and hybrid ARIMA-SVR models produced non-significant p-values of 0.7457 and 0.7551, respectively, indicating the absence of significant autocorrelation in their residuals. These results suggest that the hybrid framework provides a more balanced and reliable approach for forecasting cashew nut prices in Andhra Pradesh.








Table 4: BDS test results on residuals of ARIMA (0,1,5) model for Cashew nut prices
	Embedding Dimension
	Epsilon

	
	939.84
	1879.67
	2819.51
	3759.35

	2
	W= 4.6070**,
p = 0.0000
	W= 5.5121**,
p = 0.0000
	W= 4.2766**,
p = 0.0000       
	W= 3.8035**,
p = 0.0001

	3
	W= 5.2639**,
p = 0.0000       
	W= 6.2311**,
p = 0.0000
	      W= 4.999**,
p = 0.0000       
	W= 4.0926**,
p = 0.0000


**: Significant at the 1% level (p < 0.01)

Table 5: BDS test results on residuals of SVR model for Cashew nut prices
	Embedding Dimension
	Epsilon

	
	12.813
	25.626
	38.439
	51.253

	2
	W= 35.978**,
p = 0.000
	W= 15.4632**,
p = 0.000
	W= 11.1282**,
p = 0.000
	W= 9.2837**,
p = 0.000

	5
	W= 52.1343**,
p = 0.000
	W=13.0969**,
p = 0.000
	W= 10.2981**,
p = 0.000
	W= 7.2266**,
p = 0.000

	10
	W=3.2017**,
p = 0.000
	W=40.385**,
p = 0.000
	W= 9.1105**,
p = 0.000
	W= 5.6364**,
p = 0.000


**: Significant at the 1% level (p < 0.01)
Table 6: BDS test results on residuals of ARIMA+SVR model for Cashew nut prices
	Embedding Dimension
	Epsilon

	
	7.124
	14.247
	21.371
	28.494

	2
	W= -1.2327, 
p = 0.2177
	W= -1.2858,
p = 0.1985
	W= 1.0989,
p = 0.2718
	W= 0.0194,
p = 0.9846

	3
	W= -0.8813,
p = 0.3781
	W= 0.0471,
p = 0.9625
	W= 2.3788*,
p = 0.01737
	W= 1.0149,
p = 0.3101

	4
	W= -0.4289,
p = 0.668
	W= 0.6072,
p = 0.5437
	W= 2.5995**,
p = 0.009336
	W= 1.4643,
p = 0.1431

	5
	W= 0.4156,
p = 0.1725
	W= 0.1326,
p = 0.8945
	W= 2.9756**,
p = 0.002924
	W= 1.6006,
p = 0.1095

	6
	W= 1.3643*,
p = 0.04059
	W= -0.676,
p = 0.499
	W= 2.9931**,
p = 0.002761
	W= 1.4155,
p = 0.1569

	7
	W= 2.0477*,
p = 0.04059
	W= -1.4307,
p = 0.1525
	W= 2.9012**,
p = 0.003718
	W= 1.2278,
p = 0.2195

	8
	W= 2.6477**,
p = 0.008103
	W= -1.8655, 
p = 0.06211
	W= 2.8025**,
p = 0.00507
	W= 0.9242,
p = 0.3554

	9
	W= 3.0649**,
p = 0.002178
	W= -1.7192,
p = 0.08558
	W= 2.7359**,
p = 0.006221
	W= 0.898,
p = 0.3692

	10
	W= 6.3992**,
p = 1.562×10-10
	W= -1.1099.
p = 0.2671
	W= 2.469*,
p = 0.01355
	W= 0.9082,
p = 0.3638


**: Significant at the 1% level (p < 0.01), *: Significant at the 5% level (p < 0.05)
The diagnostic evaluation using the BDS test (Tables 4, 5 and 6) provides a comprehensive assessment of the adequacy of the fitted models in capturing the underlying structure of the cashew nut price series. As given in Table 4, The ARIMA (0,1,5) model exhibits statistically significant BDS statistics across all embedding dimensions and epsilon values, indicating strong nonlinear dependence in the residuals. This confirms that, although the model adequately captures linearity in the residuals, it fails to account for nonlinear dynamics present in the series.
Similarly, the SVR model, despite achieving the lowest forecasting errors in terms of RMSE and MAPE, also produces statistically significant BDS statistics across all parameter combinations, as shown in Table 5. This indicates that the residuals retain systematic nonlinear structure, suggesting that the model captures predictive relationships effectively but does not fully eliminate dependence in the error process.
In contrast, the hybrid ARIMA–SVR model demonstrates comparatively improved residual behaviour, as given in Table 6. The BDS statistics are largely insignificant at higher epsilon values and across several embedding dimensions, indicating that the residuals approximate white noise more closely than those of the individual models. Although a few isolated significant results are observed, these are not consistent across all configurations, suggesting that nonlinear dependence has been substantially reduced. This improvement reflects the ability of the hybrid framework to jointly capture both linear (ARIMA) and nonlinear (SVR) structures in the data.
When considered alongside forecasting accuracy results (Table 2), a clear trade-off emerges between predictive precision and statistical adequacy. The SVR model provided the best point forecast accuracy, as evidenced by the lowest RMSE, MAE, and MAPE values. Despite the comparatively lower forecast errors of the SVR model, the presence of significant autocorrelation in residuals indicated model misspecification. As a result, the model could not completely capture the underlying behaviour of the price series.
The hybrid ARIMA–SVR model offers a balanced compromise between these two extremes. Although its forecast errors are higher than those of the SVR model, it significantly improves upon the ARIMA model while simultaneously achieving better residual diagnostics. The Box–Pierce test results (Table 3) further support this conclusion, confirming the absence of autocorrelation in the hybrid model residuals. Additionally, the actual versus predicted comparison for 2025 (Table 7) demonstrates strong alignment between observed and fitted values, with only minor deviations during periods of market fluctuation. The actual and predicted values are illustrated in Fig.1.
Finally, the future forecasts using the ARIMA–SVR model for the period from January to June 2026 (Rs. 12902.8, 12885.47, 12867.8, 12849.83, 12831.57, and 12813.1 per quintal) indicated a slight decline in cashew nut prices over the forecast period.

Table 7: Comparative analysis of actual and predicted cashew nut prices in Andhra Pradesh for 2025 Using the ARIMA–SVR Model (Validation)
	Year 2025
	Actual
	Predicted

	January
	11750
	11768.95

	February
	10000
	9990.82

	March
	12200
	12195.22

	April
	14500
	14424.01

	May
	12500
	12483.04

	June
	12000
	11999.52

	July
	12350
	12336.86

	August
	14250
	14236.54

	September
	13000
	12985.15

	October
	15500
	14619.82

	November
	14250
	14236.54

	December
	12936
	12919.77




Fig.1: Actual and predicted prices of Cashew nut in Andhra Pradesh
Conclusion
[bookmark: _Hlk198031404]This study evaluated the performance of ARIMA, SVR, and hybrid ARIMA+SVR models for forecasting cashew nut prices in Andhra Pradesh. The findings showed that combining linear and nonlinear modelling approaches improved the ability to capture the complex nature of price movements. The hybrid ARIMA+SVR model performed better than the standalone ARIMA model by producing lower forecast errors and by effectively capturing both trend and nonlinear variations in the data.
Although the SVR model showed better forecasting performance based on the selected error measures, residual diagnostic tests revealed the presence of autocorrelation, indicating that the model could not fully capture the temporal behaviour of the series. In contrast, the hybrid ARIMA+SVR model produced residuals that behaved more like white noise, suggesting better statistical adequacy and improved model specification.
The results of the Box–Pierce and BDS tests further supported the robustness of the hybrid model by indicating reduced serial dependence and improved representation of both linear and nonlinear components in the data. Overall, the findings highlight the usefulness of hybrid forecasting approaches in agricultural commodity price prediction. The ARIMA+SVR model can therefore be considered a reliable tool for improving forecast accuracy and supporting better market planning and price risk management in the cashew sector.
However, the study has certain limitations. The analysis was mainly based on historical price data and did not consider other important factors such as weather conditions, market arrivals, export demand, and policy changes that may influence cashew nut prices. In addition, the study was limited to Andhra Pradesh and did not include broader market and economic factors. Including such variables in future studies may help further improve forecasting performance.
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