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ABSTRACT
Objective: The aim of this study was to compare forecasting models for the planted area of agave mezcalero 
from 2023 to 2027, using data from the 1982-2022 period through autoregressive integrated moving average 
(ARIMA) models, in order to promote the efficient management of natural resources.
Design/methodology/approach: To validate the forecasting efficiency, an out-of-sample comparison was 
conducted between ARIMA models and simple forecasting methods such as the mean and naïve approaches.
Findings: The results identified a growth scenario for the planted area of agave mezcalero during the 2023-
2027 period. The most accurate model, the autoregressive (4,0,0), projected that the maximum planted area 
would be reached in 2024, ranging from 22,723 to 60,280 hectares, followed by a gradual decline starting in 
2025.
Research limitations/implications: The predictions are constrained by the availability and quality of the 
databases. The main limitation faced by the study was the lack of historical data.
Originality/value/conclusions: It is concluded that the ARIMA model can be an efficient tool for estimating 
the planted area of agave intended for mezcal production. The cultivation of agave mezcalero is currently in a 
context of overproduction. The information generated may be useful for planning and investment decisions by 
the industry, agave producers, and government authorities.
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INTRODUCTION
	 In Mexico, the planted area (PA) of espadín agave (Agave angustifolia Haw.) for mezcal 
production is experiencing unprecedented growth (Lira et al., 2022a; Olvera-Vargas et al., 
2022). In 2023, the Agrifood and Fisheries Information Service (SIAP, by its acronym in 
Spanish) reported a PA of 24,506 hectares nationwide (SIACON-SADER, 2024). This 
represents a 69% increase compared to 2018, when 14,460 hectares were reported.
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	 The Mexican Regulatory Council for Mezcal Quality (COMERCAM, by its acronym 
in Spanish) publishes a statistical report presenting data from its affiliated members. In 
2023, it reported 64.79 million agave plants nationwide, representing a 152% increase 
compared to 2020 (25.66 million plants) (COMERCAM, 2024). Additionally, it provided 
data on the “registered area” with agave, which includes various types of forest vegetation 
and therefore differs from the planted area (PA) reported by SIAP.
	 Mezcal production represents the main value-added product derived from Agave 
angustifolia Haw. For this reason, it is identified in SIAP’s publications as agave mezcalero 
(AM) or Agave espadín, a name that refers to the elongated and pointed shape of its leaves. 
AM has a rich cultural history and, over the past fifteen years, has become an economic 
development opportunity for marginalized communities in Mexico (Fonseca & Chalita, 
2021; Martínez et al., 2014). This crop is essential for small-scale artisanal farming systems: 
according to the report published by COMERCAM (2024), 125,000 families earned 
income from mezcal production in 2023.
	 However, studies on the agave mezcalero value chain (VC) highlight issues related 
to competitiveness (Espejel et al., 2019; Moctezuma-López et al., 2023), organization 
(Martínez et al., 2014; Sánchez-Gómez et al., 2022), market dynamics (Lira et al., 2022a; 
García-Vásquez et al., 2018), deforestation, and natural resource pollution (Antonio et al., 
2017; Palma et al., 2016). It is worth noting the significant presence of small-scale producers 
and the predominance of communal land tenure as key characteristics of this value chain 
(González et al., 2023; Lira et al., 2022b).
	 The Agave genus has generated significant economic benefits in the regions where it is 
cultivated (Moctezuma-López et al., 2024; Landa-Vidal et al., 2023). However, over the 
past 40 years, high uncertainty has arisen due to price fluctuations (Antonio & Terán, 
2008; Palma et al., 2016). Sharp changes in prices between periods have caused substantial 
financial losses for producers involved in this crop (Martínez et al., 2014).
	 The increase in monoculture plantations of Agave angustifolia has led to a higher 
incidence of pests and diseases (Figueroa-Castro et al., 2017). This is mainly caused by the 
improper use of agrochemicals and the lack of experience among new producers, whose 
numbers increase every year (Rodríguez et al., 2020; COMERCAM, 2024). Additionally, 
negative socioeconomic and environmental impacts have been documented in the regions 
where this crop is developed, such as the decline in the price of agave piña (Palma et al., 
2016), soil erosion due to planting in rows along the slope direction (Lira et al., 2022b), 
and deforestation to establish new cultivation areas (Antonio et al., 2017; Antonio & Smit, 
2012), among others. However, statistically based information on future changes in the 
growth or trend of the PA of A. angustifolia remains scarce.
	 Due to the economic and environmental importance of agave, it is essential to create 
conditions that ensure it remains profitable for small- and medium-scale agave mezcalero 
producers and the industrial sector involved in this value chain (Valencia-Sandoval et al., 
2020; Camacho-Vera et al., 2021; Cervantes-Luna et al., 2022). One possible solution to 
the overproduction of raw material could be agroforestry systems for establishing new 
plantations (Antonio et al., 2017). These agroforestry systems reflect traditional practices 
inherent to peasant culture.
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	 The establishment of new plantations, whether agroforestry or monoculture 
systems, must be planned taking into account the trends in demand and availability 
of AM (Martínez et al., 2014). The planning aims to ensure that agroforestry systems, 
although a viable option, are implemented sustainably and efficiently (Antonio et al., 
2017). The same applies if the choice continues to favor monoculture production 
systems.
	 The years required to reach maturity in agave cultivation (6-8 years) and the species 
cultivated contribute to increased financial risk linked to fluctuations in the price 
of the “piña” as raw material (Antonio et al., 2017; Valencia-Sandoval et al., 2023). If 
trends in the expansion of the PA and thus the supply of raw material are unknown, the 
stakeholders involved may not be prepared to respond to market changes, potentially facing 
severe economic losses and continuing to impact the vegetation in the territories where 
agave mezcalero is cultivated. Therefore, the objective of this research was to compare 
autoregressive integrated moving average (ARIMA) models for estimating the growth of 
the planted area with agave mezcalero in Mexico, based on statistical data, to promote 
efficient management of the natural resources involved in this value chain.

MATERIALS AND METHODS
Characteristics of the agave mezcalero planted area database
	 The PA of AM reported by SIAP includes information on different agave species, 
both cultivated and wild (Agave spp), with Agave espadín (A. angustifolia Haw.) being the 
predominant species in plantations. The SIAP methodology for data collection on agave 
is based on a monitoring process that involves agricultural authorities, beneficiaries of 
agricultural programs, and key producers (SIAP, 2019). SIAP publicly provides only the 
historical annual databases for the PA (SIACON-SADER, 2024). In this study, the annual 
data for PA were used to perform a time series analysis.

Statistical Analysis
	 The study was conducted at the national level using a database covering the period from 
1982 to 2022. The time series data correspond to the variable PA, measured in hectares (ha), 
and were obtained from the Agro-Food Information System for Consultation (SIACON-
SADER). The dataset was divided into two time series: a training period spanning 1982 to 
2014 and a validation period from 2015 to 2022.
	 Data were analyzed using R software version 4.1.2 (R Core Team, 2023) employing 
autoregressive integrated moving average (ARIMA) models, following the procedure 
described by Hyndman & Athanasopoulos (2021). This method was selected because it 
allows estimation with univariate data. This allows to optimize resources by not requiring 
the collection of information on other variables that might affect the variable of interest in 
the study.
	 Stationarity of the series was verified using the Augmented Dickey-Fuller (ADF) and 
Kwiatkowski-Phillips-Schmidt-Shin (KPSS) tests. The ARIMA methodology is based on 
autoregressive (AR) models (p), moving average (MA) models (q), and autoregressive moving 
average (ARMA) models (p, q) (Box et al., 2016). If, in addition to these components, 
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the model includes an integration component (d), it is called an ARIMA (p, d, q) model 
(Shumway & Stoffer, 2019).
	 To understand the behavior of the data series, an exploratory analysis was conducted, 
including the creation of a line plot as well as autocorrelation function (ACF) and partial 
autocorrelation function (PACF) plots. The series was identified as non-stationery and 
stationarity was induced through logarithmic transformation (West, 2022) and double 
differencing (Shumway & Stoffer, 2017). Stationarity tests were performed on the differenced 
series using the ADF and KPSS tests. Once the series was identified as stationary, the 
optimal ARIMA model was selected using the Auto ARIMA algorithm in R (Hyndman & 
Khandakar, 2008).
	 The transformed model was compared with another model without logarithmic 
transformation but with the same level of differencing and autoregressive order 
identified by the Auto ARIMA algorithm procedure in R. Additionally, a manually 
selected model was included to compare its accuracy with the previous models. 
Following the manual procedure described by Hyndman & Athanasopoulos (2021), 
the autoregressive order (p) and moving average order (q) were identified using the 
ACF and PACF functions and plots. The Akaike Information Criterion (AIC) was used 
as the selection measure to choose between the manually identified models and those 
selected by the Auto ARIMA function algorithm, opting for the model with the lowest 
AIC value.
	 Additionally, as a reference point, a comparison was made with two simple 
forecasting methods: the mean and Naïve methods. The performance of the five 
models was evaluated with out-of-sample data through accuracy tests for an eight-year 
forecast period. Parameter estimation was carried out using the conditional least squares 
estimation method. This method is one of the most popular in statistical inference due 
to its accuracy and reliability in data analysis (Harring & Harring, 2022). To verify the 
suitability of the estimated model for the analyzed data, residuals were evaluated using a 
line plot, an ACF plot, a residual histogram, and the Ljung-Box test (Box et al., 2016).
	 A forecast was made for the years 2023-2027 using the model with logarithmic 
transformation and two differencing steps, which showed the highest accuracy according 
to the statistical tests performed. According to Shumway & Stoffer (2017), transforming the 
data can cause issues when interpreting the results. For this reason, an adjusted ARIMA 
model was estimated based on the information obtained in the previous steps for the 
components of the ARIMA model. This last model did not apply transformation to the 
original data in order to establish a reference point for evaluating the back-transformation 
process in the transformed time series. Subsequently, upper confidence intervals were 
estimated for the predictions.

RESULTS AND DISCUSSION
Stationarity analysis
	 The training data series showed a positive trend during the period 1982-2014 (Figure 
1). Stationarity tests were applied to this series. In the Augmented Dickey-Fuller (ADF) test, 
whose null hypothesis states the presence of a unit root (it is non-stationary), a p-value of 
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0.8259 was obtained, which is greater than 0.05. Therefore, the null hypothesis was not 
rejected, indicating that the series is non-stationary.
	 In the Kwiatkowski-Phillips-Schmidt-Shin (KPSS) test, whose null hypothesis states 
that the series is stationary, the test statistic was 0.6178. This value is below the critical 
value at the 1% significance level (0.739), but above the critical values at the 2.5% (0.574), 
5% (0.463), and 10% (0.347) levels. Consequently, the null hypothesis was not rejected, 
suggesting that the series can be considered stationary at the 1% significance level.
	 Since the results of the ADF test indicated that the series was non-stationary, natural 
logarithm transformations and differencing were applied to induce stationarity prior to 
fitting the ARIMA model. After the first differencing of the logarithmic series, the ADF 
test still indicated non-stationarity, while the KPSS test suggested the opposite.
	 A second-order differencing was therefore applied to the series. Following this 
procedure, both tests (ADF and KPSS) confirmed that the series was stationary (Figure 
2). Subsequently, the automatic ARIMA model selection process was carried out using the 
Auto ARIMA function in R with the transformed data.

Figure 1. Training data series for the ARIMA model, period 1982-2014, of the planted area of agave mezcalero 
in Mexico.
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Figure 2. Second-order difference of the natural logarithm of the planted area of agave mezcalero in Mexico, 
period 1982-2014.
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Model Selection
	 The ARIMA (4,0,0) model with zero mean (i.e., no intercept included) presented the 
lowest AIC value. This model suggests significant autocorrelations up to four years back 
in the time series. To validate these results, the model’s performance was evaluated using 
out-of-sample data and forecast accuracy tests.
	 To obtain forecasts in the original units of the time series, the inverse of the 
transformation previously applied to the data was performed. In order to assess the benefit 
of the logarithmic transformation on model accuracy, it was compared to an ARI (4,2,0) 
model. This model includes four lags and second-order differencing, but without applying 
a logarithmic transformation to the data.
	 According to Hyndman & Athanasopoulos (2021), ARIMA model components can be 
manually selected based on ACF and PACF plots. Following this approach, the models 
AR (2,0,0) (AIC44.65), ARMA (2,0,2) (AIC36.64), and ARMA (2,0,1) (AIC34.35) 
were identified. The AIC values of these models were compared with the AR (4,0,0) model 
selected by the Auto ARIMA function, which had an AIC of 35.29. Although the AR 
(4,0,0) model showed a lower AIC than the first two models, the ARMA (2,0,1) model had 
a slightly lower AIC. Therefore, the ARMA (2,0,1) model was also included in the out-of-
sample comparison.

Out-of-sample comparison
	 The out-of-sample evaluation of the ARIMA model’s efficiency was conducted for the 
2015-2022 period. The performance of the AR (4,0,0) model was compared against an 
ARI (4,2,0) model and an ARMA (2,0,1) model, as described in the previous section. The 
comparison with simple forecasting methods (SFMs) was used as a reference framework.
	 SFMs can outperform more complex models in certain contexts, such as financial 
indices or stock market data, according to Hyndman and Athanasopoulos (2021). The AR, 
ARMA, and ARI models were compared to the SFMs: Naïve (the last observed value) and 
mean (Figure 3). The estimation results indicated that the AR model better captured the 
behavior of the PA.

Figure 3. Comparison of forecasting methods for the planted area of agave mezcalero in Mexico, period 2015-
2022.
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	 Forecast accuracy was evaluated based on genuine forecasts (Box et al., 2016; López-
García et al., 2022) using indicators such as: root mean square error (RMSE), mean 
absolute error (MAE), mean absolute percentage error (MAPE), mean absolute scaled 
error (MASE), autocorrelation of residuals at lag 1 (ACF1), and Theil’s U statistic. For the 
mean error (ME) and the mean percentage error (MPE), the smallest deviation from zero 
was considered (R Core Team, 2023). The AR (4,0,0) model deviated the least from the 
actual observed data, obtaining six of the eight most efficient values in the accuracy tests 
(Table 1).

Forecast 2023-2027
	 The AR (4,0,0) model was applied to the transformed data for the period 1982-
2022. The ADF test applied to the transformed series yielded a p-value of 0.01, allowing 
rejection of the null hypothesis and indicating stationarity. The KPSS test returned a 
statistic of 0.061, which is below the critical values at all significance levels, reinforcing 
this conclusion.
	 Using the Auto ARIMA function, the AR (4,0,0) model with zero mean presented the 
lowest AIC (33.38). Residual analysis revealed oscillations around zero without discernible 
patterns and constant variance. The residual ACF plot showed autocorrelations within 
confidence limits. The Ljung-Box test (p0.7228) did not reject the null hypothesis of no 
autocorrelation. All these findings suggest an adequate model.
	 An ARI (4,2,0) model without logarithmic transformation was also fitted. It presented 
an AIC of 753.37. The autoregressive component of order 4 indicates dependence up to 
four lags, and the two differentiations performed reflect the need to induce stationarity.
	 Forecasts were made with both models for the period 2023-2027 (Figure 4). The AR 
(4,0,0) model projected a peak in 2024 of 22,723 ha, followed by a declining trend until 
2027, reaching 20,965 ha. In contrast, the ARI (4,2,0) model estimated an increasing 
trend, with a peak in 2027 of 24,039 ha.
	 The document analysis highlighted the need to carefully examine the growth projections 
of AM plantations that the ARIMA model can identify. Upper confidence intervals for the 
point estimates were constructed using the ARIMA methodology. The results correspond 
to the two models with the lowest AIC values: the AR model with transformed data and 
the ARI model with untransformed data (Table 2).

Table 1. Accuracy test of the models. 

Model ME RMSE MAE MPE MAPE MASE ACF1 Theil’s U
Mean 5012.24 5285.07 5012.24 26.37 26.37 2.32 0.15 2.19

Naïve 2408.95 2934.69 2408.95 14.11 14.11 1.12 0.15 1.31

ARI(4,2,0) 3075.87 3737.79 3160.51 17.71 18.13 1.46 0.17 1.48

AR(4,0,0) 2245.29 3119.58 2245.29 13.26 13.26 NA 0.01 1.23

ARMA(2,0,1) 3765.24 4109.93 3765.24 21.48 21.48 NA 0.06 1.79

ME: MeanError; RMSE: Root Mean Squared Error; MAE: Mean Absolut Error; MPE: Mean Percentage 
Error; MAPE: Mean Absolute Percentual Error; MASE: Mean Absolute Scaled Error; ACF1: Autocorrelation 
of Errors at Lag 1; Theil’s U statistic.
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Figure 4. Comparison of forecasting methods for the planted area of agave mezcalero in Mexico, period 2023-
2027.
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	 The projections indicate a significant growth trend in the area allocated for AM 
plantations, which could have important implications for the use of agricultural land and 
productive planning in the sector. The difference in projections between the two models 
may reflect different interpretations of the trends in the AM planted area data. The AR 
model captures a possible short-term significant increase in supply, while the ARI model 
indicates a steadily increasing trend.
	 The results of the ARIMA models for the PA of AM in Mexico were consistent with 
the observed data in 2023. Although the analysis was conducted with data up to 2022, the 
estimates aligned with the figures reported by COMERCAM (2024) and SIAP (SIACON-
SADER, 2024) for the year 2023. In the case of COMERCAM, the validation was 
performed using data on “registered plants.”
	 Martínez et al. (2014) reported an average density of 1,740 plants per hectare in the 
master plan for the maguey-mezcal production system. Meanwhile, OEIDRUS (2011) 
recorded different densities in the most recent agave plantation census, considering 2,000 
plants per hectare for semi-intensive planting systems. According to COMERCAM (2024), 
in 2023, 64,792,341 agave plants were registered by its associates for the PA of AM in 
Mexico.
	 By dividing the number of plants registered by COMERCAM in 2023 by the average 
planting density reported by Martínez et al. (2014), a national planted area of 37,237 

Table 2. 95% Upper Confidence Intervals for the Forecast of agave mezcalero Planted Area (hectares) from 
2023 to 2027.

Año AR 
(4,0,0)

Upper confidence 
interval for AR model 

at 95%

 ARI
(4,2,0)

Upper confidence 
interval for ARI model 

at 95% 

2023 20,128.27 38,341.02 20,275.81 26,874.14

2024 22,723.36 60,280.33 22,033.64 31,138.74

2025 21,064.68 49,735.97 22,729.64 34,339.05

2026 20,913.96 53,397.18 23,363.45 37,851.83

2027 20,965.33 54,305.34 24,039.87 42,192.84

AR: Autoregressive model forecast; ARI: Integrated autoregressive model forecast.
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hectares is estimated for 2023. Using the planting density reported by OEIDRUS (2011), 
the estimated area would be 32,396 hectares. In contrast, SIAP (SIACON-SADER, 2024) 
reported a national PA of 24,506 hectares for the same year. These values fall within the 
confidence intervals projected by the AR model presented in Table 2 for 2023.
	 In this ARIMA model estimation, the diversity of agave species included in the AM 
cultivation must be taken into account. According to the OEIDRUS (2011) census conducted 
in 2008, 97.4% of the registered plantations corresponded to Agave espadín. Similarly, 
in 2023, COMERCAM (2024) reported that 86.23% of the mezcal produced came from 
this same species. Therefore, the increase in AM PA could mainly refer to Agave espadín 
and not necessarily reflect the situation of other wild species used in mezcal production. 
One factor that could be contributing to the expansion of the planted area with AM is the 
inclusion of this species in governmental programs for establishing new plantations. Escobar-
Flores and Sandoval (2022) document that the “Sembrando Vida” program promoted the 
repopulation of agaves in the state of Durango. In this context, proper planning is required 
to ensure that the new plantations meet the objectives of these programs.
	 ARIMA models provided estimates consistent with the observed data, presenting 
confidence intervals that encompass possible future values. This demonstrates that 
ARIMA models are useful tools for managing uncertainty in forecasting agricultural 
variables. Castañeda et al. (2021) and Elsamie et al. (2021) provide additional 
evidence of their applicability in crops such as passion fruit and cotton, respectively. 
The PA of AM is part of the agricultural agave market. The effectiveness of ARIMA 
models in analyzing time series of agricultural products has been demonstrated in studies 
on cotton (Korivi et al., 2023) and cabbage (Yang & Hu, 2013). The results obtained in this 
research reinforce the usefulness of these models to analyze time series with complex and 
non-stationary patterns, as occurs in the AM market.
	 Previous research highlights multiple applications of ARIMA models, ranging from 
estimating vanilla production (Luis-Rojas et al., 2020) to estimating the planted area of 
staple crops such as maize (Tipi & Erdal, 2021) and wheat (Fawzy et al., 2019). Tipi and 
Erdal (2021) emphasize the relevance of these models for estimating cultivated areas, a 
key aspect for agave and other crops. More recently, this methodology has been applied to 
crops such as apple (Ajit et al., 2021) and papaya (Shafiya et al., 2022).
	 The cited studies confirm the widespread use of ARIMA models in the analysis of 
agricultural data, where trend identification is fundamental for food security and economic 
stability, as in the case of the PA of AM. However, it must be considered that predictions 
are limited by the quality and availability of data. Unexpected events, such as natural 
disasters, changes in public policies, or economic crises, can significantly alter projections 
(Box et al., 2016; Shumway & Stoffer, 2019).

CONCLUSIONS
	 The cultivation of AM is currently experiencing a context of overproduction. Statistical 
analysis results indicate that in 2024 a production peak could be reached, equivalent to 
nearly three times the maximum planted area historically recorded by SIAP. From 2025 
onward, a decline in the planted area is projected.
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	 Among the compared models, the autoregressive model (4,0,0) showed the best 
performance in predicting the planted area of AM in Mexico during the 2023-2027 
period. This model presented the lowest value in the Akaike Information Criterion and 
achieved better results in the precision tests conducted, outperforming other evaluated 
models, including the mean model, the naïve model, the integrated autoregressive model 
(4,2,0), and the autoregressive moving average model (2,0,1).
	 The results obtained confirm the feasibility of using integrated autoregressive moving 
average models to estimate the planted area of AM. The analysis indicates potential growth 
in this area between 2023 and 2024, with a possible maximum value within the range of 
22,273 to 60,280 hectares for the year 2024. Subsequently, a decreasing trend is projected, 
with an estimated range between 20,965 and 54,305 hectares for 2027.
	 The estimates generated by the integrated autoregressive models were consistent 
with the observed data and those reported for 2023 by COMERCAM and SIAP, 
especially regarding the upper limit of the confidence interval. The agreement between 
the model’s projections and the official data reinforces the validity of the statistical 
analysis performed. This scenario of growth in the planted area can support decision-
making in agricultural public policy, as well as the design of investment strategies by the 
business sector.
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