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Agroforestry systems, particularly shade coffee farms, offer key ecosystem services such as wildlife habitat, water regulation, and carbon storage. While remote sensing has advanced in detecting land use change from shade coffee to other covers, monitoring subtle shifts from traditional to intensified management remains limited. This study presents a spatial, empirically validated, typology of coffee intensification in eleven coffee-growing regions of southern Mexico. Using k-medians clustering on data from over 178,000 parcels, we classified coffee farms into three levels of intensification—low, medium, and high—based on biophysical, socioeconomic, and livelihood strategy indicators. Field validation with 127 farms showed 76.98% agreement between the Index of Coffee Intensification (ICI) and expert assessments. Significant statistical differences in intensification levels between coffee-growing regions were found using chi-square tests. Overall, 43.1% of farms were low-intensification, 35.2% medium, and 21.7% high. Regions like Costa de Oaxaca and Mixteca had mostly low-intensity systems, while Xicotepec and Cuetzalan showed higher levels of intensification. Highly intensified parcels tended to be larger, used more agrochemicals, and were closer to processing infrastructure, while low-input farms were concentrated in marginalized areas with higher ecological integrity. The ICI showed a moderate but significant correlation with municipal coffee yields (R2 = 0.46), suggesting that intensification affects productivity, but other factors also play a role. Differences in chemical use, commercialization strategies, and infrastructure access highlight the influence of territorial context. These findings reveal a dual structure in Mexico’s coffee landscape and highlight the need for region-specific policy strategies. Unlike deforestation-based monitoring, the ICI offers a new lens to assess ecological change within agroforestry systems, especially in tropical mountain regions, and can help guide the development of more sustainable coffee management policies.
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1 Introduction

Coffee production globally is undergoing a rapid transformation driven by environmental, economic, and social factors (Pascucci, 2024). A growing body of research has documented the intensification of coffee systems—defined here as the transition from traditional, shade-grown and diversified agroforestry systems to simplified production models with higher planting densities, increased agrochemical use, and reduced canopy cover (Harvey et al., 2021). However, while these intensified systems aim to maximize short-term yields, they are often associated with trade-offs, including increased exposure to market volatility, climate risk, environmental degradation, and loss of ecological integrity, understood as the capacity of ecosystems to maintain structure, function, and resilience (Lin et al., 2008; Hunt et al., 2020; Jiménez-Ortega et al., 2022).

In contrast, diversified agroforestry systems, characterized by multilayered shade and crop diversity, offer critical ecosystem services, including biodiversity conservation, carbon sequestration, and hydrological regulation (Jha et al., 2011; Cerda et al., 2017; Mokondoko et al., 2022), as well as promoting economic resilience through income diversification and climate buffering (Koutouleas et al., 2022). Recent meta-analyses (Koutouleas et al., 2022; Mokondoko et al., 2022) support previous work (Soto-Pinto et al., 2000) suggesting that moderate-shade coffee systems (35–50% canopy cover) can achieve yields competitive with full-sun monocultures controlling for agrochemical inputs, while simultaneously providing important ecosystem services such as biodiversity conservation, carbon sequestration, and hydrologic ecosystem services. These findings highlight the need for policies that promote diversified coffee systems, recognizing both their environmental and socio-economic benefits. However, ensuring the long-term viability of these systems requires overcoming economic barriers and providing targeted support to smallholder farmers, including access to credit, extension services, and specialized markets for certified coffee (Haggar et al., 2021). Given that coffee is a strategic crop for many rural economies in Latin America—serving as a primary source of income and employment for millions of smallholder farmers (Harvey et al., 2021)—the sustainability of its production systems is crucial. Moreover, many coffee-growing regions overlap with key biodiversity hotspots, making conservation-oriented approaches particularly relevant (Koutouleas et al., 2022).

Global strategies for coffee intensification vary widely. Brazil and Vietnam have consolidated large-scale, full-sun coffee production, while Colombia and Costa Rica have shifted to simplified shaded systems with few tree species (Rice, 1999; Vaast et al., 2015; De Leijster et al., 2021). In contrast, Mexico maintains a long-standing tradition of complex shade-grown systems, influenced by factors such as topography, historical transformations, market access, infrastructure, and the cultural and environmental contexts of each region (Moguel and Toledo, 1999; Toledo and Moguel, 2012). A case study in Oaxaca illustrates how adaptive cycles influence the long-term trajectory of coffee systems, where economic, social, and climatic stressors interact to drive change (Ramírez-León et al., 2024). However, limited access to financing and increasing climate change stressors such as pressure from pests and disease, greater price volatility, and declining yields have led to national programs such as PROCAFE that encourage coffee plant renewals using high-yield disease tolerant varieties that may unintentionally foster the more intensified management practices in key coffee-growing regions (Chort and Öktem, 2024; Jiménez-Ortega et al., 2022; Harvey et al., 2021). Documenting the factors associated with the intensification of coffee production may help predict future trends and develop public policy and market-based strategies that maximize sustainability in the sector.

Large-scale studies of changes in coffee-growing regions have been hampered by difficulties in distinguishing between shade coffee and forest ecosystems (Martínez-Verduzco et al., 2012; Hunt et al., 2020; Escobar-López et al., 2024). Advances in remote sensing, including high-resolution satellite imagery from Sentinel-1, Sentinel-2, Landsat, and LiDAR and other radar sensors, have enhanced the detection of heterogeneous landscapes, overcoming challenges posed by persistent cloud cover and complex topographies, and improved the capacity to distinguish agroforestry coffee systems from forest or other land uses (Hunt et al., 2020; Escobar-López et al., 2024). However, few studies have explicitly focused on distinguishing different levels of coffee intensification (Hwang et al., 2020). This gap highlights the need to incorporate ancillary socioeconomic, environmental, and territorial factors to approximate these levels of intensification. For example, coffee production depends on variables such as altitude, temperature, and geographical conditions, as well as agronomic, genetic, and socioeconomic factors (Aragón-Guzmán et al., 2024). Although numerous studies have integrated multiple factors to identify potential coffee-growing areas (Salas López et al., 2020; Zhang et al., 2021; Nugraha et al., 2021), few have explored methods to differentiate levels of intensification in its production.

Multivariate spatial clustering has emerged as a promising approach for classifying rural systems by integrating biophysical and socioeconomic attributes (Pacini et al., 2014; Beckmann et al., 2022). In agroforestry systems, these methods have been used to develop typologies of coffee agro-ecosystems (Rahn et al., 2018; Volsi et al., 2019). In the context of coffee production in Mexico, applying cluster analysis techniques to differentiate intensification levels could provide insights into the intensification processes in the Mexican coffee sector, including the spatial variability of factors associated with such changes within specific coffee-growing regions. Specifically, the extent to which socioeconomic, environmental, and agricultural programs interact to shape distinct intensification patterns remains unclear. Addressing this knowledge gap is crucial for designing tailored policy interventions that balance productivity with sustainability in the Mexican coffee sector (Escobar-López et al., 2024). This study aims to address this gap by applying spatial clustering techniques to identify coffee intensification gradients across eleven coffee-producing regions in Mexico. We combine remote sensing indicators with socioeconomic and environmental data to explore how intensification varies geographically and what factors drive these differences. We hypothesize that coffee intensification in Mexico is not uniform across regions but follows spatially differentiated patterns shaped by the interaction between biophysical conditions, socioeconomic marginalization, infrastructure access, and commercialization pathways. Specifically, we expect that regions with greater market integration, flatter terrain, and easier access to processing infrastructure will exhibit higher levels of intensification, while remote, marginalized areas with steeper slopes and higher ecological integrity will maintain low-input, traditional agroforestry systems.



2 Review of variables from coffee typologies

Potential variables for modeling coffee intensification (Table 1) were obtained from a review of factors considered in previous typologies describing Mexican coffee production systems. Various studies (Nolasco, 1985; Escamilla Prado et al., 1994; Moguel and Toledo, 1999; Hernández-Martínez et al., 2009; Toledo and Moguel, 2012), emphasize the structural complexity of farm vegetation, considering factors such as species diversity and their interactions within the agroecosystem, tree canopy characteristics (canopy cover and tree height), the degree of agroecosystem intervention (e.g., use of agrochemicals), and market-oriented practices. These structural and management factors are essential in defining the intensification gradient within coffee parcels. In contrast, Escamilla Prado et al. (1994) focus on the socio-economic dimensions of coffee production, highlighting aspects such as crop diversity (species promoted or tolerated within the plot, e.g., fruit trees), production techniques and management practices, the spatial arrangement of plants, and the destination of production. These perspectives have also been corroborated in a recent meta-analysis on coffee management typologies in Latin America (Mokondoko et al., 2022), highlighting the multifaceted nature of coffee agroecosystems. Recent contributions by Herrera Hernández and Zamora Lomelí (2025) further advance this perspective by proposing a complex socio-environmental framework that conceptualizes coffee intensification as an emergent outcome of the interaction between social, natural, and financial capital subsystems. Their study posits that variables such as cooperative organization, forest canopy cover, and market access are not isolated determinants, but rather interdependent dimensions shaping the trajectory of coffee production systems. Likewise, Keys and McConnell (2005) distinguish between innovative intensification—where technical and managerial innovations lead to higher outputs per unit of input—and non-innovative intensification, characterized by increased labor or input use without substantial productivity gains. Together, these frameworks stress that modeling intensification requires attention not only to biophysical and agronomic variables, but also to socio-institutional, technological, and economic processes operating at multiple scales.


TABLE 1 Intensification level predictor variables used in this study.

	Type
	Variable
	Definition
	Methods
	Sources
	Previous studies

 

 	Biophysical 	Average tree height (TH) 	Vertical distance from the base of a tree (at ground level) to its highest point 	Zonal statistics 	Global Land Analysis & Discovery LiDAR data (2019) reported in Potapov et al. (2021) 	Mas and Dietsch (2003), Méndez et al. (2010), and Toledo and Moguel (2012)


 	Fraction of photosynthetically active vegetation cover (FP) 	Percentage of photosynthetically active vegetation cover 	Automated Monte Carlo Unmixing by CLASlite software (Asner et al., 2009) 	Own estimation based on Landsat-8 imagery from 2019/2020 	Ortega-Huerta et al. (2012), Taugourdeau et al. (2014), Galeana-Pizaña et al. (2016), Mokondoko et al. (2022), and Mayorga et al. (2022)


 	Slope (SL) 	Degree of inclination of a surface 	Slope calculation 	Own estimation based on INEGI (2012) 	Rahn et al. (2018) and De Leijster et al. (2021)


 	Socioeconomic 	Accessibility to Coffee processing plants (AP) 	Proximity of plants for processing coffee cherries into green coffee beans ready for roasting 	Travel Time Cost Surface Model from farm to nearest processing plant (Frakes et al., 2015) 	INEGI (2022) and online location searches 	Astier et al. (2012), Walker (2011), CEPAL et al. (2020), and Valencia et al. (2018)


 	Marginalization Index (MI) 	Social exclusion caused by economic growth and inequality 	Bayesian kriging based on localities 	Own estimation based on CONAPO (2020). 	Ayala-Montejo et al. (2025)


 	Coffee plot area (CA) 	Size of the agricultural plot (ha) per farmer 	 	National coffee producer registry (SIAP-SAGARPA, 2011) 	Moguel and Toledo (2012) and Mokondoko et al. (2022)


 	Chemical input (CI) 	Percentage of production units using agrochemicals in agricultural production 	Percentage calculation based on the rural neighborhood (control area as minimum agricultural census spatial unit) 	Own estimation based on the Agricultural and Ejidal Census (INEGI, 2007). 	Escamilla Prado et al. (1994), Perfecto et al. (2005), Moguel and Toledo (2012), Haggar et al. (2021), and Mokondoko et al. (2022)


 	Livelihood strategies 	Agricultural diversification (AD) 	Shannon index applied to the number of crops and associated areas for subsistence or commercialization 	Percentage calculation based on the rural neighborhood (control area as minimum agricultural census spatial unit) 	Own estimation based on the Agricultural and Ejidal Census (INEGI, 2007). 	Escamilla Prado et al. (1994), Galeana-Pizaña et al. (2021), Herrero et al. (2017), and Pérez-Neira et al. (2020)


 	Commercialization route (CR) 	Predominant commercialization / marketing channel for the farmer’s production.
 1-Low-level market integration (Subsistence)2-Mixed (Subsistence & Market commercialization)
 3-High-level market integration 	Percentage calculation based on the rural neighborhood (control area as minimum agricultural census spatial unit) 	Own estimation based on the Agricultural and Ejidal Census (INEGI, 2007). 	Escamilla Prado et al. (1994), Raynolds et al. (2004), Bacon (2005), Renard, 2005, and Moguel and Toledo (2012)





Given the difficulty in obtaining parcel-level data, geospatial information for each variable was obtained from various national sources and available global platforms.
 

We considered various contextual variables that can play a crucial role in shaping coffee production systems. Slope is a key determinant of both agricultural suitability and ecosystem-based adaptation to climate change, influencing soil retention, water infiltration, and erosion control (Rahn et al., 2018). Research suggests that steeper terrain is often associated with higher levels of ecosystem services, as these areas are less likely to undergo intensive agricultural conversion (De Leijster et al., 2021). The National Population Board’s (CONAPO) Marginalization Index in Mexico describes socio-economic conditions such as poverty and access to services, can also influence the viability of coffee farming and levels of farm intensification. Marginalized areas are often associated with lower intensification and yields and can experience higher rates of coffee abandonment or transformation, leading to shifts in productive diversity and land-use change (Ayala-Montejo et al., 2025). Infrastructure is another determinant of coffee production dynamics, with accessibility to coffee processing plants playing a pivotal role in reducing labor demands and maintaining product quality through streamlined post-harvest processes (Walker, 2011). Evidence from smallholder coffee systems in Latin America suggests that distance to processing facilities significantly shapes producers’ post-harvest decisions. In regions with limited infrastructure and poor accessibility, coffee growers often process their own beans to retain value and adapt to logistical constraints (CEPAL et al., 2020). Conversely, producers located near centralized processing plants tend to sell their coffee in cherry form, leveraging proximity to reduce labor and processing costs (Valencia et al., 2018). These plants are often associated with large coffee trading companies—such as Nestlé or AMSA (Agroindustrias Unidas de México, part of the ECOM group)—that strategically establish themselves in regions with high productive potential, where they actively promote intensification practices to ensure a stable supply, reduce logistical costs, and exert greater control over the value chain. In Chiapas, for instance, Nestlé has deployed its Nescafé Plan strategy through subsidized nurseries, technical assistance, and contractual arrangements with local farmers, promoting high-yield robusta varieties that are more resistant but of lower quality (Renard, 2022; Oviedo-Rodríguez et al., 2024). Henderson (2017) also documents how these corporations have restructured production conditions in southeastern Mexico by forming contractual relations with producers in strategically selected areas. This trend is also documented in studies of organic coffee producers, who, when facing commercialization weaknesses and insufficient support infrastructure, are often compelled to sell unprocessed coffee despite the potential economic benefits of processing it themselves (Astier et al., 2012). Such lost revenue can be compensated by increased yield from higher coffee plant density and lower shade cover associated with more intensified management (Harvey et al., 2021). These findings underline how infrastructural conditions not only influence productivity but also determine the degree and form of intensification in coffee production systems.

Structural characteristics of coffee parcels are also associated with production sustainability and management intensification. Average tree height is a proxy for canopy complexity, affecting microclimatic conditions and biodiversity conservation, and can regulate coffee yield and quality with reduced canopies normally associated with more intensified management (Méndez et al., 2010; Mas and Dietsch, 2003). Similarly, the fraction of photosynthetically active vegetation cover is a critical biophysical variable for evaluating the ecological functionality of coffee agroforestry systems, as it reflects the capacity of canopies to intercept light and support primary production. Taugourdeau et al. (2014) demonstrated a strong relationship between NDVI and fAPAR-derived leaf area index (LAI), showing how changes in canopy structure—driven by management practices such as pruning and shade tree density—directly influence productivity and hydrological services. Likewise, Mayorga et al. (2022) found that increased canopy height and shade cover improve ecosystem resilience and carbon storage, further supporting the value of vegetative cover metrics. Ortega-Huerta et al. (2012) confirmed that spectral differences between open- and closed-canopy coffee systems can be captured remotely, underscoring the utility of vegetation indices like NDVI to detect intensification gradients. Together, these studies validate the use of NDVI and fraction of photosynthetically active vegetation cover as integrated indicators of agroforestry system health, with lower values generally reflecting reduced shade density, increased coffee plant density, and more intensified management.

Use of agrochemicals is another aspect of coffee production positively associated with management intensity. Increased chemical inputs, such as fertilizers and pesticides, often characterize intensified systems and influence not only productivity but also long-term soil health and resilience to climate variability (Perfecto et al., 2005). In coffee agroforestry systems, nitrogen fertilization has been shown to increase yields across different shade levels, though its effectiveness diminishes under high-shade conditions, suggesting a context-dependent impact of chemical intensification (Haggar et al., 2021). Additionally, agricultural diversification tends to decline with intensification, due to simplification of production aimed at maximizing short-term yields. Yet, diversification plays a crucial role in climate change adaptation by enhancing food security, generating alternative income sources, and fostering ecological interactions that support resilient multifunctional landscapes (Galeana-Pizaña et al., 2021; Herrero et al., 2017). Evidence from cacao agroecosystems further supports this view, showing that diversified, organically managed plantations—where agrochemical inputs are reduced—achieve greater energy efficiency and sustainability compared to conventional monocultures (Pérez-Neira et al., 2020).

Lastly, the type of commercialization often reflects the degree of market integration and economic stability within coffee-producing communities, determining whether coffee is sold through conventional supply chains, specialty markets, or local trade networks, each of which has implications for economic sustainability and production strategies (Escamilla Prado et al., 1994). Access to specialty or certified markets—such as Fair Trade—has been shown to provide higher prices to growers, promote more sustainable management strategies not relying on yield maximization, and improve economic resilience and strengthen producer organizations by facilitating capacity-building and collective bargaining (Raynolds et al., 2004). Bacon (2005) found that participation in Fair Trade and organic networks helped reduce the vulnerability of small-scale farmers in Nicaragua during global coffee price crises, although benefits were not uniformly distributed and were contingent on variables such as yield and organizational strength. Meanwhile, Renard (2005) highlights that although quality certifications can empower farmers, they also introduce new forms of regulation and power asymmetries that influence how benefits are distributed along the value chain. These studies suggest that commercialization pathways are closely tied to production strategies, with conventional markets often favoring high-volume, intensive systems and certified markets aligning more with diversified or socially organized farms that can meet quality and traceability standards. Together, these variables provide a comprehensive framework for understanding and describing the socio-ecological drivers of coffee intensification, integrating factors related to biophysical and socioeconomic contexts, and livelihood strategies, to assess their role in shaping coffee production systems.



3 Materials and methods


3.1 Selection of coffee-growing regions

According to data from the Agroalimentary and Fisheries Information Service (SIAP in Spanish) Mexico produced 1,058,862 tons of coffee (SIAP, 2024) in the 2023–2024 harvest cycle within an estimated cultivated area of nearly 564,445 hectares (INEGI, 2023) making Mexico the 13th largest producer worldwide. The states of Chiapas, Veracruz, Puebla, and Oaxaca account for 92% of the coffee produced nationally and include 85% of coffee area and 83% of coffee growers. These states are also among the most significant in Mexico for biodiversity, harboring a wide variety of arthropods, plants, and vertebrates (Llorente and Ocegueda, 2008). Additionally, these states have some of the highest percentages of indigenous language speakers and ethnic diversity in the country (INEGI, 2020), communities that play a crucial role in conserving both biodiversity and agrodiversity in Mexico (Boege, 2021).

Within these states, 11 coffee-growing regions were selected in Chiapas (Altos, Sierra, and Soconusco), Oaxaca (Costa, Mixteca, and Sierra Norte), Puebla (Cuetzalán and Xicotepec), and Veracruz (Coatepec, Huatusco, and Zongolica; Figure 1). These regions include 178,798 coffee parcels occupying 332,139.3 hectares (ha), with an average plot size of 1.85 ha (SIAP, 2024). Since they largely reflect the socioeconomic and biophysical heterogeneity found across the 47 coffee-growing regions of Mexico, these regions are a useful subset for analyzing broader national patterns of coffee cultivation.
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FIGURE 1
 The location of 11 coffee-growing regions in four states (brown) comprising the study area in southern Mexico. Also shown are the coffee farms (blue dots) used to validate models predicting coffee intensification levels in these same regions.




3.2 Analysis

To model spatial patterns of agricultural intensification in the selected coffee-growing regions we first gathered geospatial data on coffee farm locations from the National coffee producer registry (SIAP-SAGARPA, 2011). Next, we conducted a review of existing coffee typologies to identify key biophysical, socioeconomic, and livelihood strategy-related variables for inclusion in the multivariate spatial clustering model. Finally, after running the model using three unsupervised machine learning algorithms, we validated the results using data from a field survey conducted among producers across the 11 coffee-growing regions (Figure 2) as well as federal data on municipal-level coffee yields (in tons per hectare; SIAP, 2020) under the assumption that higher predicted intensification should be reflected in higher actual yields.

[image: Flowchart detailing the analysis of coffee intensification using various data sources and methodologies. Key elements include marginalization indices, agricultural data, Landsat images, and socioeconomic variables, leading to clustering analysis. Outputs include coffee intensification levels, field validation, and the exploratory association of intensification with yields.]

FIGURE 2
 Flow chart illustrating the analysis conducted to document coffee intensification trends.



3.2.1 Clusters analysis

A clustering analysis was applied to identify patterns in the distribution and intensification levels of coffee parcels in Mexico. Three unsupervised machine learning algorithms were utilized and compared across each coffee-growing region: k-means, k-medians, and k-medoids. These algorithms grouped parcels based on spatial and non-spatial attributes, aiming to maximize similarity within clusters and minimize it between them (Yan et al., 2019). Among the three algorithms, k-medians consistently produced the highest proportion of explained variance, and was therefore selected for reporting final clustering outcomes. The k-medians algorithm was also selected for its robustness against outliers and skewed distributions, which are common in spatial agroecological data. The analysis was conducted independently for each region, testing clustering solutions with 2–4 groups. The three-cluster solution was consistently selected as optimal, as it provided a substantial gain in explained variance compared to two clusters, while adding a fourth cluster yielded only marginal improvements. This choice was supported by the elbow method (Ketchen and Shook, 1996), and allowed for a meaningful classification of parcels into low, medium, and high levels of coffee intensification, consistent with existing agroecological typologies (Tittonell, 2014a). We refer to resulting predicted levels of intensification as the Index of Coffee Intensification (ICI). To assess clustering performance, the ratio of the between-cluster sum of squares to the total sum of squares was used—an indicator ranging from 0 to 1 that quantifies the proportion of variance explained by the clustering solution (Everitt et al., 2011). The relative importance of each variable in the clustering outcome was derived from standardized contribution share for each input variable, indicating its contribution to the overall model structure and allowing us to interpret which spatial and non-spatial characteristics most strongly differentiated intensification levels in each coffee region. All variables were standardized using z-score transformation prior to clustering. This ensured comparability across variables with different scales and units, and prevented those with larger numerical ranges from dominating the analysis. The relative contribution of each variable to the clustering solution was computed by analyzing the standardized reduction in within-cluster variance attributable to each variable, averaged across all clusters. This approach allowed us to quantify and compare the influence of each factor describing the biophysical, socioeconomic, and livelihood strategy dimensions on the model outcomes for each region.



3.2.2 Field validation of ICI predictions

To validate predictions of the cluster analysis and the resulting ICI, we used a database from field visits coffee parcels in our study regions between 2022 and 2023 (Figure 1). The original sampling strategy sought to visit 20 farms per region (n = 220), including ten smallholder farms selling conventional coffee, one large-scale farm with intensified management, and eight farms producing differentiated coffee (certified or specialty). However, due to logistical and security issues in Chiapas and Oaxaca, and additional georeferencing problems in some farms, the final number of farms used for validation was reduced to 127 farms. During each visit, technicians collected biophysical measurements of farm structure and management practices, conducted socioeconomic surveys, and recorded information on coffee processing and commercialization. Based on this information and their professional judgment, technicians classified each farm into one of five coffee production types proposed by Hernández-Martínez et al. (2009), which refines previous typologies (Moguel and Toledo, 1999; Toledo and Moguel, 2012) by placing greater emphasis on structural features observable via remote sensing. Each of the five production types was used as a proxy for the level of management intensity across all sampled farms. To assess the correspondence between predicted ICI levels (low, medium, and high) and field-based classifications, we constructed a confusion matrix summarizing matched classifications across regions. To statistically evaluate whether the observed agreement was greater than expected by chance, we applied a chi-square test of independence.

To further test the relationship between predicted ICI values and municipal-level coffee yields (in tons per hectare; SIAP, 2020), we constructed a regional weighted average intensification index. This index assigns weights to the proportion of parcels in each intensification category, with values of 0 for low, 1 for medium, and 2 for high intensification levels, as follows:

Weighted Intensification Index=1×(%MediumICI)+2×(%HighICI)

The use of ordinal weights reflects the assumption of a progressive increase in management intensity—from traditional low-input agroforestry systems to simplified, input-intensive models. Although this approach implies a linear relationship among categories, it offers a parsimonious and interpretable measure of average regional intensification. These composite scores were then compared to regional coffee yield data for 2020, obtained from the Statistical Yearbook of Agricultural Production at the municipal level, published by SIAP (Ministry of Agriculture). Regional averages were calculated by aggregating yield data from the municipalities comprising each region. A regression analysis was subsequently performed to evaluate the extent to which the ICI can predict actual production levels.



3.2.3 Cluster-wise mean comparison

To statistically evaluate the differences between clusters obtained from the ICI, a Kolmogorov–Smirnov test was applied to check for normality. If the data did not follow a normal distribution, a non-parametric Kruskal-Wallis test was used to detect significant differences between clusters. Post-hoc analysis was conducted using Dunn’s test with Bonferroni correction to identify pairwise differences. This procedure enabled us to assess the internal consistency of the clustering model and its ability to differentiate between levels of coffee intensification.

To assess whether the distribution of coffee intensification levels (low, medium, and high) varied significantly across the eleven study regions, we constructed a contingency table of parcel counts by intensification category and region. We then applied a chi-square test of independence to evaluate whether the observed distributions differed from what would be expected under the assumption of independence. When the overall test indicated significant variation, post-hoc analyses of standardized residuals were used to identify combinations of region-specific variables that contributed most to the association. This approach enabled us to evaluate the role of territorial context in shaping the relative prevalence of intensification levels, thus linking typological outcomes to spatial patterns of management practices.





4 Results


4.1 Model validation

The 127 coffee parcels used to validate the ICI were distributed across ten coffee regions (Table 2). Only Soconusco did not contribute field data due to previously mentioned logistical constraints. Concordance analysis between clustering model and ICI shows an overall agreement of 76.98% (X2 = 71.25, p-value <0.001). The highest levels of concordance were found in Huatusco with 90.48%, followed by Altos, Mixteca, and Sierra, each with 83.33%, and Cuetzalan with 80.00%. Other notable regions include Costa and Sierra Norte, with 76.47 and 75.00%, respectively. In contrast, Xicotepec and Coatepec showed moderate agreement levels, at 70.59 and 66.67%, respectively. The lowest concordance was observed in Zongolica, at only 53.85%, suggesting more frequent discrepancies between the declared and estimated intensity levels in this coffee region.


TABLE 2 Predicted intensification levels reported as the proportion (%) of the total number of coffee parcels in 11 coffee-growing regions in four states in Mexico.

	State
	Region
	Coffee parcels
	Validation sites
	Low (%)
	Medium (%)
	High (%)
	Average regional yields (SIAP, 2020)

 

 	Chiapas 	Altos 	20,018 	12 	44.30 	36.73 	18.97 	2.19


 	Sierra 	21,717 	6 	19.57 	61.08 	19.35 	1.84


 	Soconusco 	30,483 	0 	35.11 	47.51 	17.39 	1.57


 	Oaxaca 	Costa 	16,129 	17 	80.48 	4.75 	14.77 	0.63


 	Mixteca 	2,976 	12 	61.39 	19.09 	19.52 	0.81


 	Sierra Norte 	19,252 	12 	42.49 	37.20 	20.31 	1.02


 	Puebla 	Cuetzalan 	6,988 	10 	23.01 	41.89 	35.10 	2.24


 	Xicotepec 	12,602 	17 	56.41 	2.03 	41.56 	2.38


 	Veracruz 	Coatepec 	18,198 	7 	25.59 	46.60 	27.81 	1.93


 	Huatusco 	15,358 	21 	53.67 	38.63 	7.70 	1.80


 	Zongolica 	15,077 	13 	57.76 	11.12 	31.12 	1.68





Also reported are the number of parcels and the average regional yields (calculated from municipal data) used to validate predictions.
 



4.2 Relationship between ICI and coffee yields

This spatial heterogeneity in the distribution of predicted intensification levels, obtained from the cluster analysis and contrasted with municipal-scale coffee yields (Figure 3), revealed a positive association with average coffee yields (R2 = 0.46, p-value = 0.02).

[image: Scatter plot charting average yields against the Weighted Intensification Index, with data points labeled by region: Costa, Mixteca, Soconusco, Zongolica, Coatepec, Sierra Norte, Huatusco, Altos, Xicotepec, Cuetzalan, and Sierra. A diagonal line indicates an upward trend.]

FIGURE 3
 Scatter plot of average yields (tons/hectare) and the weighted intensification index in each coffee region studied. Yields were calculated based on the average of municipalities comprising each coffee region.




4.3 National and regional ICI variation

Out of the 178,798 coffee parcels analyzed in the cluster analysis, 43.1% were classified as having a low level of intensification, while 35.2% were medium, and only 21.7% were categorized as high intensification (Figure 4). By assigning numeric scores to each intensification level (0.33 for low, 0.66 for medium, and 0.99 for high), we calculated a mean intensification index of 0.58 with a standard deviation of 0.25, indicating a moderate overall intensification level across the national coffee landscape with substantial variability among individual parcels. The pattern changed when considering total area, while parcels with low intensification still dominated accounting for 138,412 hectares (41.7%), high intensification parcels covered the next most area with 105,383 (31.7%) hectares followed by 88,343 (26.6%) hectares under intermediate intensification. The contrast between the plot number and total area of coffee parcels suggests that high-intensification systems are generally associated with larger parcel sizes, while low-intensification systems are more numerous but on smaller parcels. These proportions underscore the overall predominance of less intensive management practices in the sector, while also revealing the considerable spatial footprint of highly intensified systems. Together, these findings point to a dual structure in the coffee landscape—one in which extensive, low-input systems coexist with more spatially concentrated, high-intensity production zones.
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FIGURE 4
 Predicted intensification level of coffee farms in 11 coffee-growing regions in the states of Chiapas, Oaxaca, Puebla, and Veracruz in Mexico.


The distribution of coffee intensification levels varied substantially across the eleven coffee-growing regions analyzed (Table 2). Regions such as Costa and Mixteca exhibited the highest proportions of parcels with low intensification levels, with 80.48 and 61.39%, respectively. In contrast, regions like Xicotepec and Cuetzalan (Puebla), displayed the highest shares of highly intensified parcels, reaching 41.56 and 35.10%, respectively. Notably, Zongolica (Veracruz) exhibited a dual pattern, ranking among the top regions for both low (57.76%) and high (31.12%) intensification levels, suggesting a more heterogeneous distribution of management practices within its coffee landscape. Some regions, including Sierra, Coatepec, and Soconusco, presented a more balanced distribution across the three intensification levels. This variability is closely linked to differences in biophysical, socio-economic, and livelihood strategy-related factors, as summarized in Table 3.


TABLE 3 Comparative summary of average values of biophysical, socio-economic, and livelihood strategy-related variables in 11 coffee-producing regions in the four states of Mexico included in the study.

	Variable
	Regional average
	Chiapas
	Oaxaca
	Puebla
	Veracruz



	Altos
	Sierra
	Soconusco
	Costa
	Mixteca
	Sierra Norte
	Cuetzalan
	Xicotepec
	Coatepec
	Huatusco
	Zongolica

 

 	Average tree height (m) 	14.86 	10.05 	14.16 	15.68 	19.99 	19.49 	16.60 	14.46 	13.41 	13.22 	13.98 	16.24


 	Fraction of photosynthetically active vegetation cover (%) 	80.95 	76.16 	87.57 	91.71 	91.67 	70.80 	90.47 	85.14 	75.78 	68.36 	56.26 	77.18


 	Slope (°) 	13.07 	11.78 	17.09 	12.15 	14.74 	15.15 	16.87 	12.97 	13.85 	8.49 	5.61 	16.32


 	Accessibility to Coffee processing plants (min) 	35.56 	32.44 	47.94 	34.05 	63.53 	25.54 	63.06 	15.10 	20.07 	14.33 	14.03 	31.84


 	Marginalization Index (scale 1 to −1) 	0.34 	0.77 	0.35 	0.27 	0.68 	0.03 	0.52 	0.50 	0.35 	- 0.24 	- 0.10 	0.39


 	Coffee plot area (ha) 	1.86 	0.89 	2.11 	2.74 	3.12 	0.98 	1.08 	1.20 	2.34 	1.29 	1.86 	1.38


 	Chemical input (%) 	1.90 	0.13 	0.18 	0.44 	0.26 	3.23 	1.17 	1.68 	1.02 	7.46 	4.89 	3.22


 	Agricultural diversification (scale 0–1) 	0.25 	0.37 	0.27 	0.14 	0.32 	0.44 	0.33 	0.24 	0.17 	0.21 	0.14 	0.25


 	Commercialization route (1 = low, 2 = mixed, 3 = high market integration) 	1.37 	1.27 	1.20 	1.18 	1.12 	1.14 	1.18 	1.38 	1.60 	1.76 	1.93 	1.46




 



4.4 Cluster differentiation and variable contributions


4.4.1 Statistical differences between clusters

A significant deviation from normality (KS = 0.2524, p < 0.001) in the data was detected, justifying the use of non-parametric methods to assess whether the ICI values differed significantly among the three identified intensification clusters (low, medium, and high). A Kruskal-Wallis test revealed statistically significant differences in ICI scores across the clusters (H = 15.0784, p < 0.001). Post-hoc comparisons using Dunn’s test with Bonferroni correction confirmed that the high-intensification group differed significantly from both the low- (mean difference = 0.2436, p < 0.001) and the medium-intensification group (mean difference = 0.1297, p = 0.010). The difference between the low and medium groups was marginally non-significant (mean difference = −0.0897, p = 0.056). The distribution of ICI values across the three clusters is visually represented in Figure 5, which shows distinct median and interquartile ranges for each intensification level.
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FIGURE 5
 Boxplots of predicted ICI values calculated by field-based typological classification across low, medium, and high intensification clusters.


Chi-square tests of independence based on the number of parcels per intensification level (low, medium, high) in each region revealed a highly significant association (χ2 = 35,466.30, p < 0.001), confirming that the distribution of intensification levels is not homogeneous across the coffee-growing landscape. Standardized residuals from the test provided additional insight into the nature of this association (Table 4). Regions such as Costa, Zongolica, Huatusco, and Mixteca exhibited large positive residuals in the low-intensification category, reflecting a higher-than-expected number of parcels under extensive, traditional management. In contrast, Xicotepec and Cuetzalan showed strong positive residuals in the high-intensification category, suggesting an overrepresentation of intensified systems relative to the national pattern. Most other regions had elevated positive residuals in the medium-intensification category, indicating a prevalence of intermediate management strategies.


TABLE 4 Standardized residuals of intensification levels in 11 coffee-growing regions in Mexico.

	Region
	Low
	Medium
	High

 

 	Altos 	2.500505318 	3.747761072 	−8.296335938


 	Sierra 	−52.88250297 	64.4171982 	−7.436021271


 	Soconusco 	−21.35039062 	36.34313682 	−16.15903719


 	Costa 	72.20652529 	−65.13539415 	−18.8962249


 	Mixteca 	15.15951123 	−14.78908322 	−2.548974379


 	Sierra Norte 	−1.373659745 	4.773700274 	−4.139803629


 	Cuetzalan 	−25.61830045 	9.480407402 	24.05327507


 	Xicotepec 	22.68457085 	−62.72009021 	47.85415597


 	Coatepec 	−36.04274977 	26.01972957 	17.69796179


 	Huatusco 	19.86796152 	7.247287923 	−37.23877387


 	Zongolica 	27.32713595 	−49.77712433 	24.83261455




 



4.4.2 Contribution of explanatory variables to clustering

Table 5 presents the relative contribution of each explanatory variable to coffee intensification patterns across regions, based on standardized contribution shares derived from the multivariate clustering model. To identify the most influential variables, we ranked them based on two metrics: their average contribution across all regions and the number of regions in which they exceeded a threshold of 0.10. Commercialization Route (CR) emerged as the strongest correlate of intensification, with the highest average contribution (0.26) and significant influence in all 11 regions analyzed. This pattern reinforces the positive association between market orientation and higher intensification levels, particularly notable in Sierra Norte (0.37), Altos and Cuetzalan (0.32), and Soconusco (0.30). The Fraction of Photosynthetically Active Vegetation Cover (FP) followed, with an average contribution of 0.14 and relevance in 10 regions, displaying a consistent negative association with intensification as vegetation cover tends to diminish with more intensive practices. Average Tree Height (TH) and Accessibility to Processing Centers (AP) also showed meaningful contributions, each exceeding the 0.10 threshold in six regions. TH with an average contribution of −0.11 exhibited higher values in Coatepec (−0.17), Xicotepec, Zongolica, and Huatusco (all around −0.15), indicating that reductions in canopy height are associated with more intensified coffee systems. AP, with an average of −0.12, contributed substantially in Altos (−0.28), Sierra (−0.19), and Coatepec (−0.15), suggesting that more accessible areas (shorter travel times) are associated with more intensified systems. Chemical Inputs (CI), in contrast, showed a strong positive average contribution (0.14), particularly in Costa (0.39), Xicotepec (0.36), and Huatusco and Mixteca (0.26), supporting the link between agrochemical use and intensified coffee systems. Slope (SL), with an average negative value of −0.07, was especially relevant in Cuetzalan (−0.19), Soconusco (−0.18), and Coatepec (−0.17), reflecting the limitations of steep terrain for mechanized or intensified production. Less influential were Marginalization Index (MI), Agricultural Diversification (AD), and Coffee Plot Area (CA). MI had a moderate average contribution (−0.08), passing the 0.10 threshold in just three regions. AD was significant in only two regions, with a modest average contribution (−0.05), but consistently showed a negative relationship with intensification. CA exhibited the lowest average (0.02) and exceeded the 0.10 threshold only in Altos (0.13), indicating a limited but directionally stable association.


TABLE 5 Explanatory variable contributions to clustering outcomes in each region as measured by standardized contribution share.

	State
	Regions
	CA
	MI
	SL
	TH
	FP
	CI
	AD
	CR
	AP

 

 	Chiapas 	Altos 	0.13 	−0.19 	−0.00 	−0.01 	−0.02 	0.02 	−0.03 	0.32 	−0.28


 	Sierra 	0.02 	−0.16 	−0.03 	−0.08 	−0.14 	0.01 	−0.12 	0.26 	−0.19


 	Soconusco 	0.01 	−0.10 	−0.18 	−0.13 	−0.12 	0.01 	−0.02 	0.30 	−0.11


 	Oaxaca 	Costa 	0.00 	−0.01 	−0.01 	−0.08 	−0.17 	0.39 	−0.01 	0.29 	−0.04


 	Mixteca 	0.02 	−0.07 	−0.07 	−0.09 	−0.13 	0.26 	−0.12 	0.21 	−0.05


 	Sierra Norte 	0.01 	−0.15 	−0.01 	−0.09 	−0.12 	0.01 	−0.06 	0.37 	−0.19


 	Puebla 	Cuetzalan 	0.02 	−0.01 	−0.19 	−0.14 	−0.13 	0.03 	−0.04 	0.32 	−0.12


 	Xicotepec 	0.00 	−0.00 	−0.08 	−0.15 	−0.18 	0.36 	−0.02 	0.20 	−0.02


 	Veracruz 	Coatepec 	0.00 	−0.06 	−0.17 	−0.17 	−0.22 	0.00 	−0.01 	0.20 	−0.15


 	Huatusco 	0.01 	−0.04 	−0.04 	−0.15 	−0.18 	0.26 	−0.07 	0.25 	−0.00


 	Zongolica 	0.00 	−0.09 	−0.03 	−0.15 	−0.17 	0.22 	−0.09 	0.18 	−0.08


 	Average 	0.02 	−0.08 	−0.07 	−0.11 	−0.14 	0.14 	−0.05 	0.26 	−0.12


 	Number of regions (>0.10) 	1 	3 	3 	6 	10 	5 	2 	11 	6





More important variables with values > 0.10 are highlighted in bold. Variable codes are coffee plot area (CA), marginalization index (MI), slope (SL), average tree height (TH), fraction of photosynthetically active vegetation cover (FP), chemical input (CI), agricultural diversification (AD), commercialization route (CR), and accessibility to coffee processing plants (AP).
 





5 Discussion

The significant differences across clusters underscore the ability of the ICI to meaningfully differentiate between different levels of management intensity across Mexico’s coffee-growing landscapes. Additionally, the significant statistical concordance between predicted ICI levels and field-based classifications (overall agreement: 76.98%) and between regional ICI scores and municipal coffee yields (R2 = 0.46) provides empirical support from different data sets of the index’s validity and utility in studying intensification patterns in the coffee sector of Mexico. The ICI aligns with recent efforts in agri-environmental typology construction that aim to generate spatial and scalable tools for territorial stratification and policy targeting (Beckmann et al., 2022; Pacini et al., 2014).

Although nearly 43% of coffee parcels nationwide are classified as low-intensification, the distribution of intensification levels varies markedly across coffee-growing regions, reflecting underlying structural and historical differences. In the Costa region of Oaxaca, low-intensification systems dominate (80.48%), a pattern shaped by dry agroclimatic conditions, steep terrain, and limited infrastructure (Aragón-Guzmán et al., 2024). The prevalence of smallholder producers operating under traditional agroforestry models—often oriented toward differentiated markets such as organic coffee—further reinforces the extensive, low-input nature of production systems in these regions (Ramírez-León et al., 2024). This production profile is not only shaped by agronomic choices but also by broader structural conditions: high levels of marginalization and geographic isolation exacerbate these constraints by limiting producers’ access to technology, credit, and integration into mainstream value chains (Aragón-Guzmán et al., 2024). By contrast, the Xicotepec and Cuetzalan regions (Puebla) exhibit the highest shares of highly intensified parcels (41.56 and 35.10%, respectively). These regions benefit from better market access, improved infrastructure, and distinctive organizational trajectories. In Cuetzalan, indigenous cooperatives like Tosepan have fostered sustainable intensification through agroecological diversification and certification-based value chains (Benítez-García et al., 2015). Meanwhile, Xicotepec’s integration into conventional markets has been shaped by the presence of private firms and external traders promoting input-intensive practices, reduced canopy complexity, and lower shade cover (Tolentino and Vera, 2017).

In Veracruz, institutional legacies have played a central role in shaping production systems. The region of Coatepec, historically the seat of the Mexican Coffee Institute (INMECAFÉ), reflects the lasting influence of mid-20th century state-led modernization programs that promoted shade monocultures and the adoption of technology (Moguel and Toledo, 1999). Today, Coatepec shows a relatively high proportion of intensified parcels (27.81%) and yields above the national average (1.93 t/ha). In contrast, Zongolica displays a dual structure, where both low (57.76%) and high (31.12%) intensification levels coexist—underscoring internal heterogeneity linked to land fragmentation, limited technical assistance, and unequal market access (Briones-Ruíz et al., 2021). Chiapas, Mexico’s leading coffee-producing state, also reveals internal contrasts. In Altos, a predominantly indigenous and marginalized region, low (44.30%) and medium (36.73%) intensification systems prevail. Despite socioeconomic constraints, yields remain relatively high (2.19 t/ha), likely due to favorable ecological conditions (Jarquín Gálvez, 2003). In the Sierra region, large-scale technified states coexist with ejidos managed by smallholder mestizo producers (Martínez-Torres, 2008), resulting in a more balanced distribution across intensification levels.

Across all regions, areas with higher intensification—such as Xicotepec, Cuetzalan, and Coatepec—are consistently associated with greater use of agrochemicals, simplified vegetation structure, and proximity to processing facilities. These patterns align with prior studies (e.g., Haggar et al., 2021; Perfecto et al., 2005) highlighting the ecological trade-offs of input-driven intensification. Conversely, low-intensification regions like Costa and Sierra Norte tend to maintain more complex canopy structures and rely less on chemical inputs—characteristics associated with traditional agroforestry systems. However, these systems are often found in marginalized, hard-to-reach areas where limited institutional support constrains both productivity and adaptation capacity (Astier et al., 2012; CEPAL et al., 2020). These findings resonate with broader historical analyses of agri-food systems, such as Ramírez-León et al. (2024), which show how regions like Oaxaca have followed divergent transformation paths in response to economic, climatic, and institutional shocks—often at the cost of agroecological resilience. The coexistence of intensified and conservative systems thus reflects not only biophysical variation but also deeply rooted political-institutional trajectories (Moguel and Toledo, 1999; Toledo and Moguel, 2012; Harvey et al., 2021).

Regarding explanatory variables, livelihood strategy-related factors emerged as key determinants of intensification. Commercialization route (CR) was among the most influential variables in multiple regions, underscoring the role of market integration in shaping farm-level management (Renard, 2005; Bacon, 2005). Meanwhile, variables such as agricultural diversification showed a negative association with intensification, highlighting trade-offs between productivity and agroecological resilience (Herrero et al., 2017; Pérez-Neira et al., 2020).

Similarly, socioeconomic-related factors such as accessibility to coffee processing plants (shorter travel times) were consistently negatively associated with higher intensification levels, which may reflect the perverse dynamics often driven by large coffee trading companies (Renard, 2022; Oviedo-Rodríguez et al., 2024; Henderson, 2017). A particularly notable finding is the consistent positive relationship between chemical input and intensification across nearly all regions. This reinforces the characterization of intensification as an input-based strategy, raising concerns about long-term environmental sustainability. Recent empirical work also confirms that medium-shade systems under moderate input investment can sustain yields comparable to high-input low-shade systems, suggesting the potential for synergies between intensification and ecosystem service conservation (Haggar et al., 2021). Additionally, Lalani et al. (2024) emphasize that the viability of agroforestry systems is closely linked to long-term profitability. Under certain market and climate scenarios, diversified shaded systems not only provide greater ecological benefits but can also achieve higher net present value (NPV) compared to fully intensified models, particularly when policy and institutional support are aligned with sustainability goals.

Biophysical variables—such as slope, tree height, and fraction of photosynthetically active vegetation cover (FP) —showed a consistent negative association with intensification, confirming that intensified parcels tend to occupy flatter areas with lower canopy density. These patterns mirror previous studies that link reduced shade and structural simplification with intensified coffee management (Mas and Dietsch, 2003; Mokondoko et al., 2022). The FP, derived from remote sensing data, provides a particularly valuable proxy for canopy complexity at scale. However, it is important to acknowledge that such satellite-derived indicators carry inherent uncertainties stemming from sensor resolution, atmospheric conditions, and classification thresholds that may influence their accuracy and contribution to the ICI. Evidence from other tropical settings reinforces the relevance of landscape-scale socioeconomic factors—such as distance to market, household typologies, and land tenure security—in shaping intensification strategies (Mukai, 2024). These considerations highlight that local strategies are embedded in broader territorial and institutional configurations. For instance, Rahn et al. (2018) and Dorsey (2008) show how access to shade, agroclimatic gradients, and commercialization options co-determine sustainable intensification trajectories in East African and Kenyan highlands.

Taken together, these regional differences reinforce the need for territorially differentiated policy approaches. Recognizing and leveraging regional heterogeneity in coffee production systems is essential for designing sustainable programs that can avoid unintended consequences and effectively balance productivity, resilience, and equity in Mexico’s culturally and biologically diverse coffee landscapes. The findings of a recent TEEB AgriFood study of the coffee support sector this argument by documenting how the impacts of different policy scenarios—such as the promotion of high-yield varieties, certification schemes, and agricultural diversification—vary considerably across regions in terms of their effects on natural, social, human, and produced capital (Manson, 2023). Among its findings, the study notes that productivity-oriented programs such as Procafé have led to unintended consequences, including a reduction in shade cover in approximately 10% of coffee parcels. This loss of canopy, while potentially associated with short-term yield gains, could increase the long-term vulnerability of these systems to climate change (Manson, 2023). These findings make it clear that one-size-fits-all policies are unlikely to achieve sustainable outcomes. Instead, public programs must be flexible, multi-dimensional, and co-designed with local actors to align with the unique opportunities and constraints of each coffee-growing territory.

Despite the robust performance of the ICI and its significant associations with yield data, some limitations must be acknowledged. First, the study’s reliance on the somewhat outdated 2007 Agricultural Census stems from delays in the availability of detailed crop-level data from the 2022 edition at the spatial resolution required for this analysis. While this limitation may affect the relevance of some variables, the inclusion of more recent satellite-based indicators and field surveys helps mitigate the risk of data obsolescence. Second, the reduced number of validated parcels (n = 127), below the initial sampling target of 220, reflects financial constraints and logistical difficulties—especially in conflict-prone or inaccessible regions such as Soconusco. Although the overall concordance between predicted ICI values and field classifications remained high (76.98%), the lack of validation data in this region may limit the generalizability of findings. Future research should prioritize expanded field sampling and leverage new rounds of agricultural census data to strengthen model calibration and enhance the representativeness of the typology across Mexico’s diverse coffee landscapes. Third, the moderate correlation between regional ICI scores and average municipal yields (R2 = 0.46) warrants further reflection. While a stronger relationship might be expected under a strictly input–output production logic, we believe this result highlights the multifactorial nature of coffee productivity, which is also shaped by variables not explicitly captured in the ICI—such as microclimatic conditions, pest and disease pressure, the type of coffee (arabica versus robusta), soil fertility, and labor dynamics. Additionally, temporal inconsistencies among data sources may have attenuated the observed relationships. For instance, some structural covariates (e.g., parcel size, accessibility, diversification) derive from the 2007 Agricultural Census, while satellite-based indicators and yield data correspond to 2020, potentially introducing lags in system dynamics that affect the strength of correlations. The fact that our correlation was statistically significant (p = 0.02) despite the statistical noise generated by these issues highlights the potential utility of the ICI to help explain patterns of municipal-level coffee intensification in México, but also the need that such information be explicitly included in future versions of this index.

While significant, the ICI was not capable of explaining all the variation in regional intensification or yields, thus reinforcing the notion that broader institutional and infrastructural contexts mediate outcomes. This aligns with findings from Brazil, where transformations in the spatial distribution of coffee systems have been shaped not only by climatic suitability but also by the erosion or emergence of supportive policy environments and market structures (Volsi et al., 2019). Moreover, the regional specificity of variable contributions echoes similar typology work in Africa and Latin America, which emphasizes that cluster-based classifications gain explanatory power when anchored in localized knowledge and territorial dynamics (Rahn et al., 2018; Pacini et al., 2014).

The relative weights of explanatory variables, suggest that commercialization route (CR) exerts a disproportionate influence in the clustering model. While this may be a problem of overfitting, we believe this pattern could also reflect structural asymmetries in value chain integration across coffee regions, where market access functions as a key enabler—or barrier—to intensified practices. Nonetheless, this variables prominence could bias the typology toward market-driven intensification models. Future refinements should explore adjusted weighting schemes or dimensional balancing techniques to better integrate ecological, structural, and economic factors in a more harmonized manner. Complementary qualitative approaches may also help contextualize outliers and illuminate the social and institutional drivers underlying intensification trajectories.

While the k-medians clustering approach performed robustly, it offers only a static representation of current intensification patterns. This limitation underscores the need to incorporate a temporal dimension in future analyses, as coffee intensification is a dynamic process shaped by shifting socio-economic, political, and ecological conditions (Tittonell, 2014b). Longitudinal assessments would not only allow for the identification of transitions across intensification trajectories, but also help detect critical inflection points and underlying drivers of change in production systems (Kassie et al., 2015). Moreover, integrating alternative unsupervised learning methods—such as hierarchical clustering or latent profile analysis—could enhance both the explanatory power and internal consistency of the typology (Rahn et al., 2018), particularly if applied to time-series data that capture the evolving nature of coffee production landscapes.

Beyond methodological refinements, there is a critical need to integrate producer perspectives and decision-making rationales through mixed-methods approaches, including qualitative interviews or agent-based modeling, to better capture the social dynamics that shape intensification strategies. In line with Mokondoko et al. (2022), emerging evidence indicates that the relationships among shade cover, fertilization, and yield vary substantially across regions, reinforcing the need for localized agroecological measurements that reflect diverse biophysical and management conditions. The use of quantitative intensity indices—such as those proposed by Mas and Dietsch (2003) and Hernández-Martínez et al. (2009)—provides a complementary and scalable framework to typological classifications, improving cross-regional comparisons. Furthermore, as shown by Meneses-R and Armbrecht (2018), these indices offer a valuable tool to evaluate structural vegetation changes and conservation potential in fragmented coffee landscapes. Incorporating bioeconomic feedbacks is also essential, as demonstrated by Ayala-Montejo et al. (2025), who found that socioeconomic capacity—including investment, education, and market diversity—is critical to maintaining carbon and nitrogen stocks in diversified agroforestry systems such as coffee–avocado. Together, these insights underscore the importance of developing multidimensional and locally grounded typologies that integrate biophysical, socioeconomic, and livelihood strategy dimensions to better inform sustainable intensification pathways. They also highlight the urgent need for more governmental support in long-term monitoring of the coffee sector through constant updates of the National Registry of Coffee Growers and greater frequency and consistency of survey questions in the National Agriculture Census.

In summary, this study provides an empirically validated spatial typology of coffee intensification in Mexico, capable of capturing regional heterogeneity and informing targeted policy design. Despite some limitations—including the absence of a formal uncertainty analysis for remote sensing-derived variables—the Index of Coffee Intensification (ICI) demonstrates strong internal consistency and external validity. Future adaptations of the ICI could benefit from integrating probabilistic modeling or bootstrapped clustering approaches to better quantify classification uncertainty. Moreover, the methodological framework developed here is potentially transferable to other contexts, particularly in regions where perennial agroecosystems intersect with diverse biophysical, socioeconomic, and livelihood strategy landscapes. As such, this typology contributes not only to a better understanding of intensification dynamics in Mexico but also offers a scalable tool for sustainable land management planning in the broader Latin American coffee belt and beyond.



6 Conclusion

This study presents a spatial and empirically validated typology of coffee intensification across eleven key producing regions in Mexico. By integrating biophysical, socioeconomic, and livelihood strategy-related variables through a multivariate clustering approach, we developed and validated an index of coffee intensification capable of identifying three distinct intensification levels—low, medium, and high—that revealed a dual structure in the Mexican coffee landscape. While low-intensification systems remain predominant in number, high-intensification parcels occupy a substantial share of the total area and are often associated with larger parcel sizes and higher municipal yields. Regional variation was pronounced, reflecting the influence of agroecological conditions, infrastructure, market access, and institutional histories. Notably, highly intensified regions consistently showed increased chemical input use and simplified vegetation structure, whereas traditional agroforestry systems—though less productive—maintained greater ecological functionality and prevailed in marginalized areas with limited infrastructure.

These findings underscore the need for territorially differentiated policy strategies that recognize and leverage regional heterogeneity in coffee production systems, avoiding one-size-fits-all approaches that are unlikely to succeed in balancing productivity, environmental resilience, and equity in different territorial contexts. Instead, sustainable intensification will require flexible, multi-dimensional, and co-designed public programs aligned with local capacities, constraints, and market conditions. Moreover, the strong association between commercialization routes, accessibility to infrastructure, and intensification pathways reveals the need to critically evaluate the role of value chain governance and corporate-led interventions in shaping production dynamics.

Complementary frameworks such as quantitative management intensity indices (Mas and Dietsch, 2003; Hernández-Martínez et al., 2009) and biodiversity-based tools (Meneses-R and Armbrecht, 2018) can improve cross-regional comparability. Recent work by Ayala-Montejo et al. (2025) also emphasizes the role of socioeconomic capacity—investment, education, and market diversity—in sustaining biogeochemical cycles in diversified systems. Remote sensing approaches using NDVI, NBR, or LAI (Ortega-Huerta et al., 2012; Taugourdeau et al., 2014; Hwang et al., 2020) offer scalable, cost-effective monitoring of intensification dynamics. The combination of optical and radar data from Sentinel-1 and 2 and object-based image analysis has also proven promising for distinguishing intensification levels (Hunt et al., 2020). Lastly, considering the critical role of commercialization routes and infrastructure revealed in this study, future research should explore how value chain governance and national programs like Producción para el Bienestar or Sembrando Vida interact with regional intensification trajectories to inform sustainable and equitable policies.
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