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ABSTRACT   

Each year, Colombia generates a vast amount of agricultural data reflecting the evolution of production 

systems across different regions. Municipal Agricultural Assessments (EVA) annually compile records of 

production, planted areas, harvested areas, and yields for municipalities throughout the country, making them 

one of the main public sources of information for the agricultural sector. However, these records have 

primarily been used for compiling statistics and official reports, while their potential to explain differences 

in agricultural performance across regions using machine learning techniques has been largely unexplored. 

To leverage this information from a territorial perspective, this research developed a territorial intelligence 

framework that transforms EVA database records into interpretable agricultural profiles using derived 

indicators and machine learning models. To this end, five territorial indicators were constructed: real 

productivity, harvest efficiency, loss index, crop share, and historical variability. These indicators were 

derived from agricultural records collected between 2019 and 2024 and allowed for the representation of 

different dimensions of agricultural performance beyond traditional yield measures. The proposed territorial 

indicators made it possible to distinguish four agricultural profiles describing different patterns of agricultural 

performance across Colombian agricultural records. Decision Tree and Random Forest models were 

evaluated for their ability to recognize the proposed agricultural profiles using municipality-level data 

separation for model validation. Random Forest achieved a classification accuracy of 76.4% ± 0.9%, while 

Loss Index, Historical Variability, and Crop Participation showed the highest variable importance among the 

predictors. The resulting agricultural profiles describe different patterns of territorial agricultural 

performance across Colombian municipalities. 

Keywords: Machine Learning, Territorial Classification, Agricultural Performance, Spatial Analysis, 

Random Forest, Agricultural Intelligence. 

1. Introduction 

The Municipal Agricultural Assessments (EVA) database provides annual information on crop production, 

cultivated area, harvested area, and other agricultural variables reported by municipalities throughout Colombia 

[1]. Because these records describe agricultural production under diverse environmental conditions, 

management practices, and levels of resource availability, they capture substantial differences in agricultural 

performance across Colombian municipalities. Understanding these territorial differences is important for 

agricultural planning and for designing public policies adapted to local conditions. Despite the broad territorial 

coverage of these records, they have been used mainly for descriptive analyses, while their potential for 

predictive and territorial studies has received much less attention [2]. 

The availability of large agricultural datasets has opened new opportunities to analyze agricultural systems using 

machine learning, allowing complex relationships within production data to be identified beyond the capabilities 

of conventional statistical methods. Recent studies have applied machine learning techniques to crop mapping, 

https://creativecommons.org/licenses/by/4.0/
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crop classification, production forecasting, agricultural monitoring, and remote sensing, reporting encouraging 

results under different agricultural conditions [3]–[6]. Likewise, several studies have reported successful 

applications of machine learning for yield prediction in crops such as maize and rice, as well as comparative 

analyses of predictive algorithms designed to improve agricultural decision-making [7]–[9]. Other studies have 

combined artificial intelligence with sensor networks, predictive monitoring, irrigation systems, and automated 

control strategies to improve resource management and enhance the sustainability of agricultural production 

systems [10]–[13]. Among the available algorithms, Random Forest has consistently demonstrated good 

predictive performance when agricultural datasets contain nonlinear relationships and heterogeneous variables 

[14], [15]. 

Despite these advances, much of the existing literature focuses on estimating crop yields, predicting production, 

or monitoring crop conditions. Based on the review of these studies, only a limited number have explored how 

machine learning can be used to characterize agricultural performance from a territorial perspective by 

identifying agricultural records associated with similar productive conditions across municipalities. Even with 

these advances, distinguishing territories with stable agricultural performance from those affected by production 

losses, low harvest efficiency, or high temporal variability remains difficult [16], [17]. 

Agricultural records contain information that extends beyond production values alone. When these records are 

transformed into derived indicators, they can represent complementary dimensions of territorial agricultural 

performance, including productive efficiency, specialization, and production stability. Feature engineering, data 

preparation, and data quality are recurrent topics in agricultural machine learning studies [18], [19]. Agricultural 

information has also been combined with analytical techniques in studies related to precision agriculture and 

Internet of Things (IoT) systems for agricultural management [20]. 

This research proposes a territorial classification approach for Colombian agricultural records using information 

from the Municipal Agricultural Assessments (EVA). The proposed methodology is based on five territorial 

indicators derived from the original agricultural records: Real Productivity, Harvest Efficiency, Loss Index, 

Crop Participation, and Historical Variability. Together, these indicators describe complementary dimensions 

of agricultural performance and define four agricultural profiles: Efficient, Stable, Productive, and Vulnerable. 

Decision Tree and Random Forest models were subsequently evaluated to determine their ability to classify 

these profiles and to identify the variables that contribute most to agricultural differentiation. Municipality-level 

data separation was used for model validation to prevent records from the same municipality from being 

included in both the training and testing sets. 

2. Methodology 

Agricultural production records were obtained from the Municipal Agricultural Assessments (EVA), an open 

database maintained by the Colombian Ministry of Agriculture [1]. The records correspond to the period from 

2019 to 2024 and cover municipalities throughout Colombia. 

Before the analysis, numerical formats were corrected, duplicate observations were removed, missing values in 

key variables were addressed, records with invalid productivity values were excluded, and crop names were 

standardized. These procedures resulted in a final dataset containing 125,227 agricultural records from 1,020 

municipalities representing 163 crops. 

Five territorial indicators were calculated from the processed agricultural records: Real Productivity, Harvest 

Efficiency, Loss Index, Crop Participation, and Historical Variability. Together, these indicators describe 

complementary dimensions of agricultural performance and provided the basis for defining territorial 

agricultural profiles. The methodology comprised four sequential stages: dataset preprocessing and validation, 

calculation of the territorial indicators, definition of agricultural profiles according to productivity and harvest 

efficiency criteria, and training and evaluation of Decision Tree and Random Forest models for territorial 

agricultural profile classification. 
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2.1. Feature engineering 

Five territorial indicators were calculated from the original EVA database to represent different dimensions of 

agricultural performance beyond conventional production variables [21]. 

Real Productivity represents the amount of agricultural production obtained per planted hectare: 

Real Productivity =  
Production 

Planted Area 
 (1) 

Harvest Efficiency represents the proportion of planted area that was successfully harvested: 

Harvest Efficiency =  
Harvested Area (hectares)

Planted Area (hectares)
 (2) 

Loss Index measures the proportion of planted area that was not harvested: 

Loss Index =  
Planted Area −  Harvested Area

Planted Area
(3) 

Loss Index measures the proportion of planted area that was not harvested. Before applying the lower-bound 

truncation used in the preprocessing, this indicator is mathematically complementary to Harvest Efficiency, 

such that Loss Index = 1 − Harvest Efficiency. 

Crop Participation represents the contribution of each crop to the total agricultural production within a 

municipality: 

Crop Participation =  
Crop Production 

Total Municipal Production
 (4) 

Historical Variability was calculated as the standard deviation of Real Productivity over time for each 

municipality–crop combination: 

Historical Variability =  Std(Real Productivity) (5) 

These indicators represent productivity, harvesting efficiency, production losses, crop specialization, and 

temporal variability. 

2.2. Agricultural profile construction 

Agricultural profiles were defined according to the median values of Real Productivity and Harvest Efficiency, 

which were used as classification thresholds. The median was selected as the threshold because it divides the 

observed records into two groups according to their relative position within the empirical distribution, while 

reducing the influence of extreme values that may occur in agricultural production data. Similar productivity-

based classification approaches have been reported for agricultural risk assessment and crop productivity 

categorization using machine learning techniques [22]. 

Each agricultural record, representing an observation associated with a municipality, crop, and year, was 

assigned to one of four agricultural profiles. The Efficient profile corresponds to records with high productivity 

and high harvest efficiency. The Productive profile includes records with high productivity and low harvest 

efficiency. The Stable profile represents records with low productivity and high harvest efficiency, whereas the 

Vulnerable profile includes records with both low productivity and low harvest efficiency. 

These four categories formed the target variable used to train the supervised classification models and represent 

different patterns of agricultural performance at the record level. The resulting profiles were subsequently used 

for territorial characterization by aggregating the assigned profiles at the municipality level. For this territorial 

representation, the modal agricultural profile was calculated for each municipality. This procedure allowed the 

spatial distribution of the agricultural profiles to be represented while preserving the original agricultural records 

as the unit of classification. 
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2.3. Model training and evaluation 

The predictive variables included Loss Index, Crop Participation, Dominant Crop, and Historical Variability, 

while the response variable corresponded to the Agricultural Profile. Real Productivity and Harvest Efficiency 

were used to define the agricultural profiles and therefore were not included as predictive variables in the 

classification models. These variables are consistent with previous studies on agricultural segmentation and 

territorial characterization [23]. Decision Tree and Random Forest classifiers were implemented in Python using 

the Scikit-learn library [24]. 

To evaluate model generalization while avoiding the presence of records from the same municipality in both 

training and validation data, a five fold Stratified Group K Fold cross validation strategy was applied using 

municipality as the grouping variable. This approach preserved the distribution of the agricultural profiles as 

much as possible while ensuring that each municipality was assigned exclusively to either the training or 

validation partition within each fold. A fixed random seed (random_state = 42) was used to ensure 

reproducibility. Model performance was evaluated using Accuracy, Precision, Recall, F1 score, and Confusion 

Matrices to assess multiclass classification performance [25]. 

Random Forest variable importance was estimated for each predictor to identify the variables that contributed 

most to the classification of agricultural profiles. The performance of the Decision Tree and Random Forest 

models was compared across the five validation folds using the mean and standard deviation of the evaluation 

metrics. This procedure provided a municipality independent assessment of model performance and reduced the 

possibility that observations from the same municipality influenced both model training and validation. 

3. Results  

3.1. Data preparation and territorial coverage 

The EVA database contained 141,073 agricultural records collected from Colombian municipalities between 

2019 and 2024. After data cleaning, which removed duplicated observations, records with missing values in key 

variables, and records with invalid productivity values, the final dataset included 125,227 agricultural records. 

Crop names were also standardized during the preprocessing stage to ensure consistency across the database. 

The resulting dataset retained 88.8% of the original agricultural records for the subsequent analysis. 

Table 1. Preprocessing steps applied to the EVA database 

Data Processing Stage Records Percentage (%) 

Original EVA records 141,073 100.0 

Excluded records 15,846 11.2 

Records retained for analysis 125,227 88.8 

The final dataset included records from 1,020 municipalities and 163 agricultural crops across Colombia. These 

records provided the basis for calculating the five territorial indicators and defining the four agricultural profiles 

described in the subsequent analysis. The geographic coverage allowed agricultural records from municipalities 

across the country to be considered in the classification process. The resulting database was subsequently used 

for the construction of agricultural profiles and the evaluation of the machine learning models. 

3.2. Descriptive analysis of productive and territorial indicators 

Five indicators were constructed from the EVA database: Real Productivity, Harvest Efficiency, Loss Index, 

Crop Participation, and Historical Variability. Table 2 presents the descriptive statistics of the territorial 

indicators, including the mean, standard deviation, minimum, median, and maximum values. Real Productivity 

showed a mean of 9.20, a standard deviation of 11.30, and a median of 5.73, with values ranging from 0.00 to 

126.00. These results provide a descriptive overview of the productive and territorial characteristics represented 

in the dataset. 
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Table 2. Descriptive statistics of the territorial indicators 

Indicator Mean Std Min Median Max 

Real Productivity 9.20 11.30 0.00 5.73 126.00 

Harvest Efficiency 0.91 0.21 0.00 1.00 2.00 

Loss Index 0.10 0.18 0.00 0.00 1.00 

Crop Participation 0.05 0.12 0.00 0.01 1.00 

Historical Variability 2.88 3.90 0.00 1.60 45.15 

Harvest Efficiency presented a mean of 0.91, a standard deviation of 0.21, and a median of 1.00, with values 

ranging from 0.00 to 2.00. Loss Index showed a mean of 0.10, a standard deviation of 0.18, and a median of 

0.00, with a maximum value of 1.00. Crop Participation presented a mean of 0.05 and a median of 0.01, while 

Historical Variability showed a mean of 2.88 and a median of 1.60, with a maximum value of 45.15. The final 

dataset included 1,020 municipalities and 163 agricultural crops across Colombia. 

 

Figure 1. Correlation matrix of the territorial indicators 

The correlation matrix showed different relationships among the territorial indicators. The strongest correlation 

was observed between Harvest Efficiency and Loss Index (r = −0.89), reflecting their complementary 

relationship in the measurement of harvested and non harvested planted area. Real Productivity showed a 

moderate positive correlation with Historical Variability (r = 0.60). The remaining indicators showed relatively 

weak correlations, with values close to zero in most cases. 

 

Figure 2. Distribution of Real Productivity on a logarithmic scale 
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The distribution of log(1 + Real Productivity) was concentrated at low and intermediate productivity values, 

whereas fewer observations were found at higher productivity levels. Several local peaks were also observed in 

the distribution. The logarithmic transformation reduced the influence of extreme values while preserving the 

variability of the data. 

 

Figure 3. Scatter plot of Harvest Efficiency versus Real Productivity 

Figure 3 shows the relationship between Harvest Efficiency and Real Productivity. For municipalities with 

Harvest Efficiency values close to 1.0, Real Productivity ranges from very low values to more than 80 t/ha. 

Similar levels of Harvest Efficiency are associated with different productivity values across the dataset. 

3.3. Territorial and crop characterization 

Table 3 presents the Colombian departments with the highest values of Real Productivity and Harvest 

Efficiency. 

Table 3. Departments with the highest Real Productivity and Harvest Efficiency 

Department Real Productivity Harvest Efficiency 

Valle del Cauca 12.71 0.93 

Risaralda 11.06 — 

Quindío 10.95 — 

Caldas 10.73 — 

Cundinamarca 10.65 — 

San Andrés and Providencia — 0.94 

Norte de Santander — 0.94 

Tolima — 0.93 

Magdalena — 0.92 

Valle del Cauca recorded the highest Real Productivity (12.71 t/ha), followed by Risaralda, Quindío, Caldas, 

and Cundinamarca, all with values above 10 t/ha. The highest Harvest Efficiency was recorded in San Andrés 

and Providencia and Norte de Santander (0.94), followed by Valle del Cauca and Tolima (0.93) and Magdalena 

(0.92). Real Productivity and Harvest Efficiency were not ranked identically across departments. Table 4 

summarizes the crops with the highest Real Productivity and the lowest Historical Variability. 

Table 4. Crops with the highest Real Productivity and the lowest Historical Variability 

Crop Real Productivity Historical Variability 

Sugar cane 40.92 — 

Tomato 28.71 — 

Carrot 21.97 — 
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Crop Real Productivity Historical Variability 

Pineapple 21.88 — 

Cabbage 20.92 — 

Cocoa — 0.13 

Coffee — 0.21 

Bean — 0.51 

Pea — 0.60 

Oil palm — 0.70 

Sugar cane recorded the highest Real Productivity (40.92 t/ha), followed by tomato (28.71 t/ha), carrot (21.97 

t/ha), pineapple (21.88 t/ha), and cabbage (20.92 t/ha). Cocoa recorded the lowest Historical Variability (0.13), 

followed by coffee (0.21), bean (0.51), pea (0.60), and oil palm (0.70). The crops with the highest Real 

Productivity did not coincide with those showing the lowest Historical Variability. 

3.4. Agricultural profile construction and spatial distribution 

Table 5 presents the distribution of agricultural records across the four agricultural profiles. 

Table 5. Agricultural profile distribution 

Agricultural Profile Records 

Efficient 37,600 

Vulnerable 33,532 

Stable 29,073 

Productive 25,022 

 
Figure 4. Agricultural profiles across Colombian municipalities 
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The Efficient profile contained the largest number of records (37,600), representing approximately 30% of the 

dataset. The Vulnerable profile included 33,532 records, followed by the Stable profile with 29,073 records and 

the Productive profile with 25,022 records. The four agricultural profiles showed a similar distribution across 

the dataset. 

Figure 4 presents the spatial distribution of the four agricultural profiles across Colombian municipalities. The 

Vulnerable profile was widely distributed across the country, while Efficient profiles were also observed in 

different regions. Stable and Productive profiles appeared in smaller groups and were distributed among 

municipalities with different agricultural characteristics. Different agricultural profiles were also observed in 

neighboring municipalities, particularly in the Andean region, indicating spatial heterogeneity in agricultural 

performance. 

3.5 Classification model performance 

Table 6 compares the performance of the decision tree and random forest models using Accuracy, Precision, 

Recall, and F1-score. 

Table 6. Classification performance of decision tree and random forest 

Model Accuracy Precision Recall F1-Score 

Decision Tree 0.777 ± 0.015 0.780 ± 0.014 0.777 ± 0.015 0.776 ± 0.015 

Random Forest 0.764 ± 0.009 0.764 ± 0.010 0.764 ± 0.009 0.764 ± 0.009 

The Decision Tree achieved an Accuracy of 0.777 ± 0.015, Precision of 0.780 ± 0.014, Recall of 0.777 ± 0.015, 

and F1-score of 0.776 ± 0.015, whereas the Random Forest obtained values of 0.764 ± 0.009 for Accuracy, 

Precision, Recall, and F1-score. These results show relatively consistent classification performance across the 

five validation folds for both models. Figure 5 presents the confusion matrix obtained with the Decision Tree 

model. 

 

Figure 5. Confusion matrix for the decision tree model 

The Decision Tree correctly classified most agricultural records. Most classification errors were observed 

between the Efficient and Stable profiles and between the Productive and Vulnerable profiles. Misclassification 

between profiles from different productivity groups was limited. Figure 6 presents the confusion matrix obtained 

with the Random Forest model. 
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Figure 6. Confusion matrix for the random forest model 

The Random Forest model showed a similar classification pattern to the Decision Tree model, with most 

agricultural records assigned to the corresponding profile. Most classification errors occurred between the 

Efficient and Stable profiles and between the Productive and Vulnerable profiles. Misclassification between 

profiles from different productivity groups was not observed. Figure 7 presents the Random Forest variable 

importance for the predictors used during model training. 

 

Figure 7. Variable importance estimated by the random forest model 

Loss Index showed the highest variable importance (44.8%), followed by Historical Variability (33.6%) and 

Crop Participation (21.3%). Dominant Crop showed the lowest importance (0.3%). These results indicate that 

Loss Index, Historical Variability, and Crop Participation contributed most to the classification of agricultural 

profiles, whereas Dominant Crop had a limited contribution. Figure 7 presents the variable importance of the 

predictors used in the Random Forest model. 

4. Discussion of the findings 

Agricultural databases contain large amounts of information, although they continue to be used mainly for 

descriptive purposes. In this study, agricultural production records were transformed into territorial indicators 

that describe different dimensions of agricultural performance. This representation made it possible to 

characterize agricultural records associated with different municipalities, crops, and years using information 
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beyond cultivated area or production volume. Recent studies have also pointed out that digital agriculture is 

increasingly supported by machine learning, big data, and analytical tools capable of extracting useful 

information from large agricultural databases [25]. 

The combination of these indicators describes complementary aspects of agricultural performance beyond 

productivity alone. Real Productivity and Harvest Efficiency were used to define the agricultural profiles, while 

Loss Index, Crop Participation, and Historical Variability provided additional information for the classification 

models. Similar approaches have been reported in studies on agricultural performance evaluation, productive 

segmentation, and territorial assessment, where multiple indicators are used to characterize agricultural systems 

[21], [23]. The use of multiple indicators therefore provides a broader representation of agricultural conditions 

than the use of production or yield alone. 

The spatial representation showed that neighboring municipalities may belong to different agricultural profiles. 

Municipal-level visualization provides information beyond broader regional summaries and allows differences 

between nearby territories to be observed. The map also showed that Efficient, Stable, Productive, and 

Vulnerable profiles were distributed across different parts of the country rather than being restricted to a single 

region. Similar spatial patterns have been described in studies that applied machine learning to territorial 

agricultural assessment and spatial decision support [23], [26]. 

The five-fold stratified group validation showed consistent classification performance for both models when 

municipalities were kept separated across the validation folds. The Decision Tree achieved an Accuracy of 0.777 

± 0.015, while the Random Forest obtained an Accuracy of 0.764 ± 0.009, with similar values for Precision, 

Recall, and F1-score. These results indicate that both models were able to recognize the proposed agricultural 

profiles under municipality-level separation, although their performance was slightly different across the 

validation folds. Similar applications of machine learning in agriculture have reported the usefulness of 

classification models for datasets characterized by nonlinear relationships and heterogeneous variables [14], 

[22]. 

Loss Index showed the highest variable importance (44.8%), followed by Historical Variability (33.6%) and 

Crop Participation (21.3%), whereas Dominant Crop showed the lowest importance (0.3%). The importance of 

Loss Index should be interpreted with caution because this indicator is mathematically related to Harvest 

Efficiency, which was used to construct the agricultural profiles. This relationship may contribute to the strong 

contribution of Loss Index to the classification and represents an important consideration when interpreting the 

model results. Historical Variability and Crop Participation also contributed substantially to the classification, 

suggesting that temporal production variation and the relative importance of crops within municipalities provide 

relevant information for differentiating agricultural profiles.The agricultural profiles defined in this study 

classify individual agricultural records representing municipality–crop–year observations according to their 

productive characteristics. The resulting classification identifies different combinations of productivity and 

harvest efficiency and provides a territorial representation based on the proposed indicators. For the spatial 

analysis, the profile assigned to individual records was aggregated by municipality using the most frequent 

profile, allowing the distribution of the profiles to be represented geographically. Similar applications have 

recently been discussed within the context of intelligent agricultural ecosystems and territorial agricultural 

analytics [25], [26]. 

Most previous studies have focused on crop yield prediction, crop mapping, or agricultural forecasting [2]–[9]. 

In contrast, this study classified agricultural records into profiles according to their agricultural performance 

using publicly available agricultural information. The incorporation of territorial indicators together with spatial 

representation provides an additional perspective for interpreting agricultural performance and complements 

traditional productivity-based evaluations. This approach also contributes to current research seeking to 

combine machine learning with territorial information for agricultural planning and decision support [23], [25], 

[26].  
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This study combines territorial indicators with machine learning to characterize agricultural profiles using 

information from the Municipal Agricultural Assessments. The proposed methodology provides a framework 

for analyzing agricultural records according to productivity, harvest efficiency, crop participation, and temporal 

variability. The approach can also be implemented using other agricultural databases that contain comparable 

territorial information [25]. These characteristics support the use of agricultural databases not only for statistical 

reporting but also for analytical approaches aimed at understanding differences in agricultural performance 

across municipalities. 

5. Limitations of the study 

This study was based exclusively on information from the Municipal Agricultural Assessments (EVA) database. 

The territorial indicators were calculated from the information reported by Colombian municipalities. 

Differences in data collection procedures, incomplete records, and reporting inconsistencies may influence the 

calculated indicators. Therefore, the results should be interpreted within the scope and quality of the available 

agricultural records. 

The analysis focused on variables derived from agricultural production records. Climatic conditions, soil 

characteristics, irrigation availability, technological adoption, market accessibility, and socioeconomic 

conditions were not included in the analysis. These variables represent additional sources of information for 

describing territorial agricultural differences. Their incorporation could provide additional information for 

explaining variations in agricultural performance among municipalities and agricultural systems. 

The agricultural profiles were derived from historical records collected between 2019 and 2024 and were 

assigned to individual agricultural records representing municipality–crop–year observations. Accordingly, the 

classifications represent the agricultural conditions observed during that period, while the spatial representation 

summarizes the resulting profiles at the municipal level. The four profiles were defined using the median values 

of Real Productivity and Harvest Efficiency, and the sensitivity of the resulting classification to alternative 

threshold definitions was not evaluated. In addition, Loss Index is mathematically related to Harvest Efficiency, 

which should be considered when interpreting its relatively high importance in the classification model. 

Future studies may incorporate satellite information, climatic variables, soil properties, and socioeconomic 

indicators together with the territorial indicators used in this study. Additional machine learning algorithms and 

spatiotemporal models also represent alternatives for extending the territorial characterization of agricultural 

performance. Alternative thresholding methods could also be evaluated to determine whether different profile 

definitions produce similar classifications. These extensions could provide a broader representation of the 

factors associated with agricultural performance and support further analysis of territorial agricultural patterns. 

6. Conclusions 

Agricultural profiles were classified for Colombian agricultural records using information from the Municipal 

Agricultural Assessments (EVA) database and supervised machine learning models. The analysis was based on 

five territorial indicators derived from the original agricultural records: Real Productivity, Harvest Efficiency, 

Loss Index, Crop Participation, and Historical Variability. The profiles were assigned to individual agricultural 

records representing municipality–crop–year observations. The resulting classifications were subsequently 

represented spatially at the municipal level to describe territorial agricultural patterns. 

Productivity alone did not describe all differences in agricultural performance across Colombian municipalities. 

The combination of territorial indicators identified additional differences among agricultural records beyond 

production values. The descriptive and spatial analyses documented variability in agricultural conditions across 

the country. The results also showed that neighboring municipalities were not always associated with the same 

dominant agricultural profile. 

The five-fold stratified group validation showed consistent classification performance for both models when 

municipalities were separated across the validation folds. Decision Tree achieved an Accuracy of 0.777 ± 0.015, 
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Precision of 0.780 ± 0.014, Recall of 0.777 ± 0.015, and F1-score of 0.776 ± 0.015, while Random Forest 

obtained an Accuracy of 0.764 ± 0.009, Precision of 0.764 ± 0.010, Recall of 0.764 ± 0.009, and F1-score of 

0.764 ± 0.009. Loss Index showed the highest variable importance (44.8%), followed by Historical Variability 

(33.6%) and Crop Participation (21.3%). Dominant Crop showed a limited contribution to the classification, 

with an importance of 0.3%. 

The spatial distribution of the agricultural profiles identified different territorial patterns across Colombian 

municipalities. Neighboring municipalities were not always classified within the same agricultural profile, 

indicating heterogeneity in agricultural performance across nearby territories. The spatial representation 

therefore complements the descriptive analysis by showing how the proposed profiles are distributed 

geographically. These patterns provide a territorial perspective on agricultural conditions that is not obtained 

from production values alone. 

The proposed methodology combines territorial indicators, spatial representation, and machine learning to 

classify agricultural profiles using publicly available agricultural information. The methodology extends the use 

of the Municipal Agricultural Assessments (EVA) database beyond descriptive reporting by incorporating 

derived indicators and supervised classification. The municipality-level validation also provides a more 

stringent assessment of model performance by preventing records from the same municipality from being shared 

between training and validation folds. Overall, the framework provides a basis for characterizing heterogeneous 

agricultural conditions across Colombian territories using large-scale agricultural records. 
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  Real   Productivity =     Production    Planted   Area  


  Harvest   Efficiency   =     Harvested   Area   ( hectares )  Planted   Area   ( hectares )


  Loss   Index =     Planted   Area   −   Harvested   Area  Planted   Area ( 3 )


  Crop   Participation =     Crop   Production    Total   Municipal   Production   ( 4 )


  Historical   Variability =   Std  ( Real   Productivity )   ( 5 )

