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Abstract: Studies on abiotic factors have gained increasing attention in research on Fatal Yellowing (FY) of oil palm (Elaeis guineensis Jacq.). The 

application of geostatistical techniques, especially ordinary kriging, enhances the analysis of these factors, providing a more holistic view of the study 

environment. This study aimed to analyze the influence of Soil Penetration Resistance (SPR) on the incidence of FY in oil palm, using geostatistical 
techniques. The study was conducted at Nogami Farm, in Igarapé-Açu (Pará State), in a 6.3-hectare oil palm plantation with 10.24% of affected plants. 

After measuring the SPR using a soil penetrometer, the data were subjected to descriptive and normality tests, followed by the construction of the 

semivariogram and the application of ordinary kriging, generating the thematic map of the spatial distribution of SPR. Based on the georeferenced 
phytosanitary inventory and the map, the SPR for each plant was determined, forming two groups: Plants with FY and Plants without FY. Given the non-

normality of the data (Shapiro-Wilk test), the Mann-Whitney test was used, revealing a higher prevalence of FY in areas with higher SPR. 

Keywords: Geostatistics; Elaeis guineensis Jacq.; Phytosanitary. 

 

Resumo: Estudos sobre fatores abióticos têm ganhado destaque nas pesquisas sobre o Amarelecimento Fatal (AF) da palma-de-óleo (Elaeis guineensis 

Jacq.). A aplicação de técnicas geoestatísticas, especialmente a krigagem ordinária, amplia a análise desses fatores, proporcionando uma visão mais 
holística do ambiente de estudo. O presente trabalho objetivou analisar a influência da Resistência à Penetração do Solo (RPS) sobre a incidência do AF 

da palma-de-óleo, utilizando técnicas geoestatísticas. O estudo foi realizado na Fazenda Nogami, em Igarapé-Açu (Pará), em uma plantação de 6,3 

hectares com 10,24% de plantas afetadas. Após aferir a RPS com um penetrômetro de solos, os dados foram submetidos a testes descritivos e de 
normalidade, seguidos pela construção do semivariograma e pela krigagem ordinária, gerando o mapa temático da distribuição espacial da RPS. A partir 

do inventário fitossanitário georreferenciado e do mapa, determinou-se a RPS para cada planta, constituindo dois grupos: Plantas Com AF e Plantas Sem 

AF. Dada a não normalidade dos dados (teste de Shapiro-Wilk), utilizou-se o teste de Mann-Whitney, revelando maior prevalência de AF em áreas com 
maior RPS. 

Palavras-chave: Geoestatística; Elaeis guineenses Jacq.; Fitossanidade. 
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1. Introduction 

Oil palm (Elaeis guineensis Jacq.) is one of the most productive palm species in terms of vegetable oil production, 

being widely cultivated in tropical regions. In recent decades, the expansion of this crop has been particularly notable in 

Southeast Asia, especially in Indonesia and Malaysia, the world's leading exporters of palm oil (SHAHBANDEH, 2024; 

TAN et al., 2022; LUKE et al., 2020; SAID et al., 2021). Colombia is the fourth-largest global producer, while Brazil ranks 

ninth, with the highest production concentrated in the state of Pará (FERNANDES et al., 2022; BENEZOLI et al., 2021; 

ABRAPALMA, 2024). 

However, oil palm cultivation in Pará faces challenges with Fatal Yellowing (FY), a disease that affects oil palm and 

whose cause remains unknown. The first cases were reported in 1974, and since then, the disease has caused significant 

losses in cultivated areas in Pará, in addition to being recorded in other Latin American countries (GOMES JUNIOR et 

al., 2010; TORRES et al., 2016). The main symptom is root rot, which precedes leaf yellowing and, eventually, plant death 

(BOARI, 2008; GLORIA et al., 2021). 

Studies indicate that abiotic factors, such as soil hypoxia, may be related to disease incidence, suggesting that nutrient 

deficiencies or inadequate management practices are potential factors (NASCIMENTO et al., 2018; TEIXEIRA et al., 

2017; RODRIGUES-NETO et al., 2018). Soil penetration resistance (SPR) has been considered an important property for 

assessing soil compaction levels and its relationship with FY incidence (COLOMBI et al., 2018; MORAES et al., 2020).  

In this scenario, the use of geostatistical methods, such as ordinary kriging, may play a key role in researching the 

relationship between SPR and FY incidence. This method allows the spatial prediction of attributes, facilitating the 

development of detailed maps of specific areas even with a limited number of samples (MOLIN; AMARAL; COLAÇO, 

2015; YAMAMOTO, 2020; YAMAMOTO; LANDIM, 2013). This approach enhances the analysis of the variable, 

providing a broader understanding of the disease's responses concerning this soil characteristic. 

Thus, given the economic importance of oil palm cultivation in Pará, the impact of FY on oil palm plantations, the soil-

related factors as a likely cause of disease incidence, and the contribution of geostatistical methods to expand the analysis 

of SPR, this study aimed to evaluate the incidence of Fatal Yellowing (FY) in oil palm in response to soil penetration 

resistance (SPR). 

 

2. Methodology 

2.1 Study Area 

The study was conducted at Nogami Farm, located in the municipality of Igarapé-Açu, in the northeastern mesoregion, 

Bragantina microregion, state of Pará, Brazil (IBGE, 2022), at UTM coordinates (Universal Transverse Mercator) zone 23 

M: 9866989.65 and 9866783.58 south, 204042.58 and 204598.65 west (Figure 1). 
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Figure 1 – Map of the Study Area Location. 

Source: Authors (2024). 

 

The climate of the region is classified as Ami according to the Köppen classification, corresponding to the super humid 

category. The annual minimum and maximum temperatures range from 21.7 to 32.2 °C, while the annual rainfall varies 

between 2,302.5 and 2,857.4 mm, with the highest precipitation occurring between March and April (PACHÊCO; 

BASTOS, 2007). The predominant soil in the area is Red-Yellow Latosol, which is suitable for agriculture (EMBRAPA, 

2016). The 6.3 ha area was planted with Elaeis guineensis var. Tenera in 2010, using an equilateral triangle spacing of 8.5 

m. Previously, the area was used as pasture for cattle. Annual fertilization is carried out based on the financial return of 

the crop, ranging from 1 to 5 kg per plant of synthetic fertilizer (NPK). Mowing is performed every 3 to 4 months. Both 

mowing and fruit bunch transport are conducted using heavy agricultural machinery. 

 

2.2 Soil Penetration Resistance Survey (SPR) 

The SPR data collection was carried out in April 2021. Sampling was conducted using a regular grid of 20 m × 20 m, 

resulting in 179 sampling points. To locate the sampling points, a Garmin 64s GNSS (Global Navigation Satellite System) 

navigation device was used. As a procedure, at each grid sampling point, the arithmetic mean of five sub-sample 

measurements taken within a 5 m radius of the grid point was calculated (Figure 2). This sampling method helps to reduce 

positioning errors and sampling errors of the studied variable (MOLIN; AMARAL; COLAÇO, 2015). 
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Figure 2 – Soil Penetration Resistance (SPR) Sampling Grid. 

Source: Authors (2024). 

 

The depth analysis was limited to 0–10 cm due to the interweaving of oil palm roots. Measurements were taken under 

dry conditions and at least six hours after any precipitation to avoid soil saturation. A single operator used a SOLO TEST 

penetrometer (REF. 1.210.001) to ensure consistency. After tabulating the collected data, the values were divided by 6.33 

to obtain the metric in kgf/cm². The data were then converted to Megapascal (MPa) using the following conversion 

equation: 

 

RPS (MPa) = 0.0980665
*
 x kgf/cm2 (1) 

 

Where:  
* Conversion factor multiplier. 

 

2.3 Survey of Fatal Yellowing of Oil Palm (FY) 

The phytosanitary team of Nogami Farm identified the plants affected by Fatal Yellowing (FY) based on the 

symptomatology described by Boari (2008). A phytosanitary inventory was created in the second half of 2020. Initially, 

the data were recorded in row and plant coordinates and later converted to UTM coordinates using QGIS 3.34. The plants 

were georeferenced and classified in a shapefile as "Plants WITH FY" and "Plants WITHOUT FY," totaling 928 plants, 

of which 95 were diseased and 833 were healthy (Figure 3). 
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Figure 3 – Map of Fatal Yellowing of Oil palm incidence. 

Source: Authors (2024). 

 

2.4 Exploratory Data Analysis 

After the field measurements and the conversion of SPR data to MPa, histograms and boxplots were generated, and the 

Shapiro-Wilk normality test was performed at a 5% significance level. Subsequently, a descriptive statistical analysis of 

the data was conducted, including the calculation of the mean, median, minimum, maximum, skewness, kurtosis, and 

coefficient of variation. These steps are essential for understanding the nature of the data, as they provide crucial 

information that aids in decision-making during the modeling process of the Experimental Semivariogram (ISAAKS; 

SRIVASTAVA, 1989; MOLIN; AMARAL; COLAÇO, 2015; YAMAMOTO, 2020). 

 

2.5 Creation of the SPR Prediction Map 

For the construction of the SPR prediction map, the geostatistical interpolation method of ordinary kriging was used. 

Initially, this method involves the development of the experimental semivariogram. The mathematical equation used to 

calculate the experimental semivariogram, according to Farias et al. (2002), is: 

 

𝑦(ℎ) =
1

2𝑛(ℎ)
∑[𝑍(𝑥𝑖 + ℎ) − 𝑍(𝑥𝑖)]

2

𝑛(ℎ)

𝑖=1

 

 

(2) 

 

Where: 

𝑦(ℎ)= estimated semivariance at a distance interval (h) 

𝑛(ℎ) = number of sample pairs at a distance interval (h) 

𝑍(𝑥𝑖), 𝑍(𝑥𝑖 + ℎ)= number of samples at two points separated by a distance interval (h) 

After adjusting the parameters of the experimental semivariograms, the most suitable semivariogram model was 

selected to estimate the SPR semivariance. For this purpose, the spherical (3), exponential (4), and Gaussian (5) models 

were tested, as these are the most appropriate for soil science (DE OLIVEIRA; GREGO; BRANDÃO, 2015). According 

to Isaaks and Srivastava (1989), the three models are described as follows: 
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𝐸𝑠𝑓(ℎ) = 𝐶0 + 𝐶1[1,5(
ℎ

𝑎
) − 0,5(

ℎ

𝑎
)3]    𝐹𝑜𝑟 ℎ < 𝑎 

                                                               

                                                                𝐸𝑠𝑓(ℎ) = 𝐶0 + 𝐶1    𝐹𝑜𝑟 ℎ≥𝑎 

    (3) 

 

𝐸𝑥𝑝(ℎ) = 𝐶0 + 𝐶1[1 − exp (−
ℎ

𝑎
)]     (4) 

 

𝐺𝑎𝑢(ℎ) = 𝐶0 + 𝐶1[1 − exp (−
ℎ2

𝑎2
)]     (5) 

 

Where (for the three models): 

C0 = nugget effect 

C1 = partial sill 

a = range 

h = distance between the known point and the point to be estimated 

To evaluate the quality of the semivariogram models in relation to the experimental SPR semivariogram, two indicators 

were analyzed: the coefficient of determination (R²) and the root mean square error (RMSE). The closer R2 is to 1 and 

RMSE is to 0, the better the fit of the semivariogram model to the experimental semivariogram (BHUNIA; SHIT; 

CHATTOPADHYAY, 2018; DE OLIVEIRA; GREGO; BRANDÃO, 2015). Their mathematical expressions are as 

follows: 

𝑅2 = 1 −
𝑆𝑄𝑟𝑒𝑠

𝑆𝑄𝑡𝑜𝑡
   {

𝑆𝑄𝑟𝑒𝑠 = ∑ (𝑦𝑖 − ŷ𝑖)
2𝑛

𝑖=1

𝑆𝑄𝑡𝑜𝑡 = ∑ (𝑦𝑖 − ȳ𝑖)
2𝑛

𝑖=1

     (6) 

𝑅𝑀𝑆𝐸 = √
1

𝑛
∑(𝑦𝑖 − ŷ𝑖)

2

𝑛

𝑖=1

     (7) 

 

Where: 

n = number of observations 

yi = fitted value of the experimental semivariogram 

ŷi = value estimated by the semivariogram model 

ȳi = mean of the fitted values of the experimental semivariograma 

Another evaluation criterion was the Spatial Dependence Index (SDI), as suggested by Trangmar et al. (1986) and 

categorized by Cambardella et al. (1994), which aims to classify the proportion of variability resulting from spatial 

dependence into strong, moderate, and weak categories. The SDI is described by the following expression: 

 

IDE = (
𝐶0

𝐶0+𝐶1
)100    {

     SDI ≤ 25, 𝑆𝑡𝑟𝑜𝑛𝑔 
25 < SDI < 75,𝑀𝑜𝑑𝑒𝑟𝑎𝑡𝑒 

   SDI ≥ 75,𝑊𝑒𝑎𝑘 
 (8) 

 

Where: 

C0 = nugget effect 

C1 = partial sill 

As a decisive test to determine the most suitable model among the semivariogram models with similar evaluation 

criteria, Cross-Validation (CV) was performed. This computational test consists of omitting one point from the sampling 

grid and predicting its value using ordinary kriging interpolation with the remaining points (YAMAMOTO, 2020). This 

process is repeated until all points have gone through the omission and prediction cycle. Thus, each model subjected to 

CV generates estimated and observed values. Consequently, the coefficient of determination (R2
cv) and the root mean 
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square error (RMSEcv) can be calculated for each tested model. The closer the coefficient of determination is to 1 and the 

RMSE to 0, the better the semivariogram model fits the spatial variability of the SPR data collected in the field. Their 

mathematical equations are as follows: 

 

𝑅2
𝐶𝑉 = 1 −

𝑆𝑄𝑟𝑒𝑠

𝑆𝑄𝑡𝑜𝑡
   {
𝑆𝑄𝑟𝑒𝑠 = ∑ (𝑒𝑖 − ê𝑖)

2𝑛
𝑖=1

𝑆𝑄𝑡𝑜𝑡 = ∑ (𝑒𝑖 − 𝑒 𝑖)
2𝑛

𝑖=1

 
   (9) 

 

{𝑅𝑀𝑆𝐸𝐶𝑉 = √
1

𝑛
∑(𝑒𝑖 − ê𝑖)

2

𝑛

𝑖=1

    (10) 

 

Where 

n = number of observations 

ei = value observed at the point 

êi = value estimated at the point through interpolation by ordinary kriging, using the semivariographic model 

ēi = average of the values observed at the points.After validating the semivariogram model that best represents the 

SPR, ordinary kriging interpolation was performed. This geostatistical interpolator allows estimating values of spatially 

distributed variables by using the structural properties of the semivariogram model (Nugget Effect, Sill, and Range), thus 

obtaining a covariance matrix between neighboring points and the point to be estimated. After this step, using the 

Lagrangian technique, the inverse matrix was calculated to obtain the weights of the SPR samples, whose sum was equal 

to 1 (YAMAMOTO; LANDIM, 2013). Subsequently, the ordinary kriging mathematical formula was applied to construct 

the prediction map: 

 

𝑧(𝑥0) =∑𝜆1𝑍[𝑥1]

𝑛

𝑖=1

    (11) 

Where: 

n = number of measured neighbors 

Z[x1] = known value of each point 

𝜆1 = weights applied to each Z[x1] 

 

2.6 Data Extraction and Comparative Analysis 

After generating the SPR prediction map, the "Sample Raster Values" tool in QGIS 3.34 was used in conjunction with 

the shapefile of the phytosanitary inventory of the study area to extract SPR values for each plant. This process allowed 

the creation of two independent groups ("Plants WITH FY" and "Plants WITHOUT FY") for comparative analysis. 

Since the data from each group did not meet parametric assumptions, the non-parametric Mann-Whitney test was 

applied at a 5% significance level. Additionally, a boxplot was generated, and the medians of each group were calculated 

for a comparative demonstration of the data. 

 

2.7 Software Used 

For study replicability, this research exclusively used free and open-source software. The operating system employed 

was Linux Mint Debian Edition 6 Faye. Data organization and tabulation were performed using LibreOffice Calc. 

Statistical, geostatistical, and graphical analyses were conducted using the R programming language (version 4.2.2) (R 

CORE TEAM, 2022), combined with the RStudio graphical interface and the gstat, rstatix, psych, and ggplot2 packages. 

For map layouts, the creation of the location map, and the phytosanitary map of FY, the open-source software QGIS 

3.34 and the QuickMapServices plugin were used.  
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3. Results  

3.1 Descriptive Statistics 

The results of the descriptive statistical analysis of the field observations of SPR reveal a coefficient of variation of 

19.47%, indicating low spatial variability. Additionally, negative skewness and kurtosis were observed, although both 

values were greater than -1. This suggests that the data are slightly concentrated to the right of the observer, with a mildly 

flattened curve. Despite the presence of asymmetric distributions in the data, the mean and median values are close, 

confirming that there is no pronounced skewness (Table 1). 

 

Table 1 – Descriptive statistics of the SPR data analyzed at the depth of 0-10 cm. 

Variable Informations Data 

 

 

 

 

Soil Penetration Resistance (MPa) 

Observations (n) 179 

Mean (�̅�) 3.03 

Median (Md) 3.04 

Standard deviation (s) 0.59 

Variance (s2) 0.35 

Minimum value 1.7 

Maximum value 4.28 

Coefficient of Skewness (Cs) -0.16 

Coefficient of Kurtosis (Ck) -0.57 

Coefficient of Variation (CV) 19.47% 

Source: Authors (2024). 

 

By analyzing the histogram, boxplot, and the results of the Shapiro-Wilk test, it can be concluded that the SPR data do 

not contain extreme values and exhibit a normal distribution (Figure 4). This characteristic, corroborated by descriptive 

statistics, reflects a good sampling density, which allowed for the effective capture of the spatial variability signature of 

the phenomenon. Consequently, this facilitates the process of adjusting the experimental semivariogram. However, it is 

important to emphasize that the normality condition of the data is not strictly required for the application of geostatistics 

and ordinary kriging. 

 

 
Figure 4 – Histogram, Bosplot and Shapiro Wilk Test data analyzed at the 0-10 cm depth. 

Source: Authors (2024). 
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3.2 Geostatistical Analysis 

Considering the measurements of Soil Penetration Resistance (SPR), the geostatistical analyses performed, and the 

cross-validation procedures applied, it was possible to adjust the experimental semivariogram, with the variable's behavior 

best represented by the Exponential model (Figure 5). 

 

 
Figure 5 – Adjustment of the semivariogram model and its parameters for SPR analyzed at the depth of 0-10 cm. 

Source: Authors (2024). 

 

The coefficient of determination (R²) showed a significant proximity to 1, indicating a strong fit of the model to the 

experimental semivariogram. Additionally, the root mean square error (RMSE) approached zero, suggesting a good 

predictive capability of the model. The Spatial Dependence Index (SDI) revealed a strong spatial correlation between 

observations, with the model's range estimated at 35.87 meters — a relatively low value — indicating frequent variations 

in Soil Penetration Resistance (SPR) over short distances. The R²cv and RMSEcv values stood out as the most favorable 

among the three evaluated models, confirming the exponential model as the most suitable among the tested models. 

 

3.3 Oil Plam FY incidence in response to SPR 

By analyzing the spatial distribution of FY incidence and the spatial variability of SPR, which ranged from 1.88 to 4.05 

MPa, it is demonstrated that their concentrations are more pronounced in the southern part of the study area, indicating an 

influence of SPR on disease incidence (Figure 6). 
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Figure 6 – Prediction map of SPR, Spatial distribution of FY Histogram, and Boxplot of SPR for Plants with FY and 

Plants without FY groups. 

Source: Authors (2024). 

 

This finding is corroborated by the analysis of the histograms for the groups "plants with FY" and "plants without FY," 

which reveal a higher concentration of diseased plants in areas where SPR values are more pronounced. This is evidenced 

by the central tendency of the histogram for "plants with FY," which is shifted to the right, around 3.5 MPa. 

Additionally, the boxplot analysis shows a higher median for the "plants with FY" group, indicating statistically 

significant differences between the groups, as confirmed by the Mann-Whitney test at a 5% significance level. Therefore, 

these data suggest that areas with higher SPR values exhibit a greater incidence of FY in oil palm. 
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4. Discussion 

The descriptive analysis phase is extremely important in data analysis, as it allows for the identification of errors, 

ranging from data output failures to calibration errors in the equipment, and provides a preliminary understanding of the 

behavior of the studied variable (AMARAL; FIGUEIREDO, 2022; MOLIN; AMARAL; COLAÇO, 2015). 

Another important factor is the coefficient of variation (CV). According to the principles outlined by Pimentel-Gomes 

(2022) in the context of classical statistics, measuring the coefficient of variation is a fundamental indicator in field 

experimental settings. From this perspective, a coefficient of variation below 10% indicates high precision, reflecting the 

methodological consistency of the study. Additionally, values between 10% and 20% are considered good, maintaining a 

satisfactory level of precision. 

However, according to the same author, when the coefficient exceeds the 20%–30% range, it indicates increasing 

uncertainty, which compromises the reliability of the results. Above 30%, the coefficient of variation denotes excessive 

variability, undermining the experiment's conclusions. In this context, detecting a coefficient of variation below 20% in 

the SPR field measurements at the 0–10 cm layer reaffirms the good precision of the experiment, providing a reliable 

foundation for subsequent analyses. 

Regarding geostatistical parameters, the reliability of the semivariogram model fit to the experimental semivariogram 

can be evaluated through the coefficient of determination (R²), which was 0.99 for the exponential model of the SPR 

variable. As indicated by Tavanti et al. (2019), semivariogram models with R² values of 0.50 or higher already demonstrate 

an acceptable fit, reinforcing the robustness of the model used for SPR analysis. 

Another analytical criterion is the range of the semivariogram model, which indicates the spatial dependence radius of 

the variable, that is, the extent to which values remain similar over distance (MOLIN; AMARAL; COLAÇO, 2015; 

YAMAMOTO, 2020; YAMAMOTO; LANDIM, 2013). In the study area, within the oil palm plantation, this range was 

determined to be 35.87 m for SPR. This variable is highly sensitive to the mechanical stress to which the soil is subjected 

(NEGRÓN; LÓPEZ; DÖRNER, 2019). Studies have shown that in areas such as pastures, which are subject to constant 

cattle trampling, SPR in the 0–10 cm soil layer increased by 800% over time, with range values varying between 8 and 12 

m (BATISTA et al., 2024). 

Meanwhile, in sugarcane plantations, where all operations, from planting to harvesting, are mechanized—a condition 

slightly less intense than in pastures—the range values varied between 22 and 24 m (SOUZA; MARQUES JÚNIOR; 

PEREIRA, 2004). This suggests that mechanical stress is less pronounced in oil palm cultivation compared to these 

agroecosystems, as some practices, such as pruning and harvesting (except for fruit bunch collection), are still performed 

manually. However, the range parameter alone does not necessarily indicate good soil conditions. 

Regarding SPR, it is important to note that values between 2 and 4 MPa are considered high (BEUTLER et al., 2001; 

SILVA et al., 2020; VALADÃO et al., 2011), indicating an unfavorable condition in the study area, where values ranged 

from 1.88 to 4.05 MPa. In this context, intense traffic of heavy machinery emerges as the primary factor contributing to 

mechanical stress. Due to the lack of seasonality in production, oil palm harvesting occurs continuously throughout the 

year. During the rainy season, machinery operations for fruit bunch collection induce the formation of soil crusts, 

increasing particle cohesion and consequently leading to a significant rise in SPR (YU et al., 2024). More localized studies 

have demonstrated that SPR is more pronounced in the traffic lanes of agricultural implements than in areas designated 

exclusively for oil palm mulch deposition (SATO et al., 2017).  

In the context of FY incidence, one of the potential causes is soil hypoxia. This condition promotes an increase in 

reduced ions such as Fe2+, Mn3+ e NO3+ in the soil solution, leading to damage to the root system and subsequent 

manifestation of symptoms associated with FY (TEIXEIRA et al., 2017). In areas where SPR is higher, indicating greater 

compaction and lower soil aeration, there is a potential for an increased migration of these reduced ions into the soil 

solution. Additionally, soils with higher clay content tend to have metallic oxides in their mineralogy and greater cohesion 

between their particles, which contributes to higher SPR and a greater concentration of metallic oxides such as iron and 

manganese in the soil solution, thereby exacerbating plant intoxication (NASCIMENTO et al., 2018). 

However, studies indicate that soils with higher biological activity exhibit a greater incidence of FY (NAKAKOJI, 

2024). This biological activity can only be observed in soils predominantly under aerobic conditions, as it has been 

demonstrated that anaerobic activity, which solubilizes metallic ions, is considerably lower than aerobic activity 

(PRIMAVESI, 2022; SCHAEFER, 2012). Therefore, the biological activity levels found in this study suggest that soil 

hypoxia may not be the sole cause of FY, prompting the investigation of other factors such as plant malnutrition. 

In soils with high SPR, root shortening occurs along with reduced air availability, leading to decreased cellular 

respiration in plants, making them more vulnerable to opportunistic microorganisms (JUNIOR et al., 2014; PRIMAVESI, 
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2022), particularly in areas where biological activity is more pronounced. These microorganisms can trigger the 

degradation of tender roots, which are responsible for water and nutrient absorption, ultimately leading to the characteristic 

symptoms of FY. 

An additional analysis conducted to detect metabolites extracted from leaf samples of both healthy and diseased plants 

revealed a deficiency in nine metabolites in plants affected by FY, with two standing out in particular: tyramine and 

glycerophosphorylcholine (GPC) (RODRIGUES-NETO et al., 2018). Tyramine is recognized as a crucial metabolite used 

by plants in response to insect and herbivore attacks, as well as having defensive properties against salinity in rice crops. 

In Solanaceae species, tyramine is synthesized in response to pathogen-induced damage (GUILLET; DE LUCA, 2005; 

LEFÈVRE; GRATIA; LUTTS, 2001; SERVILLO et al., 2017). 

Regarding GPC, during the catabolic process mediated by extracellular phosphodiesterases, choline is absorbed and 

distributed within plant cells, playing a fundamental role in lipid regulation (KHAN; FARIDUDDIN; YUSUF, 2017; VAN 

DER REST et al., 2002). The elevation of extracellular phosphodiesterase enzymes, commonly observed under phosphorus 

deficiency conditions, leads to a reduction in GPC levels (RODRIGUES-NETO et al., 2018), This deficiency, combined 

with the absence of tyramine, may increase the vulnerability of young oil palm roots, potentially triggering Fatal Yellowing 

Syndrome. 

As a hypothesis, it is plausible to suggest that an increase in soil penetration resistance (SPR) may trigger a nutritional 

imbalance in oil palm, thereby contributing to the deficiency of the metabolites mentioned. This imbalance is further 

exacerbated by soil hypoxia, as previously mentioned, and by an increase in clay content—both phenomena that coincide 

with higher SPR values. An increase in the proportion of clay, in turn, promotes a rise in SPR and consequently facilitates 

the immobilization of phosphorus by metallic oxides present in the soil (DOS SANTOS et al., 2020), leading to GPC 

deficiency. This set of adverse conditions further worsens the plant’s unfavorable state, contributing to the development 

of FY symptomatology. 

It is also important to highlight the role of genetic factors in the manifestation of FY, as healthy and diseased plants 

often share the same environment, where they exhibit similar SPR characteristics. This observation may be related to the 

genetic variability inherent to the Tenera cultivar, which originates from heterogeneous populations (GOMES JR. et al., 

2014). This genetic diversity provides the cultivar with a broad range of phenotypic expressions, such as variable trunk 

diameters, plant heights, and oil production, among other traits that are easily observed in the field. 

Thus, it is plausible that within this genetic diversity, there are individuals that possess greater resistance to adverse 

soil conditions and, therefore, never exhibit FY symptomatology. This genetic adaptability may be a determining factor in 

the plants' ability to tolerate and recover from unfavorable soil conditions, emphasizing the importance of selecting more 

resistant specimens to ensure the productivity and sustainability of oil palm cultivation. 

 

4. Final Considerations 

The development of spatial variability maps of soil penetration resistance (SPR) is a valid and promising method, 

capable of identifying areas that require intervention to improve soil conditions and, consequently, mitigate the incidence 

of Fatal Yellowing (FY) in oil palm. 

However, it is crucial to recognize that SPR alone does not fully explain the causes of this disease. There remains a 

significant need for further in-depth studies on edaphoclimatic and genetic factors to clarify the underlying causes of FY. 
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