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Myrothecium leaf spot, caused by Myrothecium roridum, is an emerging dis-
ease threat to coffee (Coffea arabica L. cv. Chandragiri) nurseries, resulting up to 
30% seedling loss and occasionally affecting young field transplants. Although 
M. roridum was historically considered a weak pathogen, recent increases in its 
prevalence suggest that climate variability and shifts in local weather patterns 
may be driving its resurgence. To evaluate the influence of meteorological factors 
on disease development, a study was conducted during 2018 and 2019, focus-
ing on cumulative rainfall, maximum and minimum temperatures and relative 
humidity. Disease incidence and severity were recorded weekly and correlated 
with weather data. Interannual comparisons revealed that, during the year 2019 
characterized by higher rainfall and humidity and lower temperatures exhibited 
substantially greater disease index (DI) values and spore spread potential (Sv) than 
2018. The dataset consisted of 44 weekly observations (22 per year). Pearson 
correlation analysis revealed strong positive associations between DI and rainfall 
(r = 0.76) and minimum RH (r = 0.74) and between Sv and both rainfall (r = 0.72) 
and DI (r = 0.84). Among six forecasting models tested for one-week-ahead pre-
diction of DI, XGBoost achieved the best performance (RMSE ≈ 5.85, R2 ≈ 0.63). 
Granger causality analysis confirmed rainfall as a significant temporal predictor 
of DI and maximum RH as a key driver of Sv, highlighting the role of climate-
sensitive weather parameters in disease epidemiology. However, the moderate 
predictive accuracy and absence of independent validation indicate that the 
models should presently be considered exploratory rather than operational fore-
casting tools. These findings suggest that interannual weather variability, particu-
larly fluctuations in rainfall and humidity, may influence the risk of Myrothecium 
outbreaks in coffee nurseries. Integrating weather-based forecasting models into 
early warning systems may support the future development of climate-resilient 
disease management strategies.
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1 Introduction

Coffee is a major exporting commodity and generates income to 
many coffee growing countries including India. The success of new 
planting in a perennial crop like coffee, depends primarily on planting 
of vigorous, pest and disease-free seedlings in the field. In such a con-
dition, additional care has to be taken to bring up healthy seedlings. 
Nursery plays a major role in setting-up, extending or reviving a coffee 
plantation, as the healthy and vigorous seedlings are selected for plant-
ing in the main field from the nursery. This gains a long-term produc-
tivity and in turn long term income to the planter (Ranjini et al., 2017, 
Ranjini and Rajanaika, 2018). Leaf spot disease, caused by the patho-
gen Myrothecium roridum on coffee seedlings is of major concern in 
coffee nurseries and in the field conditions (Dutta et al., 2013). This 
disease is of economic importance, as the pathogen causes death of 
seedlings, leading to a loss upto 30% in coffee nurseries and cause 
considerable damage to leaves and berries on grown up plants under 
field conditions (Daivasikamani et al., 2016). The pathogen M. rori-
dumwas listed under the minor pathogens of coffee, but in the recent 
years it is widespread in all the coffee regions and gaining importance 
because of the variations in the weather conditions. The change in the 
climatic conditions might have favored the spread and multiplication 
of the pathogen (Sudhakar Bhat et al., 2011). Though factors like 
pathogen virulence and susceptibility of host are important in the dis-
ease development, environmental conditions play a major role in 
determining the course of epidemics of the plant diseases. Weather is 
one of the important abiotic factors that has a major impact on initia-
tion, development and spread of the disease.

To address the existing knowledge gap, this study was designed 
around the following research questions (i) how do key weather vari-
ables influence the development of Myrothecium leaf spot in coffee 
seedlings and (ii) can short-term disease incidence be reliably pre-
dicted using statistical and machine learning models.

Based on these questions, it was hypothesized that (i) increased rain-
fall and relative humidity significantly enhance disease incidence and 
severity and (ii) machine learning models, particularly ensemble 
approaches such as machine learning models may better capture nonlin-
ear disease-weather relationships than conventional statistical approaches 
in forecasting disease dynamics under variable climatic conditions. The 
formulation of the present hypotheses is grounded in established evi-
dence that environmental factors, particularly moisture and humidity, 
play a critical role in the epidemiology of fungal plant diseases. Previous 
studies have demonstrated that increased rainfall and high relative 
humidity create favorable conditions for pathogen infection, sporulation 
and disease spread (Chakraborty, 2005; Garrett et al., 2006; Pautasso et 
al., 2012; Velasquez et al., 2018). In coffee systems, climate variability has 
been shown to significantly influence pest and disease dynamics, includ-
ing major outbreaks under favorable environmental conditions 
(Jaramillo et al., 2011; Bunn et al., 2015; Avelino et al., 2015; Chakraborty 
and Newton, 2011).

Furthermore, advances in predictive analytics indicate that 
machine learning approaches are effective in modeling complex and 
nonlinear relationships between environmental variables and plant 
disease dynamics (Elith et al., 2008; Jeong et al., 2016; de Oliveira et al., 
2020; Cohen et al., 2020). These findings provide a strong basis for 
formulating the hypotheses of the present study. Although several stud-
ies have examined weather-disease relationships in plantation crops, 
comparatively few investigations have integrated epidemiological 
observations with machine learning-based forecasting approaches for 
coffee diseases under Indian conditions. Previous studies on coffee 

disease prediction have largely focused on coffee rust and berry dis-
eases using conventional statistical methods. Recent advances in deep 
learning and machine learning have demonstrated considerable poten-
tial for automated detection and prediction of coffee diseases (Martinez 
et al., 2022; Elisaye et al., 2023; Topal et al., 2024; Nawaz et al., 2024). 
Therefore, the present study contributes novelty by comparatively 
evaluating multiple time-series and machine learning frameworks for 
forecasting Myrothecium leaf spot outbreaks under weather-variable 
conditions.

The specific objectives of this study were (a) to quantify the rela-
tionship between weather variables and disease progression (b) to 
identify key climatic drivers influencing disease outbreaks and (c) to 
evaluate and compare multiple forecasting models for short-term pre-
diction of disease incidence.

To achieve these objectives, a suite of six models representing both 
classical statistical (VAR, DLNM) and advanced data-driven 
approaches (XGBoost, HMM, FDA-FPCA, DTW-KNN) were 
employed. These models were selected to capture both linear and non-
linear relationships, temporal dependencies and complex interactions 
among climatic variables. While traditional models such as VAR pro-
vide interpretable linear relationships, they may fail under non-sta-
tionary conditions. In contrast, machine learning models such as 
XGBoost offer higher predictive flexibility but may be prone to overfit-
ting. No structural modification of these models was required; how-
ever, parameter tuning and validation using RMSE, MAE and R2 were 
conducted to ensure robustness and comparability.

2 Materials and methods

The nursery experiments were conducted at Central Coffee 
Research Institute (CCRI), Balehonnur, Koppa taluk, Chikkamagaluru 
district, Karnataka State, India. The study area is situated at 13° 22″ 
North Latitude and 75° 28″ East Longitude at an elevation of 848 
meters above MSL. During the experiment period of years 2018 and 
2019, the annual rainfall varied between 3073.6 and 3859.9 mm, 
received mainly from May to October months with an annual average 
rainfall of 3466.75 mm. The maximum temperatures ranged from 20.1 
to 36.4 °C and minimum temperature from 10 to 20 °C. The relative 
humidity (RH) ranged from 45 to 100%. Maximum sunshine was 9 h.

2.1 Biological material used for the study

The seedlings of Coffea arabica L. cv. Chandragiri, which was 
found more susceptible to stem necrosis and leaf spot diseases caused 
by the pathogen Myrothecium roridum, during the survey period was 
used for the study. Seedlings of above-mentioned coffee cultivar are 
raised in many coffee nurseries in Chikkamagaluru district of 
Karnataka state and are recommended for commercial cultivation by 
the Coffee Board of India (Anonymous, 2014).

2.2 Experimental design

An experiment was laid out in net house conditions at CCRI, with 
the arabica coffee cultivar “Chandragiri” as test material. The experi-
ment was conducted for two consecutive years 2018 and 2019. Seeds 
of Chandragiri coffee were sown in the germination bed comprising 
the nursery mixture, i.e., Jungle soil; Farmyard Manure; sand in the 
ratio of 3:2:1 (Anonymous, 2023). The germination bed was covered 
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with paddy straw to retain moisture and to maintain humidity. After 
45 days, the ‘topee’ stage seedlings were transplanted to the poly bags 
(secondary nursery bed), containing the same nursery mixture (one 
kg per poly bag; Coffee Guide, 2023). Fifty numbers of poly bags 
(22.5 × 12.5 cm) planted with ‘topee’ stage coffee seedlings were 
arranged in the secondary beds with the plot size of 3 × 12 feet.

Because the objective of the study was observational epidemiologi-
cal monitoring under naturally occurring disease pressure, no artificial 
inoculation treatment was imposed. Weekly disease observations were 
repeatedly recorded from the same seedling population over time. 
Consequently, the dataset represents repeated time-series measure-
ments rather than independent experimental replicates. The study 
consisted of a single observational nursery cohort without replicated 
treatment plots because no experimental treatments were imposed.

2.3 Period of observation

After 90 days of sowing, the coffee seedlings attained three pairs of 
leaves. The observations were recorded on first appearance of the symp-
toms, leaf spot disease incidence and severity were recorded at weekly 
intervals, on all the seedlings for a continuous period of 22 weeks starting 
from 22nd standard week until 43rd standard week during the years 
2018 and 2019. After the 43rd week the seedlings sent to the field for 
planting. Effect of weather parameters on Myrothecium leaf spot disease 
incidence and severity in arabica coffee (cv. Chandragiri) data recorded 
in 2018 and 2019 season are provided in Supplementary Table S1.

2.4 Assessment of disease incidence and 
severity

Leaf spot disease incidence and severity were recorded at 
weekly intervals (late May to late October Month and this was coin-
cides with the monsoon), on all the Chandragiri coffee seedlings 
between 22nd and 43rd standard weeks, during the years 2018 and 
2019, as per the standard methodology. Percent incidence of the 
disease and severity was calculated by using formulas mentioned 
below (Santoshreddy et al., 2019).

( ) = ×
Number of infected leavesDisease incidence % 100.

Total number of 
leaves observed

Observation on disease severity was recorded by following 0–9 
point scale as described by Mayee and Datar (1986) and percent dis-
ease severity was expressed using the formula as mentioned below by 
Wheeler (1969).

Disease rating scale:

Grade Per cent leaf area infected

0 0

1 1–10

3 11–25

5 26–50

7 51–75

9 >75

The description of Wheeler (1969) was used to calculate percent 
disease severity.

	

( ) = ×
×

Sum of all numerical 
disease ratings

Disease severity % 100
Total No.of samples observed
Maximum disease rating grade

In addition to disease incidence (DI) and severity, spore dissemi-
nation (Sv) potential was assessed as an indicator of pathogen dis-
semination potential under prevailing environmental conditions. Sv 
was quantified based on the relative intensity of visible sporulation 
on infected leaves, recorded concurrently with disease severity obser-
vations using a standardized ordinal scoring approach (Santoshreddy 
et al., 2019; Singh et al., 2003). This parameter reflects the potential 
for secondary spread of Myrothecium roridum under prevailing envi-
ronmental conditions.

2.5 Collection of data on weather 
parameters

Thermo-hygro-clock fixed at the experimental site was used to 
record minimum and maximum temperature, relative humidity in the 
morning and evening. The Indian Metrological Department (IMD) 
approved weather station, located near the experimental site was used 
for collecting rainfall data, throughout the experimental period. The 
mean temperature and relative humidity of the week and cumulative 
rainfall was calculated.

Observations recorded during the years 2018 and 2019, on leaf 
spot disease incidence and severity was correlated with the weather 
variables. The linear regression equations were developed for estima-
tion leaf spot incidence and severity by taking weather parameters as 
input variables and linear mathematical models were developed using 
standard statistical procedure (Gomez and Gomez, 1984; Panse and 
Sukhatme, 1985).

2.6 Descriptive statistical analysis

Descriptive statistics including mean, standard deviation, mini-
mum and maximum were computed for all variables to summarize 
central tendency and dispersion. Year-wise comparisons were made 
to identify interannual variability in climatic conditions and disease 
indicators. Visualizations such as bar plots with error bars (mean ± 
SD) were generated using the ggplot2 package (Wickham, 2016) to 
facilitate interpretation.

2.7 Correlation analysis

Pearson’s correlation coefficients (r) were calculated to examine the 
linear relationships among climatic variables, DI and Sv. A heatmap was 
created to visualize the strength and direction of these associations. 
Statistical significance of correlations was evaluated using standard 
p-value thresholds p < 0.05, p < 0.01 and p < 0.001 following best practices 
in environmental statistics (Dormann et al., 2013; Tomar et al., 2009). 
However, since the data consist of weekly time-series observations, tem-
poral autocorrelation may violate the independence assumption of 
Pearson correlation. Therefore, these correlations are interpreted as 
exploratory associations rather than definitive relationships.
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To address temporal dependencies more rigorously, Granger 
causality analysis within a VAR framework was performed, which 
explicitly accounts for lagged relationships among variables.

2.8 Modeling and forecasting

To assess the predictive performance of short-term disease fore-
casting models, six different approaches were implemented for one-
week-ahead prediction of the disease index:

	1.	 XGBoost (Extreme Gradient Boosting; Chen and 
Guestrin, 2016)

	2.	 HMM (Hidden Markov Model)
	3.	 FDA-FPCA (Functional Data Analysis with Functional 

Principal Component Analysis; Ramsay and Silverman, 2005)
	4.	 DTW-KNN (Dynamic Time Warping with K-Nearest 

Neighbors; Petitjean et al., 2011)
	5.	 DLNM (Distributed Lag Nonlinear Model; Gasparrini et 

al., 2011)
	6.	 VAR (Vector AutoRegression; Lutkepohl, 2005)

Model performance was evaluated using three standard error 
metrics (a) Mean Absolute Error (MAE), (b) Root Mean Square Error 
(RMSE) and (c) Coefficient of Determination (R2).

The above each model was selected based on its suitability for 
time-series prediction and its prior application in environmental and 
epidemiological studies. XGBoost is an ensemble learning method 
known for handling nonlinear relationships and interactions effi-
ciently. HMM captures hidden state transitions in temporal processes. 
FDA-FPCA reduces dimensionality in functional data, while DTW-
KNN enables similarity-based classification of time-series patterns. 
DLNM is particularly useful for capturing lagged nonlinear effects of 
climatic variables, and VAR models represent multivariate linear 
interdependencies.

Model performance was evaluated using RMSE, MAE, and R2. 
The model with the lowest MAE and RMSE and highest R2 was 
deemed the most accurate and robust for disease forecasting under 
variable climatic conditionsHyperparameter tuning was performed 
where applicable to optimize predictive performance. Due to dataset 
limitations, external validation was not conducted, which is acknowl-
edged as a limitation.

It is important to note that the dataset consisted of 44 weekly 
observations (22 per year), which may limit the robustness of 
machine learning models. To reduce the risk of overfitting, model 
complexity was controlled through careful hyperparameter tuning 
and performance was evaluated using multiple metrics (RMSE, 
MAE and R2). However, due to the limited sample size, the predic-
tive results should be interpreted as preliminary rather than fully 
generalizable. Due to the relatively small dataset, formal k-fold 
cross-validation was not feasible without substantially reducing 
training data. Therefore, model evaluation was conducted using 
available data and this limitation is acknowledged as a constraint 
on model generalizability. For one-week-ahead forecasting, 
models were trained using sequential historical observations and 
evaluated on subsequent unseen weekly observations. Because of 
the limited dataset size (n = 44), a formal rolling-origin or k-fold 
cross-validation strategy was not feasible without substantially 
reducing training data. Because the dataset was limited to 44 
weekly observations collected from a single experimental nursery 

system, independent external validation using geographically dis-
tinct datasets was not feasible. Therefore, the present forecasting 
models should be interpreted as proof-of-concept predictive 
frameworks requiring future validation across multiple locations 
and seasons.

2.9 Granger causality analysis

To determine the temporal influence of climatic variables on DI 
and Sv, Granger causality tests were performed using a Vector 
AutoRegressive (VAR) framework with optimal lag selection (p = 2), 
based on the Akaike Information Criterion (AIC). These tests assessed 
whether historical values of each climate variable could significantly 
predict future values of DI or Sv.

Resulting p-values were transformed into –log₁₀(p) values for 
visualization, with a threshold of 1.3 (corresponding to p = 0.05) 
used to determine statistical significance, as recommended in 
time-series causality studies (McRoberts et al., 2003; Alex et 
al., 2018).

2.10 Software and tools

All analyses were performed using R statistical software (version 
4.3.1) within the RStudio environment. The following R packages were 
employed:

tidyverse (v2.0.0) for data manipulation and wrangling (Wickham 
et al., 2019).

ggplot2 (v3.4.4) for creating all figures including plots and heat-
maps (Wickham, 2016).

xgboost (v1.7.5) for implementing gradient boosting models 
(Chen and Guestrin, 2016).

vars (v1.5–8) for fitting VAR models and conducting Granger tests.
fda(v5.5.1) for functional data analysis and FPCA.
dtwclust (v5.5.13) for DTW-based time series classification.
dlnm (v2.4.9) for modeling distributed lag effects 

(Gasparrini, 2011).
forecast (v8.22) for time series model diagnostics and evaluation.
reshape2 (v1.4.4) for data reshaping.
All figures were exported using the ggsave function with 300 dpi 

resolution in JPEG formats. R projects and versioned scripts were used 
to ensure reproducibility throughout the analysis.

2.11 Statistical analysis

Year-wise comparisons of climatic variables and disease 
parameters were evaluated using Welch’s t-test after assessing vari-
ance heterogeneity. Statistical significance was considered at 
p < 0.05. Confidence intervals (95%) were calculated for regres-
sion coefficients and model evaluation metrics wherever 
applicable.

Because repeated weekly observations were collected from the 
same experimental units, temporal autocorrelation was expected. 
Therefore, Pearson correlation analysis was interpreted cautiously, 
while Granger causality analysis was used to better account for 
lagged temporal relationships. Given the relatively small sample size 
and repeated temporal observations, the statistical analyses were 
intended primarily for exploratory epidemiological inference and 
comparative model evaluation rather than definitive predictive 
generalization.
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3 Results

3.1 Effect of weather factors on the 
development of incidence and severity of 
the leaf spot disease of coffee seedlings

Variations in the climate has impacted significantly widespread 
damage in-terms of occurrence of pests and diseases in turn on 
crop production. The environmental factors or weather conditions, 
most seriously affect the initiation and development of infectious 
plant disease are temperature, humidity of the air, amount of rain-
fall, soil temperature, moisture etc. Present study indicated that, 
during first season, 2018 first expression of symptoms of leaf spot 
disease were observed after 90 days of transplanting the ‘topee’ 
stage coffee seedlings into poly bags. The weather conditions 
during the 43rd standard week of the year showed minimum dis-
ease incidence and severity (4.52 and 0.79% respectively) during 
which period the average minimum and maximum temperature 
was 26.84 and 27.18 °C, respectively, (Figure 1). Morning and eve-
ning relative humidity was 70.64 and 64.71% correspondingly and 
weekly cumulative rainfall was 2.8 mm. Whereas, during 32nd 
standard week the weather conditions were very congenial for the 
buildup of the disease and recorded maximum leaf spot disease 
incidence and severity (24.74% and 9.14%) was recorded during 
the week, minimum and maximum temperature was 15.33 and 
32.14 °C, respectively. Morning and evening relative humidity was 
95.14 and 90.2% correspondingly. The cumulative weekly rainfall 
of the week was 563.6 mm. It is observed that, the disease spread 
rapidly when there was continuous rains coupled with high 
humidity.

The period of minimum and maximum leaf spot incidence and 
severity recorded in 2019 season was slightly different from those of 
2018. The minimum level of disease incidence and severity (6.98% 
and 2.89% respectively) was recorded in 22nd standard week of the 
year during which period, the average minimum and maximum tem-
perature was 19.79 °C and 25.18 °C, respectively. Morning and eve-
ning relative humidity was 87.71 and 75.81% correspondingly and the 

weekly cumulative rainfall was 51.8 mm. Maximum level of disease 
incidence and severity (34.62% and 12.52% respectively) was 
recorded during 31st standard week, wherein the average weekly 
minimum and maximum temperature were 17 °C and 32.93 °C, 
respectively. Morning and evening relative humidity was 96.14 and 
90.78% correspondingly and the cumulative weekly rainfall was 
656.1 mm (Figure 2). It was observed that, the disease incidence was 
high when the rainfall was maximum during the period of the study 
(656.1 mm).

3.2 Descriptive statistics

The comparative analysis of climatic variables and disease indi-
cators between 2018 and 2019 is presented in Figure 3. The disease 
index (DI) related to Myrothecium infection was notably higher in 
2019, with a mean value exceeding that of 2018 by a substantial 
margin. Similarly, spore dissemination potential (Sv) also showed 
an upward trend in 2019. Rainfall demonstrated high variability, 
with a marked increase in mean values during 2019 and large stan-
dard deviations in both years, suggesting irregular precipitation 
events. Relative humidity, both minimum and maximum, exhibited 
a slight increase in 2019. In contrast, temperature parameters 
declined average minimum and maximum temperatures were lower 
in 2019 compared to 2018. The mean disease incidence and rainfall 
values observed during 2019 were significantly greater than those 
recorded during 2018 (Welch’s t-test, p < 0.05), indicating that 
wetter environmental conditions were associated with greater dis-
ease development.

3.3 Pearson correlation heatmap

The Pearson correlation heatmap (Figure 4) illustrates the 
strength and direction of associations among climatic variables 
(Rainfall, Temperature, Relative Humidity), spore spread potential 
(Sv) and disease incidence (DI), potentially due to Myrothecium 
roridum infection in coffee. Strong positive correlations were 
observed between DI and both Rainfall (r = 0.76) and Minimum 

FIGURE 1

Graphical representation of weather parameters on Myrothecium leaf spot disease incidence and severity in arabica coffee (cv. Chandragiri) - data 
recorded in 2018 season.
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RH (r = 0.74), indicating that higher precipitation and humidity 
were significantly associated with increased disease levels. Similarly, 
Sv was strongly correlated with Rainfall (r = 0.72) and DI (r = 0.84), 
suggesting a close link between moisture availability, disease inci-
dence and fungal spread. All reported Pearson correlation coeffi-
cients were statistically significant at p < 0.05 unless otherwise 
indicated in Figure 4.

Maximum RH was also positively correlated with DI (r = 0.66) 
and Sv (r = 0.66), reinforcing the importance of humidity in disease 
and spore proliferation. In contrast, Temperature Minimum 
(T-Min) showed strong negative correlations with Sv (r = −0.73), 
DI (r = −0.67) and Rainfall (r = −0.67), suggesting that cooler min-
imum temperatures may promote favorable conditions for disease 
development.

FIGURE 2

Graphical representation of weather parameters on Myrothecium leaf spot disease incidence and severity in arabica coffee (cv. Chandragiri) - data 
recorded in 2019 season.

FIGURE 3

Interannual comparison of mean (±standard deviation) values for disease index (DI), spore dissemination potential (Sv), and key weather parameters 
maximum relative humidity (Max_RH), minimum relative humidity (Min_RH), rainfall, maximum temperature (Temp_Max), and minimum temperature 
(Temp_Min) for the years 2018 and 2019. The year 2019 exhibited notably higher DI, rainfall, and humidity levels, along with lower minimum 
temperatures, suggesting that shifts in climatic conditions may have intensified Myrothecium leaf spot severity. These patterns align with emerging 
evidence of climate variability influencing disease dynamics in tropical plantation systems.
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3.4 Model performance

Figure 5 compares the predictive performance of six modeling 
approaches for 1-week ahead forecasting of disease index (DI), 

related to Myrothecium infection. Performance was 
evaluated using three metrics Mean Absolute Error (MAE), Root 
Mean Square Error (RMSE) and the coefficient of determina-
tion (R2).

FIGURE 4

Pearson correlation heatmap illustrating the relationships among weather variables (rainfall, maximum and minimum temperature, maximum and 
minimum relative humidity), disease index (DI), and spore dissemination potential (Sv) in coffee seedlings. Strong positive correlations were observed 
between DI and rainfall (r = 0.76), minimum RH (r = 0.74), and Sv (r = 0.84), suggesting that elevated humidity and rainfall conditions increasingly 
associated with climate variability intensify disease expression and pathogen dissemination. Conversely, minimum temperature was negatively 
correlated with DI and Sv, indicating a potential suppressive role of cooler night temperatures under warming trends.

FIGURE 5

Comparison of forecasting model performance for 1-week-ahead prediction of disease index (DI) in coffee seedlings using various metrics: mean 
absolute error (MAE), root mean square error (RMSE), and coefficient of determination (R2). Among the six tested models DLNM, DTW-KNN, 
FDA + FPCA, HMM, VAR, and XGBoost—XGBoost outperformed others, achieving the lowest error values and the highest R2 (~0.63), while the VAR 
model performed poorly with negative R2. These results highlight the utility of machine learning approaches, particularly XGBoost, in developing 
accurate, short-term disease forecasts under climate-sensitive conditions, highlighting potential utility for future early warning system development in 
plantation crop management.
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Among all models, XGBoost achieved the best performance with 
the lowest RMSE (~5.85) and MAE (~4.70) and the highest R2 value 
(~0.63), indicating a strong ability to capture the underlying data 
structure. However, the moderate coefficient of determination indi-
cates that approximately 37% of the variability in disease incidence 
remained unexplained. Therefore, the predictive models should pres-
ently be interpreted as preliminary forecasting tools rather than opera-
tional early-warning systems. The HMM (Hidden Markov Model) and 
FDA-FPCA (Functional Data Analysis with Functional Principal 
Component Analysis) followed, with moderate R2 values (~0.55–0.60) 
and slightly higher RMSEs (~6.1–6.5).

The DTW-KNN (Dynamic Time Warping with K-Nearest 
Neighbors) performed less effectively, showing a lower R2 (~0.23). 
DLNM (Distributed Lag Nonlinear Model) yielded poor predictive 
power with R2 near zero and the VAR model (Vector AutoRegression) 
exhibited the worst performance, with a negative R2 (~ − 4.4) and sig-
nificantly higher RMSE (~25.7) and MAE (~15), indicating it failed to 
generalize from the data. Confidence intervals (95%) for model per-
formance metrics are provided in Supplementary Table S2.

3.5 Granger causality significance

Granger causality analysis (Figure 6) was conducted to assess the 
temporal influence of climatic variables on disease incidence (DI) and 
spore dissemination potential (Sv) associated with Myrothecium in 
coffee. Statistical significance was visualized as –log₁₀(p-value), with 
the red dashed line at 1.3 representing the p = 0.05 threshold.

Among the predictors, Rainfall showed a highly significant 
Granger-causal effect on DI [−log₁₀(p) ≈ 3.4], indicating strong 

predictive temporal influence. Maximum RH was the only significant 
predictor of Sv [−log₁₀(p) ≈ 2.6], suggesting that maximum humidity 
plays a key role in determining spore dissemination dynamics or spore 
dissemination potential.

Other climatic variables including Minimum RH, Temperature 
Maximum and Temperature Minimum did not surpass the signifi-
cance threshold for either DI or Sv. Temperature Maximum was mar-
ginally predictive of DI [−log₁₀(p) just below 1.3], indicating a possible 
weak or delayed effect. The estimated VAR coefficients and lag struc-
ture used in the Granger causality analysis are provided in 
Supplementary Table S3.

4 Discussion

There is growing evidence that climate change is altering the 
incidence, distribution and severity of plant diseases globally, 
including in coffee-based agroecosystems (Garrett et al., 2006; 
Jaramillo et al., 2011; Bunn et al., 2015; Patil et al., 2025; Bebber et 
al., 2013; IPCC, 2021). In coffee, shifts in temperature and precipita-
tion patterns have already been linked to changes in pest and disease 
dynamics, particularly in tropical production systems. The present 
study further supports this evidence by demonstrating that interan-
nual climatic variability, especially increased rainfall and humidity 
coupled with lower minimum temperatures, significantly intensified 
Myrothecium leaf spot outbreaks.

In this study, strong positive correlations were observed between 
disease incidence and both cumulative rainfall and relative humidity, 

FIGURE 6

Granger causality analysis showing the statistical significance of meteorological variables maximum relative humidity (Max_RH), minimum RH (Min_RH), 
rainfall, maximum temperature (Temp_Max), and minimum temperature (Temp_Min) as predictors of disease index (DI) and spore dissemination 
potential (Sv) in coffee seedlings. Bars represent the negative log-transformed p-values log10(p), with the dotted red line indicating the significance 
threshold (p = 0.05). Rainfall and Max_RH emerged as significant causal drivers for DI and Sv, respectively, indicating that fluctuations in these climate-
sensitive variables precede disease outbreaks. These findings support the use of rainfall and humidity as early-warning indicators in climate-responsive 
disease forecasting models.
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while minimum temperature was negatively correlated with disease 
severity. These patterns are consistent with the notion that warmer, 
wetter conditions, coupled with cooler nights, create favorable micro-
climates for M. roridum infection and spread. Importantly, the greater 
disease burden in 2019, a year with anomalously high precipitation, 
may reflect early indicators of long-term climate-driven shifts in dis-
ease epidemiology (Pautasso et al., 2012; Chakraborty, 2005). While 
correlation analysis provided initial insights into weather-disease rela-
tionships, correlation alone does not establish causality. To overcome 
this limitation, the present study incorporated Granger causality 
analysis, which identifies temporal cause-effect relationships between 
climatic variables and disease dynamics. This approach strengthens 
the inference beyond simple association and supports the identifica-
tion of rainfall and relative humidity as predictive drivers of disease 
outbreaks.

The use of machine learning and time series forecasting models 
especially XGBoost, which outperformed traditional models demon-
strates how data-driven tools can enhance our capacity to predict and 
mitigate climate-related disease risks (Jeong et al., 2016; de Oliveira et 
al., 2020). The success of XGBoost (R2 ≈ 0.63) suggests that models 
trained on historical weather and disease data can provide short-term 
disease forecasts to inform nursery-level interventions. In contrast, 
traditional models like Vector AutoRegression (VAR), which assume 
linear relationships and stationarity, performed poorly under the 
dynamic, nonlinear influence of climate variability.

Additionally, Granger causality analysis identified rainfall as a 
climate-sensitive causal driver of disease incidence, with maximum 
RH influencing spore dissemination potential (Sv). These results 
underscore the importance of real-time monitoring of key climate 
variables, which can be used to trigger preemptive disease control 
measures under changing climatic regimes (Cooper et al., 2019).

This study suggests that interannual climate variability may con-
tribute to Myrothecium outbreaks in coffee seedlings. The integration 
of high-resolution weather monitoring, predictive modeling and early 
warning systems could be pivotal in developing climate-smart disease 
management strategies for plantation crops (Challinor et al., 2014). 
Future research should focus on expanding this approach to other 
climatic regions, incorporating long-term datasets and exploring syn-
ergistic effects of temperature, CO₂ and humidity under projected 
climate scenarios. The identification of rainfall and humidity as key 
drivers enables the development of weather-based early warning sys-
tems for coffee nurseries. Such systems can support timely interven-
tions, including optimized fungicide application, improved irrigation 
management and nursery microclimate regulation.

A key strength of this study is the integration of field-based epi-
demiological observations with multiple forecasting approaches, 
allowing comparative evaluation of model performance under real-
world conditions. The use of machine learning alongside traditional 
statistical models provides a comprehensive framework for disease 
prediction.

However, the study has certain limitations. The dataset is limited 
to 2 years and a single geographic location, which may affect general-
izability. A major limitation of the present study is the absence of inde-
pendent external validation using geographically or temporally 
distinct datasets. Consequently, model transferability and operational 
applicability across different nursery environments remain uncertain 
and should be evaluated in future multi-location studies. Additionally, 
while XGBoost performed best, the moderate R2 value (~0.63) indi-
cates that further improvements are possible by incorporating 

additional variables such as leaf wetness, soil moisture or pathogen 
inoculum load.

Several limitations should be acknowledged. First, the study was 
conducted at a single geographic location over only two growing sea-
sons, limiting broader inference regarding long-term climatic effects. 
Second, the relatively small dataset (n = 44 weekly observations) 
restricts the robustness of machine learning models and increases the 
possibility of overfitting. Third, independent external validation was 
not available. Consequently, the presented forecasting models should 
be considered proof-of-concept demonstrations rather than deploy-
able operational systems. Additional variables including inoculum 
load, leaf wetness duration, irrigation practices and nursery manage-
ment conditions may also have influenced disease development and 
should be incorporated in future studies.

Future studies should additionally incorporate SHAP or partial 
dependence analyses to improve interpretability of machine learning 
models and should evaluate sensitivity across alternative train-test 
splits and larger datasets. Accordingly, the present study should be 
interpreted as a preliminary epidemiological and forecasting frame-
work rather than a fully operational disease prediction system.

5 Conclusion

This study provides compelling evidence that the development 
and progression of Myrothecium leaf spot in coffee nurseries are 
strongly influenced by weather variability particularly, rainfall, humid-
ity and minimum temperature. The substantial increase in disease 
incidence during 2019 compared to 2018 suggests that short-term 
climatic fluctuations, associated with short-term weather variability, 
may be intensifying disease pressure in coffee-growing regions.

By integrating weather monitoring with advanced forecasting 
models, particularly XGBoost, the study provides preliminary evi-
dence supporting the practical feasibility of predicting disease out-
breaks with reasonable accuracy. The identification of rainfall and 
maximum relative humidity as causal predictors highlights the need 
for their inclusion in disease surveillance systems. These insights sup-
port the development of early warning tools that can enhance nursery-
level disease preparedness and reduce seedling losses. A key limitation 
of this study is the relatively small dataset, which restricts the statisti-
cal power and may increase the risk of overfitting in machine learning 
models. Additionally, weekly observations from the same experimen-
tal units are inherently autocorrelated, which may influence statistical 
estimates. Although Granger causality partially addresses temporal 
dependence, future studies should incorporate longer time series, 
multi-location datasets and independent validation to improve model 
robustness and generalizability.

Despite these limitations, the study provides a proof-of-concept 
framework demonstrating how weather-driven epidemiological data 
can be integrated with predictive modeling for disease forecasting in 
plantation crops. Further, the methodology presented in this study can 
serve as a foundation for future research and operational disease fore-
casting systems because it integrates real-time weather monitoring, 
statistically validated predictors, and scalable machine learning 
models within a unified framework. This approach is adaptable to 
other crops and regions, particularly where disease dynamics are 
strongly influenced by climatic variability. By combining epidemio-
logical understanding with predictive analytics, the framework offers 
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a robust basis for developing climate-resilient plant disease manage-
ment strategies.
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