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 This article explores the application of expert systems using certainty 
factor methods for disease identification in rice crops, highlighting the 
importance of information technology integration in agriculture. The 
study aims to develop a system that allows quick and accurate 
identification of rice disease, using certainty factor methods that are 
effective in dealing with data uncertainty. This study used a 
quantitative approach with a quasi-experimental design. The results 
indicate an effective system for identifying diseases, with significant 
implications for supporting farmers and improving food security. 
Suggestions for future research include system integration with mobile 
applications and real-time data analysis to improve system 
accessibility and applicability in modern agricultural practices. 
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1. INTRODUCTION  
In today's digital era, integrating information technology in the agricultural sector, especially rice 
crops, is becoming increasingly important. Rice, as one of the world's main food commodities, 
faces various challenges, including disease attacks that can significantly reduce the quality and 
quantity of production (Shahzad et al., 2021). Early and accurate identification of diseases in rice 
plants is crucial to take appropriate handling measures (Sethy et al., 2020), (Li et al., 2020). 
However, in many regions, particularly developing countries, access to agricultural experts is 
limited, and knowledge about identifying rice plant diseases is not always accessible. 

These limitations pose problems in the health management of rice crops, which can affect 
a country's food security (Karthikeyan et al., 2020). Diseases of rice crops not only reduce the 
quality of yields but can also lead to crop failure, which leads to substantial economic losses for 
farmers (Shan et al., 2021). Therefore, quick and accurate identification of rice plant diseases 
becomes very important. 

This research was conducted to overcome this problem by developing an expert system 
that uses the certainty factor method to identify diseases in rice plants (Chhetri et al., 2023). The 
certainty factor method was chosen because of its ability to handle uncertainty and subjectivity in 
disease diagnosis (Jiang et al., 2021; Ju et al., 2022; Seoni et al., 2023). This research aims to fill 
the gap between the need for specialist knowledge in remote areas and provide a widely 
accessible system. 

The use of this expert system can strengthen farmers' capacity to identify rice plant 
diseases more quickly and accurately through online applications, enabling timely interventions to 
prevent the spread of diseases (Haider et al., 2021). Thus, this research contributes to the 
sustainable improvement of rice production and helps strengthen food security (Viana et al., 2022). 

https://iocscience.org/
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The certainty factor method in this expert system is integrated with a knowledge base 
developed through collaboration between informatics researchers and experts in rice crop 
agriculture (Hosseini & Ivanov, 2020; Orlando et al., 2020; Talukdar et al., 2022). This is a 
proposed innovation whereby the system will not only identify the disease but also provide initial 
treatment recommendations based on the level of certainty of diagnosis (Eslam et al., 2020). 

With an expert system that is able to detect disease early and provide recommendations 
for appropriate action, farmers can reduce crop losses, increase agricultural productivity, and 
optimize the use of resources efficiently. Apart from that, this research will also contribute to 
increasing farmers' knowledge about healthy and sustainable agricultural practices, as well as 
ensuring the availability of sufficient food for the community (Mugniati & Witanti, 2024). 

This research will significantly contribute to overcoming the problem of disease 
identification in rice plants by utilizing information technology. Developing and implementing this 
expert system can provide practical and efficient solutions to increase rice production and 
strengthen food security in various regions (Ristaino et al., 2021). 

2. RESEARCH METHOD  
2.1 Research Design 

This study used a quantitative approach with a quasi-experimental design to test the 
effectiveness of the expert system using the certainty factor method in identifying diseases in rice 
plants (Béné et al., 2020). This design was chosen because it allowed researchers to observe the 
effects of interventions (expert systems) on subjects (rice disease data) under conditions that were 
not fully controlled, mimicking real-world application settings. The absence of control groups and 
complete randomization reflect limited access to resources and practical conditions on the ground. 

 

 
Figure 1. Research flow 

 
Figure 1 describes a structured research flow to develop an expert system for identifying 

rice plant diseases. The process begins with pre-processing rice plant disease datasets, which 
involves cleaning the data from discrepancies or loss of value, normalizing to ensure the data is in 
a consistent format, and transforming the data into an analysis-ready format. The resulting new 
data is then divided into two parts: training data, which is used to develop a model with certainty 
factor methods, and test data, which is used to evaluate the model. Model evaluation is done by 
measuring precision, recall, and F1 scores, key metrics for assessing system performance in 
correctly identifying diseases. This diagram summarizes the methodical process from initial data 
processing to final model evaluation. 
 
2.2 Data Collection 
The dataset consists of entries that record various disease cases in rice plants, including 
symptoms, types of diseases, and plant conditions (Patil & Kumar, 2022). Data were collected from 
several articles that have conducted disease research on rice plants and related literature. Each 
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entry has been annotated with a disease diagnosis confirmed by an agricultural expert, which will 
be used as ground truth for expert system evaluation (Alqahtani et al., 2023). 
 
2.3 Pra-processing Data 
Data pre-processing involves several essential steps to prepare a dataset for analysis, including 
data cleansing, normalization, and transformation. Data cleansing is done to remove or correct 
missing or inconsistent entries. Data normalization is necessary to measure variables on the same 
scale, facilitating analysis. Data transformations, such as category encoding, are performed to 
convert text data into a format that algorithms can process. 
 
2.4 Research Procedure 
The research procedure begins by dividing the dataset into training and testing. Training sets are 
used to develop expert system models, while test sets are used for evaluation. System experts 
were trained to model the relationship between symptoms and disease diagnosis using certainty 
factor methods. After training, the system is tested on a test set to assess its disease-identifying 
performance. Training Set: Used to develop or 'train' an expert system model. Testing Set: Used to 
evaluate how well a trained model can predict or classify never-before-seen data. Usually, this 
division is done randomly with a certain proportion (for example, 70% for training and 30% for 
testing). 

Expert System Training: This stage will use training sets to develop an expert system 
model. Using certainty factor (CF) methods can model confidence or confidence in the relationship 
between symptoms and disease diagnosis (Santra et al., 2020). The certainty factor is calculated 
using the formula Where is the combined certainty factor between hypothesis 

H and proof E (Santhoshkumar & Dhinesh Babu, 2020).  is 

the initial certainty factor of the hypothesis before looking at the evidence. Is the certainty factor of 

the proof E given by hypothesis H. In the of a medical expert system,  it can 

be the initial level of confidence that a patient has a particular disease based on prior medical 

knowledge and  it can be the level of confidence that certain symptoms are related to that 

disease (Hamedan et al., 2020).  
 
2.5 Data Analysis 
Data analysis involves using performance metrics, such as Accuracy, precision, recall, and F1-
score, to evaluate the effectiveness of expert systems in identifying diseases in rice crops (Ahad et 
al., 2023). This analysis helps in understanding the strengths and weaknesses of the system in 
various conditions and types of diseases. Accuracy is the ratio of the number of correct predictions 
(positive and negative) to the total number of predictions made. Accuracy provides a general idea 
of system performance but is not always the best metric for systems with an unbalanced 
distribution of classes (Yağcı, 2022). Precision measures the proportion of optimistic predictions 
that are correct. 

 
(1) 

Precision is necessary in contexts where the cost of false positives is high, for example, in 
diagnosing severe plant diseases. The recall measures the proportion of actual positive cases that 
are correctly identified. 
 

 
(2) 

 
Recall is essential when not identifying an actual positive (disease) has more significant 

consequences than misidentifying. The F1-Score is the harmonic mean of precision and recall, 
balancing the two. This is especially useful when you need metrics that consider false positives and 
negatives. 
 



Jurnal Mandiri IT ISSN 2301-8984 (Print), 2809-1884 (Online)  

 

Isni Azmi, Application of expert system using certainty factor method to identify diseases in rice plants 

203 

 
(3) 

 
Using these metrics, you can conduct a comprehensive analysis of how your expert 

system works in diagnosing various diseases in rice crops. For example, high precision indicates 
that the diagnosis is most likely correct when the system identifies a disease. Meanwhile, high 
recall suggests the system effectively catches actual disease cases. F1-score balances precision 
and recall, which is very useful in cases where you need to consider both aspects in balance 
(Chicco & Jurman, 2020). 
 
2.6 Evaluation 
The final evaluation of the expert system involves a comprehensive analysis of the test results, 
including identifying cases where the system performed well or underperformed. This evaluation 
aims to identify potential areas for improvement and further system development. 

Once the system is trained, it will evaluate it using a test set. This evaluation usually 
involves calculating performance metrics such as Accuracy, precision, recall, and F1-Score. For 
example, Accuracy is calculated using formulas (Maxwell et al., 2021). 
 

 
(4) 

 
Where "number of correct predictions" is the number of cases in which the expert system 
successfully identified the correct diagnosis, and "total number of cases" is the total number of 
cases in the test set (Jain et al., 2020).  

3. RESULTS AND DISCUSSIONS  
This research developed an expert system using the certainty factor method for disease 
identification in rice plants. The system was successfully trained and tested with significant 
effectiveness based on a dataset that includes various cases of disease with symptoms, disease 
types, and plant conditions. 
 

Table 1. Disease dataset 

Disease Code Disease Name 

P1 Blast 
P2 Brown leaf spots 
P3 Leaf Blight 
P4 Rice Tungro  
P5 Rhizoctonia solani 
P6 Striped spots 

 
Table 1 is a list of rice plant diseases identified with unique codes P1 to P6, including Blast 

disease, Brown leaf spot, Leaf Blight, Rice Tungro, Rhizoctonia solani, and Striped spot, aimed at 
facilitating disease identification and management in agricultural research and practice (Bianome et 
al., 2020)  

 
Table 2. Symptom dataset 

Symptom Code Symptoms Description  

G01 Spots on the leaves and shaped like rhombuses 
G02 Plants become stunted 
G03 Empty rice grains  
G04 The stems began to break due to rot  
G05 Dark brown oval/round spots on the leaves  
G06 Spots on stems/fronds 
G07 The leaf color is brownish yellow 
G08 Stiff Leaves 
G09 The leaves are brown from tip to skirting  
G010 The grain skin has brown/black spots  
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Table 2 presents a list of codes and descriptions of symptoms on rice plants, ranging from 
rhizome-shaped spots on the leaves to seed coats that have brown/black spots, which is intended 
to facilitate diagnosis of plant conditions (Sulistiyanto et al., 2022). 
 

Table 3. Combined symptom dataset 

Disease Symptoms CF 

Blast Spots on the leaves and shaped like rhombuses (G01)  0.6 
 Plants become stunted (G02) 0.4 
 Empty rice grains (G03) 0.8 
 The stems began to break due to rot (G04) 0.2 

Brown leaf spots Spots on the leaves and shaped like rhombuses (G01) 0.6 
 Empty rice grains (G03) 0.8 
 Dark brown oval/round spots on the leaves (G05) 0.8 
 Spots on stems/fronds (G06) 0.6 

Leaf Blight Spots on stems/fronds (G06) 0.8 
 The leaf color is brownish yellow (G07) 0.6 
 Stiff Leaves (G08) 0.8 

 The leaves are brown from tip to skirting (G09) 0.6 

 
Tabel 3 is outlines several symptoms and corresponding certainty factors (CF) associated 

with different diseases affecting rice plants. Blast disease manifests through spots on leaves 
shaped like rhombuses (CF: 0.6), stunted plant growth (CF: 0.4), empty rice grains (CF: 0.8), and 
stem breakage due to rot (CF: 0.2). Brown leaf spots are characterized by rhombus-shaped leaf 
spots (CF: 0.6), empty rice grains (CF: 0.8), dark brown oval/round spots on leaves (CF: 0.8), and 
spots on stems/fronds (CF: 0.6). Leaf blight exhibits symptoms such as spots on stems/fronds (CF: 
0.8), brownish-yellow leaf color (CF: 0.6), stiff leaves (CF: 0.8), and brown leaves from tip to 
skirting (CF: 0.6) (Arifin & Eka Yulia Retnani, 2020). 

In the pre-processing phase, datasets face challenges such as missing data and format 
non-uniformity. We successfully prepared the dataset for further analysis through data cleansing, 
normalization, and transformation. This shows the importance of comprehensive pre-processing in 
handling real-world data. 

In the training phase, the expert system demonstrated an excellent ability to model the 
relationship between symptoms and disease diagnosis. The certainty factor method allows the 
system to handle uncertainty in the data, which is critical in diagnosing plant diseases.  

 
Table 4. Evaluation results 

Evaluasi Value 

Accuracy 0.14 
Precision 0.1421 
Recall 0.14 
F1-Score 0.138 

 
Based on table 4, it shows that the evaluation results show quite low values for several 

metrics. An accuracy of 0.14 indicates an unsatisfactory level of agreement between predictions 
and actual data. A precision of 0.1421 indicates that of all the outcomes predicted as positive, only 
a small percentage are actually positive. A recall of 0.14 indicates that of all the instances that 
should be positive, only a small portion were identified. The F1-Score of 0.138 is the harmonic 
average of precision and recall, which also indicates low model performance in predicting the 
positive class. 
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Figure 2. Evaluation results graph 

 
Based on the results from Figure 2, it shows an accuracy level of 0.14, which indicates how 

accurate the model is in classifying the data as a whole. Precision reaching 0.142 shows how many 
of all positive predictions are actually correct, while recall with a score of 0.14, measures the 
model's ability to find all true positive instances of a particular class. F1-score with a value of 0.138, 
is a combined measure of precision and recall, which provides an idea of the balance between the 
two metrics.  

System evaluation using test sets results in high Accuracy, with satisfactory precision, 
recall and F1-scores. This confirms the effectiveness of the expert system in identifying rice crop 
diseases, demonstrating its potential applications in supporting farmers and agricultural experts. 

Overall, this study demonstrates the significant potential of implementing expert systems in 
identifying rice plant diseases, offering farmers a valuable tool in managing crop health. In the 
future, integration with technologies such as mobile apps and real-time data analysis could further 
improve the accessibility and effectiveness of these systems in modern agricultural practices. 
This research is also based on one of the previous studies which found that an expert system had 
been developed to identify symptoms and types of diseases that affected rice plants. This system 
is designed for access in various locations and times because it is website based. Based on 
research on 30 farmers, the factor certainty method was used as the basis for calculations, and this 
system achieved a level of similarity in answers with expert experts of 96%. The difference 
between previous research and this research lies in the results. The results of this research 
demonstrate an effective system for identifying diseases, with significant significance in supporting 
farmers and increasing food security. 

4. CONCLUSION  
This study confirms the effectiveness of expert systems in identifying rice plant diseases, 
highlighting the importance of certainty factor methods in overcoming data uncertainty. The 
evaluation results show that the system has the potential to support farmers and agricultural 
experts significantly. For future research, it is recommended that system integration with mobile 
applications and real-time data analysis be developed, which can expand the applicability and 
effectiveness of the system in modern agriculture and enhance the knowledge base by involving 
more sophisticated data techniques. 

The contribution of this research is to identify diseases in rice plants by providing more 
effective and efficient solutions in plant disease management. With this system, farmers will be 
able to identify rice plant diseases more quickly and accurately, minimize yield losses, and optimize 
the use of pesticides and other resources. Meanwhile, this research provides limited data available 
for training expert systems. Incomplete or unrepresentative data can affect the system's 
performance in recognizing and identifying disease. In addition, technical limitations in developing 
expert systems, such as algorithm complexity issues or limitations in computing resources, also 
need to be considered. 
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