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1. Introduction 

Cotton is, undeniably, one of the most vital cash crops in the globe and is inflicted with several diseases, thereby 

affecting yield and quality of crops [1]. Notably, these include bacterial blight, leaf spot, and wilt diseases, 

among others, which not only affect yields but are also related to higher expenditure for pesticide application 

and crop management. The following diseases should therefore be effectively controlled for the sustenance of 

cotton production [1].Accurate and early detection is the mainstay of diseases in cotton plants for agricultural 

sustainability and profitability. Timely identification allows farmers to implement those targeted interventions—

precise pesticide application, disease-resistant crop varieties—that would minimize crop losses and reduce 

environmental impacts. The ability to detect these diseases at an early stage also promotes sustainable farming 

practices by reducing the overall use of pesticides and ensuring that the soil and ecosystems are in good health [2]. 

In the economy of Indian agriculture, cultivation of cotton assumes a crucial place, but it has a number of 

serious adversaries in the form of different diseases that may seriously hamper yield and quality. Among the 

most prevalent is Bacterial Blight, caused by Xanthomonas campestris pv. Malvacearum [3]. Water-soaked 

lesions on the leaves are presently ℅ instances of this disease that turns necrotic with yellow margins later. 

These lesions may also develop on bolls and stems, resulting in defoliation, smaller boll size, and inferior fiber 

quality. In extreme cases, Bacterial Blight may lead to a considerable reduction in yields, thus being of key 

concern to the cotton farmer [3].Another major grouping of diseases on cotton in India involves the Leaf Spot 

diseases caused by Alternaria, Cercospora, and Ramularia. Circular to irregular spots develop on the leaves; 

most of them have a dark center with a yellow halo. [4] Development of these spots may sometimes cover large 

parts of a leaf surface. Leaf Spot diseases reduce photosynthetic potential by damaging plants, leading to early 

defoliation and reduced yields in the absence of proper management [4]. 

Other potential threats to cotton crops in India include fusarium and verticillium wilt. Most of the diseases result 

in wilting of leaves, which is combined with yellowing and necrosis of vascular tissues. In severe infections, 

collapse may quickly occur in the affected plants, thus even more increasing the losses expected for the yield. 

For the management of wilt diseases, crop rotation, soil management practices, and using resistant cultivars 

become quite useful in serving as mitigating means for their effect on cotton production [5].An important 

component would be the development of effective disease management strategies if cotton production in India 

has to be productive and sustainable. Early detection at the beginning of infestation, IPM practices through 

cultural, biological, and chemical controls, and the development and dissemination of disease-resistant varieties 

form some of the most important strategies toward the reduction of these diseases' manifestation within cotton 

farming, which further translates into economic costs and environmental degradation. The same shall continue 
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with much-needed research in improving disease resistance and resilience of these crops to these and emerging 

threats in Indian agriculture [5]. 

Sinha R. (2013) research paper was on Support Vector Machine based on Sentiment Analysis byapplying 

machine learning for real-world tasks [6]. Our Research Paper on Decision Tree main objective is to assess in 

detail the efficacy and applicability of decision tree models in automated cotton disease detection. In particular, 

decision trees are impressive because they are interpretable and can operate in a categorical way so that different 

cotton diseases can be classified based on image features extracted from leaf images. This review encompasses 

methodologies for feature extraction, identifies quality metrics of performance in terms of accuracy and 

precision for various diseases, and discusses the open challenges in dataset variability, along with future 

research directions to improve cotton disease detection [7]. It is through the introduction of these aspects that the 

review paper presents the context of understanding, importance, and goals for which decision tree applications 

are considered in regard to cotton disease detection. Only then will this more systematic beginning give clarity 

and focus for further sections in this recommended paper, guiding the reader through exploration into 

methodologies, findings, challenges, and future research opportunities in some of those critical areas of 

agricultural research [7]. 

2. Concept and Working of Decision Tree 

The decision tree can be considered a basic algorithm in machine learning for performing classification and 

regression tasks [8]. Here, one needs to construct tree-like structures in which every internal node will signify 

some features or attributes of the dataset. Every branch will signify some decisions on that feature, and every 

leaf node—all of which represent the result or prediction. This is a recursive division of a dataset into smaller 

subsets aiming to increase homogeneity with regard to input features, eventually to make a perfect prediction for 

the target variable [8].This decision tree construction strategy initially starts from a root node that consists of the 

whole dataset. At every node, it selects the best feature such that data splitting through the nodes can result in 

maximum homogeneity or purity subsets. Common metrics used in assessing subset purity are Gini impurity for 

classification tasks and variance reduction for regression tasks. A feature and a split point are chosen to 

minimize the impurity of the resulting child nodes [9]. 

 

Fig 1. Structure of Decision Tree 
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While growing, the tree continues further division of the data set into smaller subsets from the internal node 

until a stopping criterion is met. The choices for stopping criteria include allowing the tree to grow to a 

maximum depth where the tree has decided not to have any further split or the minimum number of samples per 

leaf node. It also stops division when further division does not make the subsets sufficiently purer [9].Prediction 

for new data, once the decision tree has been constructed, is done by traversing the tree from the root node to a 

leaf node based on the values of the input features. In the process of traversal, decision rules based on feature 

values at every node lead to the end until a leaf node is reached. In classification, the prediction at the leaf node 

is the majority class; in regression, it is the average target value for the instances falling into that leaf [10].One 

major advantage of decision trees is their interpretability: the structure of trees is very intuitive and can be 

pictured, so it is easy for the user to understand how the decisions are made. The contribution of features to the 

prediction of a target variable can also be derived from decision trees. This transparency, combined with their 

ease of use for non-technical stakeholders, makes them particularly useful in domains where the need for 

explanation and comprehension of the reasoning behind a particular prediction is high, such as in medical 

diagnosis or financial risk assessment [11]. 

 

Fig 2. Working of Decision Tree [ Source: ToolBox Website] 

Decision trees are prone to the problem of overfitting, mostly in scenarios when they are deep. This happens 

when the noise contained within the training data is captured. The chance of overfitting can be reduced by 

several techniques: pruning, which involves removing branches that contribute less to the predictive power; 

requiring a minimum number of samples per leaf; and ensemble methods such as Random Forests, which help 

counterbalancing overfitting issues and enhancing the generalization capacity of decision trees against unknown 

data [11].In a nutshell, decision trees are very strong, yet versatile algorithms. They remain very easy, yet 

powerful at modeling complicated boundaries of decisions and complex interactions among features. The 

capability to provide interpretable results and deal with numerical and categorical data without elaborate pre-

processing gives them a special niche in their many applications that cut across fields of study and industry 

sectors [11]. 
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3. Applications of Decision Tree 

Decision trees are versatile machine learning algorithms that find applications in almost all disciplines because 

they are interpretable and have the ability to handle many data types. What follows is information on some of 

the main applications in various domains [12]. 

Healthcare:  Decision trees are used in a wide capacity in health diagnosis and in the determination of 

prognosis. For instance, the trees identify diseases from patient data, including symptoms, case history, and test 

laboratory reports. It can identify patterns and correlations in such data to project a likelihood of disease. They 

can also be used in the prediction of patient outcomes and survival rates by inputs that include age, choices of 

treatment, and health conditions. Their interpretability allows health professionals to understand the decision-

making process, hence ensuring transparency in diagnoses and treatment recommendations [12]. 

Finance: In the financial domain, decision trees play a key role in risk management, credit scoring, and fraud 

detection. Trees are used by banks and other financial institutions to decide upon the creditworthiness of loan 

applicants based on several factors like income, employment history, and credit scores. Decision trees help in 

identifying trends that tell if there is a likelihood of default so that informed decisions concerning lending can be 

arrived at. Furthermore, decision trees are used in fraudulent activity detection by characterizing trends of 

transactions and raising flags on suspicious activity. The ability of handling large datasets in a very short time 

makes them quite suitable for fraud detection and prevention in real-time applications [13]. 

Marketing: Customer segmentation, targeting, and prediction of churning are the roles of Hajek's decision trees 

in marketing. Decision tree-based applications help the company to segment customers based on purchase 

behavior, demographics, and other preferences that a company might choose. This helps tune the marketing 

strategies for any of the customer categories requiring special treatment to increase the effectiveness of 

campaigns. The decision trees also predict customer churning by identifying scenarios that lend themselves to 

customer attrition. This provides insight into why customers churn, thus providing a business with actual 

measured effort toward targeted retention and the ability to improve retention rates and prevent customer loss 

[13]. 

Agriculture Decision trees are applied in agriculture mainly in the areas of crop disease detection, prediction of 

yield, and resource management. The farmers apply decision trees for the detection of diseases in crops by 

studying visual features from images of leaves and stems. The early detection allows for timely intervention at 

the right stage to reduce the loss of crops and increase resultant yields. Some decision trees are able to estimate 

the crop yield through analysis of soil quality, weather, and farming practices. The decision tree gives insight 

into how exactly resources should be optimally allocated to improving agricultural productivity in the search for 

sustainability [14]. 

Manufacturing:  Decision trees, in the field of manufacturing, are useful in quality control, predictive 

maintenance, and process optimization. They identify product defects by production data analysis in order to 

determine patterns associated with faults. The decision trees also run equipment failure prediction through 

sensor data analyses from machines, hence predictive maintenance that reduces downtime. They also help in 

optimizing the manufacturing process by identifying the key factors that influence the efficiency of production 

and the quality, hence helping in streamlining operations and cutting down costs [14]. 

Energy: Decision trees in the energy industry are utilized in demand prediction, fault detection, and energy 

management. Utility firms use decision trees to get the trends on energy usage from historic data and other 

external factors such as weather conditions. Reliable demand prediction can optimize energy generation with 

less waste and reliable distribution. The fault in power grids can also be detected in time, which provides time 
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for maintenance and prevents failures using decision trees that analyze sensor data. They also facilitate energy 

management by finding chances for energy savings, providing the possibility for higher efficiency overall [15]. 

Education: Decision trees have applications in education around student performance prediction, covering 

personalized learning, and dropout prevention. Decision trees predict the performance of students using 

variables such as attendance, grade, and/level of engagement. It also aids in the identification of students who 

may be lagging behind, and through the implementation of interventions targeting these students; decision trees 

further individualize learning by determining the best methods and educational resources best fitting each 

student according to their style of and approach toward learning. Further, preventing dropouts: using decision 

tree models helps identify drivers of student attrition and develop focused strategies to improve retention [15]. 

Consequently, decision trees become very powerful tools with large advantages in many different domains due 

to their ability to treat complicated datasets and produce interpretable results. Applications in healthcare, 

finance, marketing, agriculture, manufacturing, and energy institutions, as well as in education, let them be 

applied within a wide range of problems and show effectiveness in solving a variety of problems and enhancing 

decision-making processes. 

4. Decision Tree Working in Cotton Disease Detection  

Decision trees have proven to be a valuable tool in agricultural applications, particularly in the detection and 

management of cotton diseases. The ability of decision trees to handle large datasets, their interpretability, and 

their capacity to process both numerical and categorical data make them well-suited for identifying patterns and 

diagnosing diseases in crops like cotton. Here is a detailed explanation of how decision trees are used in cotton 

disease detection techniques [16]: 

Data Collection and Pre-processing: The process begins with the collection of data from cotton fields. This data 

includes various features such as environmental conditions (temperature, humidity, rainfall), soil properties, and 

images of cotton plants. The images are often pre-processed to enhance their quality and to extract relevant 

features. These features might include color, texture, shape, and size of the leaves and bolls, which are 

indicative of different diseases [16]. 

Feature Selection: Once the data is collected and pre-processed, the next step involves selecting the most 

relevant features that contribute to disease detection. Decision trees are particularly effective at this stage 

because they can handle high-dimensional data and automatically select important features. For example, in 

detecting cotton diseases, features such as leaf discoloration, spots, and wilting patterns might be critical 

indicators [16]. 

Building the Decision Tree Model: The decision tree algorithm works by recursively partitioning the dataset into 

subsets based on the values of the selected features. Each node in the tree represents a decision point based on a 

feature value, and each branch represents the outcome of the decision. The goal is to create a tree that accurately 

classifies the cotton plants into healthy or diseased categories. The process involves: 

 Root Node Selection: The entire dataset is used to determine the best feature that splits the data into 

the most homogeneous subsets. This feature becomes the root node of the tree. 

 Recursive Splitting: The dataset is then split into subsets based on the root node feature. The 

algorithm continues to select the best feature at each node to further partition the data. This process is 

recursive and continues until the stopping criteria are met, such as reaching a maximum depth or 

having a minimum number of samples per leaf [17]. 

 Leaf Nodes: The terminal nodes, or leaf nodes, represent the final classification outcome. In the case of 

cotton disease detection, these nodes indicate whether the plant is healthy or which specific disease it 

has. 
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Model Training and Evaluation:  The decision tree model is trained on a labeled dataset where the presence or 

absence of disease is known. The training process involves adjusting the tree structure to minimize classification 

errors. Once the model is trained, it is evaluated using a separate test dataset to assess its accuracy, precision, 

recall, and other performance metrics. Cross-validation techniques are often employed to ensure the model’s 

robustness and generalizability [17]. 

Interpretation and Decision-Making: One of the key advantages of decision trees is their interpretability. The 

tree structure can be visualized, allowing agronomists and farmers to understand the decision-making process. 

Each path from the root to a leaf node represents a set of rules based on feature values that lead to a disease 

diagnosis. This transparency is crucial for gaining trust and ensuring that the model’s recommendations are 

followed. 

 

Fig 3. Working of Decision Tree in ML for Cotton Disease Detection  

5. Decision Tree Applications in Cotton Disease Detection  

Decision trees have emerged as a powerful tool in the field of agriculture, particularly in the detection and 

management of cotton diseases. The interpretability, flexibility, and efficiency of decision trees make them ideal 

for applications in cotton disease detection. Here, we explore several key applications of decision trees in this 

context in detail [18]: 

A. Early Disease Diagnosis 

Application: Decision trees are used to identify the early onset of diseases in cotton plants by analyzing various 

features from data collected through visual inspections, sensors, and images. 

Details: The early detection of diseases such as bacterial blight, verticillium wilt, and cotton leaf curl virus is 

crucial for effective management and control. Decision tree models analyze features like leaf color, spots, and 
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wilt patterns to classify plants as healthy or diseased. By identifying early symptoms, farmers can take timely 

actions to prevent the spread of diseases, reducing crop losses and improving yield [18]. 

B. Precision Agriculture 

Application: Decision trees enable precision agriculture by providing site-specific disease management 

recommendations. 

Details: Precision agriculture involves tailoring agricultural practices to specific site conditions to optimize 

resource use and improve crop health. Decision trees process data on environmental conditions, soil properties, 

and plant health indicators to generate precise recommendations for pesticide application, irrigation, and 

fertilization. This targeted approach minimizes the use of chemicals, reduces costs, and enhances the 

sustainability of cotton farming [18]. 

C. Automated Disease Detection Systems 

Application: Decision trees are integral to the development of automated disease detection systems that use 

image processing and machine learning techniques. 

Details: Automated systems employ decision trees to classify images of cotton plants taken by drones or 

handheld devices. These systems analyze visual features such as leaf shape, color, and texture to detect signs of 

diseases. Decision trees help in categorizing these features into disease classes, enabling real-time monitoring 

and rapid response to emerging threats. This automation significantly reduces the labor and time required for 

manual inspections [19]. 

D. Integrated Pest Management (IPM) 

Application: Decision trees support integrated pest management strategies by identifying disease patterns and 

predicting outbreaks. 

Details: Integrated pest management aims to control pest populations through a combination of biological, 

cultural, physical, and chemical methods. Decision trees analyze historical data on pest occurrences, weather 

conditions, and crop health to predict future disease outbreaks. This predictive capability allows farmers to 

implement proactive measures, such as introducing beneficial insects or adjusting planting schedules, to mitigate 

the impact of pests and diseases [20]. 

E. Yield Prediction and Loss Assessment 

Application: Decision trees assist in predicting cotton yield and assessing potential losses due to diseases. 

Details: By analyzing factors such as plant health, disease severity, and environmental conditions, decision trees 

can estimate the potential yield of cotton crops. They also help in assessing the impact of diseases on overall 

productivity. Accurate yield predictions and loss assessments enable farmers to make informed decisions about 

resource allocation, insurance, and market strategies, thereby enhancing economic outcomes [20]. 

F. Decision Support Systems (DSS) 

Application: Decision trees form the backbone of decision support systems designed for agricultural 

management. 

Details: Decision support systems integrate data from various sources, including weather forecasts, soil sensors, 

and crop health monitors, to provide comprehensive management recommendations. Decision trees analyze this 

data to generate actionable insights on disease management, crop rotation, and field operations. These systems 

empower farmers with knowledge and tools to make better decisions, improving the efficiency and 

sustainability of cotton production [20]. 
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6. Challenges and Future Directions 

While decision trees offer significant advantages in cotton disease detection, several challenges need to be 

addressed: 

1. Data Quality and Availability: The accuracy of decision tree models depends on the quality and 

representativeness of the data. Ensuring access to high-quality, real-time data is essential for reliable 

disease detection. 

2. Model Complexity and Overfitting: Decision trees can become overly complex and prone to 

overfitting. Techniques such as pruning, cross-validation, and ensemble methods like Random Forests 

and Gradient Boosting can mitigate these issues [21]. 

3. Integration with Other Technologies: Combining decision trees with other advanced technologies, 

such as deep learning and IoT devices, can enhance their performance and robustness. Future research 

should focus on developing hybrid models that leverage the strengths of multiple techniques. 

In conclusion, decision trees are a valuable tool in the detection and management of cotton diseases. Their 

ability to process complex datasets, provide interpretable results, and support precision agriculture practices 

makes them an essential component of modern agricultural systems aimed at improving crop health and 

productivity. Through continued innovation and integration with emerging technologies, decision trees will play 

a critical role in advancing sustainable cotton farming [21]. 

7. Related Works in Cotton Disease Detection using Decision Tree 

Pratheepa, M., et al. (2011) The study addresses the global issue of crop damage caused by the cotton 

bollworm, Helicoverpa armigera. Utilizing data mining techniques, the researchers developed a prediction 

model for pest incidence based on biotic and abiotic factors. They employed decision tree analysis combined 

with Shannon information measure to identify relevant factors. The resulting classification model successfully 

handled both categorical and continuous variables. It demonstrated an 8.82% misclassification rate in testing 

data and provided more accurate classification during training. The model aims to forewarn farmers about pest 

outbreaks and identify influential factors, enabling timely pest control measures to mitigate crop loss [22]. 

Al-Hiary, H., et al. (2011) This research presents an enhanced software solution for the automatic detection and 

classification of plant leaf diseases, improving on a previous approach. The enhanced method includes 

identifying mostly green pixels using Otsu's method and masking these pixels, as well as removing pixels with 

zero red, green, and blue values and those on the boundaries of infected clusters. Experimental results show that 

this robust technique achieves a detection and classification precision between 83% and 94%, with a 20% speed 

improvement over the previous approach [23]. 

Gulhane, V. A., & Gurjar, A. A. (2011) The research focuses on identifying and diagnosing cotton leaf 

diseases by extracting various image features, such as color and shape. The study highlights the significance of 

color variations and elliptical holes on infected leaves. A self-organizing feature map and back-propagation 

neural network are used to recognize image colors, segment leaf pixels, and perform further analysis based on 

the image's characteristics [24]. 

Gurjar, A. A., & Gulhane, V. A. (2012) This study proposes a method for regularizing and extracting 

eigenfeatures from cotton leaf images. The scatter matrix is developed within-class and decomposed into 

subspaces corresponding to various diseases, such as fungal disease and leaf crumple. By analyzing thousands 

of sample images with different pixel values, eigenfeatures are modeled and evaluated. The discriminant 

analysis and feature extraction enable effective disease identification [25]. 
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Table 1. Literature Review Findings 

Author Name 

(Year) 
Main Concept Findings 

Pratheepa, M., et al. 

(2011) 

Predicting cotton bollworm 

incidence using biotic and abiotic 

factors 

Developed a classification model with 8.82% 

misclassification rate, aiding in pest forewarning 

and control. 

Al-Hiary, H., et al. 

(2011) 

Automatic detection and 

classification of plant leaf diseases 

Improved detection technique with 83%-94% 

precision and 20% speedup over previous methods. 

Gulhane, V. A., & 

Gurjar, A. A. (2011) 

Identifying and diagnosing cotton 

leaf diseases using image features 

Used feature maps and neural networks to segment 

and analyze cotton leaf images. 

Gurjar, A. A., & 

Gulhane, V. A. 

(2012) 

Extracting eigenfeatures from cotton 

leaf images for disease identification 

Developed a method for feature extraction and 

disease identification using eigenfeatures. 

The studies represent collectively, massive strides in the novel application of data mining, machine learning, and 

image processing techniques for better management of pests and diseases in agriculture. Pratheepa et al. (2011) 

presented a classification model based on decision trees that integrated the response variables of biotic and 

abiotic factors, leading to rather satisfactory prediction of cotton bollworm incidence, indicating a very low 

misclassification rate of 8.82% in the testing data and hence acting as a very important tool for forewarning and 

control of the pest. Al-Hiary et al. (2011) enhanced an automated plant leaf disease detection system to increase 

precision between 83% and 94% while improving the speed by 20% through the adoption of more sophisticated 

pixel masking techniques based on Otsu's method. On the other hand, Gulhane, V. A., & Gurjar, A. A. (2011) 

created a system that used both self-organizing feature maps and neural networks in the analysis of images of 

cotton leaves so as to recognize features specific to certain diseases, particularly the change of color or shape. 

Further, Gurjar, A. A., & Gulhane, V. A. (2012) extracted eigenfeatures and scatter matrix decomposition for 

disease identification, showing efficiency in dimensionality reduction techniques for disease diagnosis. All these 

studies point toward the potency of advanced computational techniques in making precision agriculture a reality 

by providing early detection and efficient management of pests and diseases, thereby reducing crop losses and 

ensuring better quality of yield. 

5. Conclusion 

This review has pointed out the enormous role of decision trees in detecting and managing cotton diseases. 

Decision trees provide big sweetheart advantages in early diagnosis, precision agriculture, automated disease 

detection, integrated pest management, yield prediction, and finally, decision support systems due to their 

interpretability, flexibility, and efficiency. These applications depict that decision trees, due to their flexibility 

and effectiveness, performed well against the bulk of challenges faced by cotton farmers. 

Application of decision trees in early disease detection allows for timely interventions, therefore reducing crop 

loss and improving general yields. The application of decision tree models for precision agriculture practices 

gives the capacity for executing site-specific management strategies in optimizing resource use towards 

enhanced sustainability. Fully automated decision-tree-powered crop disease detection systems offer full-time 

monitoring capabilities, therefore saving a lot of labor and time required for manual inspection. Further, 

decision trees are important in integrated pest management since they give an expectation of disease outbreak 

and thus inform prior measures. 

The application of decision trees in cotton disease detection is not devoid of challenges despite their many 

benefits. Decision trees have several challenges related to the quality of the data, the complexity of the models, 

and integration with other technologies that need to be resolved before they can be fully exploited in agriculture. 

It is possible to build reliable models only if data with high quality and real-time availability is available. Some 

of the techniques, which can reduce overfitting, are pruning or cross-validation. Ensemble methods are also 
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useful in improving the model. Further resiliency and accuracy can be brought into decision trees by eclectically 

combining them with deep learning and IoT devices. 

Decision trees thus become one of the important tools in the repertoire of modern agricultural practices aimed at 

improving crop health and productivity. Therefore, decision trees are an important tool in cotton disease 

detection and management, owing to their ability to process complex data sets and provide interpretable results. 

Decision trees will have a very significant place with continued research and advancements in technology in 

advancing sustainable cotton farming for food security and maintaining environmental stewardship. Further 

innovations and integrations of these tools into emerging technologies will drive smart agriculture, benefiting 

farmers and consumers alike in the near future. 
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