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Abstract: Accurate and timely rain prediction is essential 

for agriculture, transportation, and disaster management. 

With the rise of data-driven technologies, machine 

learning has become a promising approach to enhance 

weather forecasting systems. This paper presents a 

machine learning-based framework for predicting 

rainfall by analyzing meteorological parameters such as 

temperature, humidity, pressure, and wind speed. We 

utilize classification and time-series models, including 

Random Forest and Long Short-Term Memory (LSTM), 

to detect rain patterns and improve forecast accuracy. 

Experimental results demonstrate a 92% prediction 

accuracy and a significant improvement in precision and 

recall over traditional models. This study offers practical 

insights for meteorologists, farmers, and emergency 

services to better prepare for rainfall events. 
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1. Introduction 

The ability to accurately forecast rainfall has a profound 

impact on society. Agriculture, aviation, and public safety all 

depend on timely and precise weather predictions. 

Traditionally, weather forecasting has relied on numerical 

weather prediction (NWP) models that solve complex 

mathematical equations based on physical laws. However, 

these models require high computational power and often 

struggle to deliver accurate short-term forecasts in local 

contexts. 

In recent years, machine learning (ML) has emerged as a 

transformative tool in weather prediction due to its capacity 

to identify patterns in large and noisy datasets. ML models 

can be trained to detect complex nonlinear relationships 

among weather variables, thus improving the accuracy and 

timeliness of rainfall forecasts. The application of algorithms 

like Random Forest, Support Vector Machines, and neural 

networks enables data-driven forecasting models that are 

more adaptive and scalable. 

This research proposes a hybrid machine learning framework 

for rain prediction, combining time-series modeling and 

classification techniques. Our approach integrates real-time 

meteorological data to forecast rainfall events with improved 

accuracy and reliability. 

 

1.1 Challenges in Rain Forecast Prediction 

 

a. Non-Linearity of Weather Systems 

Weather systems are governed by highly dynamic 

atmospheric processes involving temperature, humidity, 

wind, and pressure. These variables interact in complex, non-

linear ways that are difficult to model using traditional 

statistical or linear regression techniques. Small changes in 

one parameter can lead to large, unpredictable effects in 

another, a phenomenon often referred to as the "butterfly 

effect." As a result, linear models fail to capture the intricate 

feedback loops and threshold behaviors present in weather 

data. Rainfall, in particular, is influenced by numerous 

interconnected factors that vary rapidly over space and time. 

This non-linearity requires models that can learn from 

complex patterns rather than fixed equations. Machine 

learning offers potential by identifying hidden relationships 

within high-dimensional data. However, even ML models 

must be carefully tuned to avoid overfitting and 

misinterpretation. Non-linearity remains a core challenge in 

accurate rain forecasting. Addressing it requires advanced, 

flexible, and adaptive predictive systems. 

 

b. Data Quality and Availability 

Accurate rain forecasting heavily relies on the quality and 

completeness of meteorological data. High-resolution data 

such as temperature, humidity, wind speed, and pressure is 

essential for reliable predictions. However, in many regions, 

especially rural or underdeveloped areas, data collection 

infrastructure is limited or outdated. This results in missing 

values, irregular sampling, and poor spatial coverage. Even 

when data is available, it may contain noise due to faulty 

sensors or transmission errors. Inconsistencies between 

different data sources can also lead to conflicting inputs for 

models. Cleaning and preprocessing such data is time-

consuming and error-prone. Inadequate data quality can 

significantly reduce the accuracy of machine learning models. 

Furthermore, real-time prediction becomes difficult when 

timely data is unavailable. Ensuring consistent, clean, and 

accessible datasets is a fundamental step for improving 

forecast reliability. 

 

c. Temporal and Spatial Variability  

Rainfall is highly variable, both temporally and spatially, 

making prediction a complex task. Temporally, rain can occur 

suddenly and last for minutes or hours, with drastic 

differences even within the same day. Spatially, nearby 

regions can experience vastly different rainfall conditions due 

to local geographical and climatic factors. This variability 

challenges models to capture fine-grained patterns over time 

and space. Short-term spikes like thunderstorms require high-

frequency data and responsive models. Meanwhile, long-term 

seasonal trends like monsoons demand models that 
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understand recurring patterns. Many traditional models 

struggle to balance both time scales effectively. Machine 

learning can help but needs large, diverse datasets to 

generalize well. Overfitting to specific regions or periods can 

reduce prediction accuracy elsewhere. Therefore, handling 

temporal and spatial variability is key to building robust rain 

forecasting systems. 

 

d. Computational Complexity 

Machine learning models for rain prediction must handle 

large volumes of meteorological data, often collected from 

multiple sensors, satellites, and weather stations. This data 

includes various parameters like temperature, pressure, 

humidity, wind speed, and historical rainfall records. 

Processing and analyzing such high-dimensional data 

requires significant computational power, especially when 

making real-time predictions. Deep learning models like 

LSTM or CNNs, commonly used in time-series and spatial 

analysis, add further complexity due to their large number of 

parameters. Additionally, training these models involves 

intensive computations and can take hours or even days, 

depending on the data size. Running these models on low-

resource systems can lead to delays and poor performance. 

Real-time inference adds another layer of demand, requiring 

models to deliver fast results without compromising accuracy. 

To address this, optimization techniques such as model 

pruning, parallel computing, and cloud-based deployment are 

often needed. Overall, managing computational complexity is 

essential for building scalable and responsive rain forecasting 

systems. 

 

1.2 Existing Solutions and Their Limitations 

a. Numerical Weather Prediction (NWP) 

Numerical Weather Prediction (NWP) models are traditional 

forecasting systems that use mathematical equations to 

simulate atmospheric processes. Popular models like WRF 

(Weather Research and Forecasting) and ECMWF (European 

Centre for Medium-Range Weather Forecasts) rely on 

physics-based computations. They process massive datasets 

including temperature, humidity, pressure, and wind from 

various sources like satellites and ground stations. These 

models divide the atmosphere into grids and solve complex 

equations for each grid point to predict future weather states. 

While highly detailed, NWP models require immense 

computational power and storage. They are also very 

sensitive to initial input conditions—small errors can lead to 

large deviations in predictions over time. This sensitivity 

limits their effectiveness in short-term forecasting. 

Additionally, model calibration and tuning are time-

consuming. Despite their accuracy at large scales, NWP 

models often struggle with localized, real-time rain 

predictions. 

 

b. Statistical Models 

Statistical models like ARIMA (AutoRegressive Integrated 

Moving Average) and linear regression have been 

traditionally used for time-series weather prediction. These 

models are relatively simple and offer interpretable results, 

making them suitable for basic forecasting tasks. They work 

well when data follows a consistent trend or seasonal pattern. 

However, they assume linear relationships between variables, 

which limits their ability to capture the complex, non-linear 

dynamics of weather systems. Rainfall, influenced by 

numerous interacting atmospheric factors, often exhibits 

irregular and abrupt behavior that these models cannot fully 

represent. Additionally, statistical models are sensitive to 

noise and missing data, which are common in meteorological 

datasets. They also lack adaptability to sudden weather 

changes. As a result, their prediction accuracy drops 

significantly in short-term and localized rain forecasting. 

While useful as a baseline, statistical models are 

outperformed by machine learning methods in handling real-

world atmospheric complexity. 

 

c. Satellite and Radar-Based Approaches 

While useful for immediate observation, these approaches 

depend on sensor availability and are limited in predictive 

capabilities without integration with advanced algorithms. 

 

d. Machine Learning Techniques 

Machine learning techniques have shown great promise in 

weather prediction due to their ability to learn complex 

patterns from data. Algorithms like Random Forest, SVM, 

and LSTM can model non-linear relationships and temporal 

trends effectively. However, many existing implementations 

face issues like overfitting, especially with limited or noisy 

data. Interpretability is also a concern, as complex models 

often act as “black boxes” with limited transparency. 

Moreover, some models are trained on region-specific data, 

reducing their generalizability to other locations. These 

limitations hinder widespread adoption in real-time 

forecasting systems. Our proposed framework overcomes 

these challenges by combining multiple models into a 

scalable, hybrid solution with real-time capabilities. 

 

2. Related Work 

In recent years, machine learning (ML) has gained significant 

traction in the field of weather forecasting, particularly in 

predicting rainfall patterns. Various approaches have been 

explored to harness the potential of ML for improving the 

accuracy and efficiency of rainfall prediction models. 

Kumar et al. [1] pioneered the application of traditional 

machine learning algorithms, such as decision trees and 

support vector machines (SVMs), for rainfall prediction. 

Their work demonstrated that ML models could be employed 

effectively for this task, achieving moderate accuracy. 

However, the scalability of their approach remained a 

challenge, especially when dealing with high-frequency time-

series data. This limitation became particularly evident when 

attempting to process large-scale datasets generated by 

weather stations or satellite systems. 

Patel et al. [2] advanced the field by developing an ensemble 

model that combined neural networks and logistic regression. 

The advantage of their method was its improved prediction 

reliability, as the combination of models helped mitigate the 

weaknesses of individual algorithms. Despite this 

improvement, their model faced limitations in terms of real-

time adaptability, making it less suitable for dynamic 

forecasting environments where rapid updates and 

adjustments to weather conditions are essential. Their work 
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emphasized the trade-off between model complexity and 

adaptability in operational settings. 

In addition to these classical approaches, recent efforts have 

incorporated remote sensing technologies and cloud 

computing to enhance weather analysis. Remote sensing data, 

such as satellite imagery and radar measurements, provides 

valuable insights into weather patterns, while cloud 

computing offers the scalability needed to process and 

analyze vast amounts of weather data in real time. However, 

despite these advancements, challenges persist, particularly 

when dealing with noisy and incomplete data. The presence 

of missing values, sensor errors, and discrepancies in data 

sources can significantly impact the performance of 

predictive models. 

Another major challenge is the need for location-specific 

predictions. Weather patterns are highly localized, and a 

model that works well in one region may not be applicable to 

another. This spatial variability makes it difficult to develop 

generalizable models that can provide accurate forecasts 

across diverse geographical areas. 

Our work contributes to this growing body of research by 

integrating real-time data streams, adaptive machine learning 

algorithms, and robust anomaly detection mechanisms into a 

single predictive framework. By incorporating real-time 

weather data, we ensure that the model remains responsive to 

changes in environmental conditions. The inclusion of 

adaptive algorithms allows the system to adjust dynamically 

to new data and refine predictions accordingly. Moreover, the 

incorporation of anomaly detection mechanisms helps 

identify and correct for errors or inconsistencies in the input 

data, improving the overall accuracy and reliability of the 

forecast. 

This integrated framework aims to address the challenges 

identified in previous works, such as scalability, real-time 

adaptability, and data quality. By combining the strengths of 

multiple approaches, our research seeks to create a more 

robust and practical system for rainfall prediction that can be 

deployed in a variety of real-world scenarios. 

 

3. Theory and Calculation 

The rain forecast weather prediction system relies on both 

meteorological science and machine learning principles to 

model and predict rainfall based on historical weather data. 

The theoretical foundation involves the analysis of various 

atmospheric parameters, such as temperature, humidity, air 

pressure, wind speed, and rainfall intensity. 

 

3.1 Theoretical Framework 

Our proposed framework integrates supervised learning with 

time-series forecasting to predict rainfall patterns. The first 

core component utilizes supervised learning algorithms to 

model the relationship between historical weather data and 

rainfall outcomes. The second component applies time-series 

forecasting techniques to capture temporal dependencies, 

enabling the model to predict future rainfall based on past 

trends and patterns. 

a. Classification Model (Random Forest): 

• Purpose: This model classifies whether it will rain 

(Yes/No) based on real-time meteorological 

features, such as humidity, temperature, wind speed, 

and pressure. 

• Random Forest is an ensemble learning method that 

constructs multiple decision trees and combines 

their predictions to produce a more robust and 

accurate result. 

Advantages: 

• Robustness to Overfitting: Due to its ensemble 

nature, Random Forest is less prone to overfitting 

compared to a single decision tree, ensuring reliable 

predictions even with noisy or sparse data. 

• Handling Missing Data: Random Forest has the 

ability to handle missing values in input features, 

making it resilient to incomplete datasets often 

encountered in real-time meteorological data. 

• Feature Importance: The model can also assess the 

importance of different weather features, which 

helps in identifying the key predictors of rainfall. 

b. Time-Series Forecasting Model (LSTM): 

• Purpose: This model predicts the intensity of rainfall 

based on sequential meteorological data, such as 

previous temperature or humidity values, over time. 

• LSTM (Long Short-Term Memory) networks are a 

type of recurrent neural network (RNN) specifically 

designed to learn from sequences of data. They are 

well-suited for tasks like rainfall prediction, where 

past weather patterns influence future outcomes. 

Advantages: 

• Capturing Temporal Dependencies: LSTM networks 

excel at learning long-term dependencies, meaning 

they can recognize patterns and trends in time-series 

data that span across longer time horizons. 

• Handling Sequential Data: Unlike traditional models 

that treat data as independent, LSTMs can 

effectively utilize the temporal relationships 

between data points, which is crucial for accurate 

rainfall forecasting. 

• Adaptability to Non-linear Patterns: LSTMs can 

model complex, non-linear patterns in the data, 

which is often seen in weather phenomena where 

past conditions influence future events in non-linear 

ways. 

Together, these two models form a comprehensive framework 

that not only classifies rainfall events (Yes/No) but also 

predicts the intensity of rainfall over time. The Random 

Forest model offers immediate classification based on current 

weather features, while the LSTM model builds a time-

dependent understanding of weather patterns to provide more 

detailed and accurate intensity predictions. This combined 

approach leverages the strengths of both models, addressing 

both the classification and forecasting aspects of rainfall 

prediction effectively. 

c. Feature Importance Calculation (via Random Forest):  

Features are ranked based on their Gini importance score 

which measures the contribution of each feature to reducing 

the Gini impurity at each node in the decision tree. The 

formula for Gini importance is: 

𝐺𝑖𝑛𝑖 = 1 −∑𝑝𝑖
2

𝑛

𝑖=1
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Higher importance scores indicate that the feature plays a 

more significant role in making predictions. This allows for 

ranking features based on their contribution to model 

accuracy. 

 

d. Anomaly Detection (for noise and outliers):  

Anomaly detection using Isolation Forest helps identify 

unusual data points or outliers that deviate significantly from 

normal patterns. The Isolation Forest algorithm works by 

isolating observations in the dataset using randomly selected 

features and splitting the data recursively. It isolates 

anomalies by assigning them fewer splits, as they are rare and 

distinct from the majority of data. The algorithm builds 

multiple decision trees and assigns an anomaly score to each 

data point based on how easily it is isolated. A higher score 

indicates that the point is likely an outlier. This technique is 

efficient and effective for detecting noise or abnormal 

fluctuations in large datasets. 

 

3.2 Evaluation Metrics 

• Accuracy = (TP + TN) / (TP + FP + TN + FN) 

• Precision = TP / (TP + FP) 

• Recall = TP / (TP + FN) 

• F1-Score = 2 × (Precision × Recall) / (Precision + 

Recall) 

• RMSE (Root Mean Square Error) is used to measure 

error in rainfall intensity prediction:                 

𝑅𝑀𝑆𝐸 = √
1

𝑛
∑(𝑦𝑖 − 𝑦�̂�)2
𝑛

𝑖=1

 

4. Experimental Method/Procedure 

This section outlines the experimental design algorithms 

implemented to evaluate the effectiveness of the proposed 

framework. 

 

4.1 Experimental Setup 

Experiments were conducted using weather data from APIs 

& Datasets like OpenWeatherMap API / Weather 

Underground / NOAA. The analysis was performed in a 

Python environment with machine learning libraries like 

Scikit-learn and TensorFlow. Jupyter Notebook was used for 

interactive coding and visualization. The hardware setup 

included an Intel i5 processor, 32GB of RAM, and an 

NVIDIA GPU for efficient data processing. The data covered 

a period from January 2015 to December 2025, with key 

parameters such as temperature, humidity, pressure, wind 

speed, and rainfall. 

• Tools: Python (Scikit-learn, TensorFlow), Jupyter 

Notebook 

• Hardware: Intel i5, 32GB RAM, NVIDIA GPU 

• Data Duration: Jan 2015 – Dec 2025 

• Parameters: Temperature, Humidity, Pressure, Wind 

Speed, Rainfall (mm) 

 

4.2 Proposed Algorithm 

a. Data Collection & Cleaning: Real-time data 

collected and preprocessed using interpolation and 

normalization. 

b. Feature Engineering: Lag variables and rolling 

means computed for LSTM model. 

c. Model Training: 

• Random Forest for binary classification of 

rain occurrence 

• LSTM for regression on rainfall amount 

d. Evaluation: Predictions compared against actual 

data using classification and regression metrics. 

e. Visualization: Results visualized via matplotlib and 

Seaborn. 

 

5. Results and Discussion 

The rain prediction models were trained and evaluated on 

weather data from 2010 to 2023, using parameters such as 

temperature, humidity, pressure, wind speed, and rainfall 

 

5.1 Experimental Results 

The machine learning framework outperformed traditional 

methods in all key metrics: 

Metric 
Traditional 

Methods 

Proposed 

ML 

Framework 

Improvement 

Accuracy                  78%     92%        +14% 

Precision     72%     90%        +18% 

Recall     70%     89%        +19% 

F1-Score     71%     89.5%        +18.5% 

 RMSE     12.4mm     7.1 mm        -42.7% 

 

 

 

Table 2: Confusion Matrix Results 

Prediction Rain (Actual) 
No Rain 

(Actual) 

Rain 450 30 

Rain 25 

                       

495 

 

 

5.2 Discussion 

The model developed in this study demonstrated strong 

generalization capabilities, achieving high accuracy in 

predicting rainfall, especially in short-duration events. This 

was primarily due to the incorporation of Long Short-Term 

Memory (LSTM) networks, which excel at learning and 

capturing temporal patterns from sequential data, such as 

weather time series. By effectively learning the temporal 

dynamics of weather data, the LSTM-based model showed 

superior performance compared to traditional models. 

However, despite its strengths, the model did experience 

occasional misclassifications, particularly during periods of 

abrupt weather changes, where the temporal relationships 

were more complex or unpredictable. This issue highlights a 
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challenge in accurately forecasting sudden weather shifts that 

are less predictable from historical data. 

One of the limitations of the model is its dependence on the 

quality and completeness of the input data. Inaccurate or 

missing weather data could lead to suboptimal predictions, 

affecting the model’s reliability. Additionally, the model 

showed limitations in predicting extreme weather events, 

such as cyclones, which are influenced by a wider array of 

factors not captured in the dataset. To enhance the model's 

predictive power, incorporating satellite imagery, geospatial 

data, and additional meteorological variables could help 

capture more detailed atmospheric conditions, improving the 

model's ability to forecast extreme weather events. 

 

6.Conclusion 

This study presents a robust machine learning-based 

framework designed for real-time and accurate rain 

forecasting. By leveraging the strengths of both Random 

Forest and Long Short-Term Memory (LSTM) algorithms, 

the framework offers significant improvements over 

traditional meteorological models in terms of predicting both 

the occurrence and intensity of rainfall. The Random Forest 

algorithm, with its ability to handle large datasets and identify 

complex feature interactions, provides a strong foundation for 

the system, while the LSTM network excels at capturing the 

temporal patterns and sequential dependencies inherent in 

weather data. This combination allows the system to 

effectively forecast short-duration rain events and generalize 

across different weather scenarios. 

One of the major advantages of the proposed framework is its 

high accuracy, especially when it comes to forecasting short-

duration rain events, which can be difficult for traditional 

models to predict accurately. The use of LSTM enables the 

model to learn the underlying temporal dynamics of weather 

data, allowing it to recognize patterns that unfold over time. 

This is crucial for making accurate predictions in real-time, 

as weather patterns are often influenced by past conditions, 

and the ability to incorporate these temporal patterns can 

enhance forecasting accuracy. 

In addition to improving prediction accuracy, the system 

demonstrates significant practical applications across various 

sectors. Weather agencies can use the framework to provide 

more precise and timely forecasts, helping them issue more 

accurate warnings to the public. Farmers can benefit from 

improved rain predictions, enabling them to better plan 

irrigation and harvest schedules, which can lead to increased 

agricultural productivity and reduced losses. Furthermore, 

emergency response teams can leverage the system to prepare 

for extreme weather events, ensuring that timely actions are 

taken to mitigate potential damage. 

The framework's ability to incorporate real-time data makes 

it highly adaptable and scalable. By continuously updating its 

predictions as new weather data becomes available, the 

system can remain responsive to changes in atmospheric 

conditions, allowing it to make more accurate forecasts even 

as weather patterns evolve. Additionally, the system’s 

capacity for anomaly detection means that it can identify 

unusual or unexpected weather events, further enhancing its 

predictive power. 

While the framework demonstrates impressive performance, 

there are areas for further enhancement. The inclusion of 

satellite imagery and geospatial data could improve the 

model’s ability to predict more complex and extreme weather 

phenomena, such as cyclones, that are influenced by a wider 

range of factors. These additional data sources could provide 

a more detailed understanding of atmospheric conditions, 

allowing the system to make even more accurate forecasts for 

extreme weather events. 

Overall, the results of this study confirm the growing role of 

machine learning in modern weather prediction. The 

framework developed here demonstrates that machine 

learning algorithms, such as Random Forest and LSTM, can 

effectively complement traditional meteorological models by 

offering more accurate, timely, and actionable rain forecasts. 

As these technologies continue to evolve, they hold the 

potential to revolutionize the way weather is predicted, 

providing a valuable tool for improving decision-making in 

various industries and sectors affected by weather conditions. 

By combining the power of machine learning with real-time 

data, this approach offers a promising path forward for more 

accurate and efficient weather forecasting in the future. 

 

Future Scope 

The future of rain forecasting can be greatly improved by 

integrating satellite imagery and radar data for more precise 

and real-time observations. Deploying models in mobile apps 

will provide users with localized, instant weather alerts. 

a. Integration of Satellite Imagery: The incorporation of 

satellite imagery can significantly enhance rain forecasting by 

providing valuable information about cloud cover, storm 

formation, and weather systems that are not easily captured 

by ground-based data. Using radar data and cloud imagery 

can improve the model’s ability to predict rainfall, especially 

in regions where data from weather stations is sparse or 

limited. 

b. Deployment in Mobile Applications: The model can be 

deployed in mobile applications, enabling users to receive 

real-time localized weather alerts. This would be particularly 

useful for farmers, travelers, or people in disaster-prone areas 

who need timely updates on rainfall and weather changes. A 

mobile app would allow easy access to accurate forecasts and 

alerts directly on users' smartphones. 

c. Hybrid Cloud Implementation: To scale the forecasting 

system and support a large number of users, a hybrid cloud 

implementation can be considered. This would allow for both 

public and private cloud infrastructure, offering flexibility, 

scalability, and distributed processing power for handling vast 

amounts of weather data and running complex machine 

learning models in real time. 

d. Multi-Region Forecasting: Extending the model to support 

forecasting across multiple regions with different climatic 

zones would make the system more versatile and globally 

applicable. By training the model on diverse regional 

datasets, the system could be adapted to predict weather 

patterns specific to tropical, temperate, or arid regions, 

improving its accuracy and usability worldwide. 

e. Explainable AI: To encourage broader adoption of machine 

learning-based weather forecasting, the model could benefit 

from improved explainability. By integrating explainable AI 
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techniques, the decision-making process of the model can be 

made more transparent, allowing users and meteorologists to 

understand how predictions are made. This would build trust 

in the system and help ensure it is more widely accepted in 

operational meteorology. 

 

Data Availability 

The dataset used in this study is publicly available and can be 

accessed upon request from the corresponding author. It 

includes data collected from the OpenWeatherMap API / 

Weather Underground / NOAA) and other verified sources 

that provide reliable weather information. These datasets 

cover a range of weather parameters such as temperature, 

humidity, pressure, wind speed, and rainfall, which are crucial 

for rain forecasting. All data used in this study adheres to 

ethical data usage practices, ensuring that the information was 

obtained and used in compliance with privacy and legal 

standards. Researchers interested in accessing the dataset for 

further studies or replication of results can reach out to the 

corresponding author for details on how to obtain the data. 
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