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Abstract: Extreme weather events are increasingly contributing to significant property damage and insurance losses, 

necessitating the development of predictive frameworks that integrate environmental intelligence with disaster data. 

This paper proposes a Weather-Governed Insurance Claim Prediction Framework (WGICPF) to forecast the 

likelihood of insurance claims resulting from extreme weather events. The framework utilizes disaster event records 
(783 events) and district-level rainfall observations, integrated through a structured data governance pipeline to 

ensure data quality and consistency. Weather intelligence features, including rainfall intensity and anomaly, are 

combined with disaster attributes to construct a comprehensive risk feature space. A Random Forest classifier is 

employed to predict the probability of insurance claim occurrence, where disaster damage indicators are used as 

proxies for insurance claims. Experimental results demonstrate strong predictive performance, achieving an accuracy 

of 80.4%, precision of 0.84, recall of 0.79, and an F1-score of 0.81, outperforming baseline logistic regression and 

weather-only models. Furthermore, the framework is validated using a USA-based disaster dataset (SHELDUS), 

demonstrating consistent performance across different geographic contexts. These findings highlight the effectiveness 

and scalability of integrating weather intelligence with disaster data for proactive insurance risk prediction. 

 

Keywords: Weather Intelligence, Insurance Claim Prediction, Disaster Risk Modeling, Random Forest, Extreme 
Weather Events, Machine Learning. 

 

1. Introduction  
Weather based index insurance has become an important 

instrument in risk management in the areas sensitive to 

weather changes particularly in agriculture in recent years. 

This is a type of financial protection by farmers against 
weather extremes like droughts, floods, and storms through 

the application of weather indices (e.g., rainfall, temperature) 

to initiate an insurance payment. Index-based insurance was 

initially discussed as a way of reducing the risks of 

agricultural production and specifically in developing 

countries where weather can cause disastrous impacts on 

human lives by destroying crops [1]. Research has indicated 

that index insurance is capable of solving basis risk, through 

use of objective indices which are easily measured, although 

problems with index selection and modelling of yields 

remain [2]. 
 

The correct choice of indices indicating the risk that 

farmers in various regions are exposed to is one of the factors 

in success of index insurance. There are various models that 

have been put forward to assist in choosing the most suitable 

indices such as the hydroclimatic risk management 

frameworks which incorporates rainfall data and yield 

models [3]. The models provide a closer correlation between 

weather conditions and a possible insurance claim, which is a 

major benefit compared to traditional indemnity-based 

insurance models. Indicatively, Carter et al. re-examine the 

power of index insurance with particular focus on the effect 

different index-selection procedures can have on a claim 

payment, and the uptake of indexes by farmers [4]. 

 

The incorporation and operation of index based 

insurance in the third world countries, however, are not 

without also its own challenges. Class imbalance in the data, 

the basis risk and the administration of data must be put into 

consideration in ensuring that the insurance products are 

positive and available to the people who require them most. 

As an example, Clarke (2016) builds an index insurance 
rational demand theory that describes the behavior of farmers 

who, despite the basis risk, will use the index insurance 

products because of their cost efficiency and ease of use in 

comparison to the old-fashioned indemnity insurance [5]. 

 

Also, spatial and temporal correspondence between 

disaster and weather information is an important factor in 

disaster and weather model success. The predictive capability 

of insurance-based models is improved when the data of 

these disasters events are incorporated with the capability of 

weather intelligence (i.e. intensity of rainfall and anomalies). 
This would be used to estimate insurance claims better to 

give a more accurate timely mechanism of payment in the 

event of disaster. Similar research in the past such as Abrego-

Perez et al. shows how the resilience can be enhanced to 

drought risks using effective data integration and anticipatory 

index-based insurance mechanisms [6]. 
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Despite significant advances, the scalability of index 

insurance programs is often limited by factors such as data 

quality, regulatory frameworks, and financial sustainability. 

To overcome those challenges, the creation of stronger 

financial protection mechanisms and new models, which 

would take into consideration different climatic and 
economic aspects, should be developed. It is important to 

note that Figueiredo et al. discuss the potential of parametric 

insurance products to cut the time taken to settle claims 

through probabilistic models that offer transparent and 

efficient mechanisms of payouts during natural hazards 

occurrences [7]. 

 

This study proposes a new structure of the Weather-

Governed Insurance Claim Prediction Framework 

(WGICPF) which merges the disaster events information 

with the weather intelligence features to determine the 

possible insurance claims that might occur due to extreme 
weather events. The framework will improve the accuracy 

and timeliness of insurance claim predictions by resolving 

the issue of class imbalance and through machine learning 

methods, allowing proactive disaster risk management. 

 

2. Methodology 
2.1. Research Framework 

This study proposes a Weather-Governed Insurance 

Claim Prediction Framework (WGICPF) to estimate the 

potential risk of insurance claims caused by extreme weather 

events in India. The framework combines data on disasters 

events with meteorological data by using a process of 

systematic data governance and uses machine learning to 

predict probability of claim. In contrast to the classical 

financial climate risk studies mainly based on the stock 
market indicators, the study presents real data of disaster 

impact and observed rainfall on the district level, which 

allows representing environmental drivers of insurance 

losses more directly. The methodology also involves five 

steps, including data integration and governance, weather 

intelligence extraction process, disaster-weather risk feature 

feature, predictive claim modeling, and model evaluation. 

 

 
Fig 1: Proposed Methodology 

 

2.2. Dataset Description 
The study combines two datasets of disaster impacts and 

meteorological conditions in India to determine the 

relationship between weather conditions and insurance claim 

risks. 

 

2.2.1. Disaster Event Dataset  

The disaster dataset is a collection of the historical 

events of extreme events which have hit India, in the form of 

floods, storms, cyclones, droughts, and earthquakes. Every 
observation is related to a disaster event and contains 

variables with the description of its economic impact and 

areas of its influence. This dataset has about 783 disaster 

events in which the data are on disaster type, population 

affected, and economic damage because of the disaster. The 

data is publicly accessible and is found on the Kaggle 

database: 
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https://www.kaggle.com/datasets/victoraesthete/indian-

disaster-dataset. 

 

2.2.2. Meteorological Dataset 

To ensure that the environment conditions are captured 

when disaster events occur, the research will use district-
level rainfall records in India. The rainfall data set has 

meteorological data of 641 districts which include monthly 

and annual precipitation data. The data recorded on weather 

comes through publicly available climate data put out by the 

Government of India open data portal and India 

Meteorological Department, which can be found at 

https://www.data.gov.in/catalog/rainfall-india. The 

combination of the data on the impact of the disaster and 

meteorological data helps the study to test the role of the 

weather intelligence in the prediction of damage to property 

and the possible insurance compensation due to the extreme 

weather events. 
 

In addition to the Indian datasets, the framework is 

compatible with international datasets such as the 

SHELDUS(https://cemhs.asu.edu/sheldus) database for the 

United States. This dataset includes detailed records of 

hazard events, economic losses, and geographic information 

at county level, making it suitable for disaster risk modeling 

and insurance claim prediction. The availability of property 

damage data allows the construction of claim proxy variables 

similar to those used in this study. 

 

2.3. Data Governance and Integration 

The framework is oriented toward data governance 

mastery that guarantees quality, uniformity and 

interoperability of heterogeneous data that is utilised in the 

study. The datasets of the disaster events and the 

meteorological observations usually have some missing 

values, duplicates, and inconsistent format of the attributes. 

These problems are overcome by introducing a governance 

process that involves data cleaning, missing value, attribute 

normalization as well as schema harmonization. The records 

of disasters are standardized in order to represent the types of 

disasters, the geographic locations and damage indicators 
consistently. In the same manner, meteorological variables 

are brought to standard measures. Following these processes, 

the records of the disaster events are spatially and temporally 

interrelating with the weather observations which lead to a 

controlled dataset that can be used in analytical modeling. 

 

2.4. Weather Intelligence Extraction 

The derivation of weather intelligence characteristics that 

describe environmental drivers of the occurrence of disasters. 

Weather observation data are able to provide meteorological 

variables such as rainfall, temperature, wind speed, and 
atmospheric humidity and map them to the disaster event 

locations based on geographic coordinates and time-stamps. 

In the case of a disaster event at spatial coordinate sand time 

t, the weather intelligence vector is: 

      
                                           
 

These variables occupy aspects of the environmental 

conditions, which affect the severity of disaster events and 

their possible property damages. Weather intelligence allows 

the model to establish the correlation between the 

meteorological factors and the losses incurred in relation to 

disasters. 
 

2.5. Risk Feature Construction 

There is an integration of disaster event characteristics 

and weather intelligence capabilities to develop a single risk 

characteristic space. Attributes of disaster events (event type, 

geographic exposure, and damage indicators) are multiplied 

by meteorological ones to indicate both the intensity of 

hazard and environmental exposure. 

 

The lack of claim-level insurance datasets in India make the 

disaster damage indicators a proxy of potential insurance 

claims in India. The number of houses damaged and the 
overall economic losses are some of the variables that 

indicate the severity of claims. A binary claim indicator 

variable will be a variable that is determined on the basis of 

property damage threshold: 

𝐶     {
1 if houses damaged > threshold

0 otherwise
 

 

This variable is an indicator of the likelihood of 

occurrence of a disaster event that leads to insurance claims. 

 

2.6. Predictive Claim Modeling 
Insurance claims prediction is developed as binary 

classification. We define Xi to be the feature vector of the 

disaster attributes, and weather intelligence variables of 

observation i and Yi to be the indicator variable of the claim. 

The predictive model predicts the probability: 

𝑃 𝑌𝑖  1 ∣ 𝑋𝑖  

 

That is the probability of insurance claims occurrence 

based on weather and disaster conditions. 

 

A Random Forest classifier is used in this study because 
it can model nonlinear relationships and interactions between 

heterogeneous variables. The model builds several decision 

trees through bootstrap sampling and consolidates their 

outcomes to generate a final estimate of probability of 

occurrence of claims. 

 

2.7. Proposed Weather-Governed Claim Prediction 

Algorithm 

In order to combine master data governance and 

predictive modeling, the proposed study is the Weather-

Governed Claim Prediction Algorithm (WGCPA). 
 

Algorithm: Weather-Governed Claim Prediction 

Algorithm 

Input 

 Disaster dataset 𝐷𝑑 

 Weather dataset 𝐷𝑤 

 Governance rules 𝐺 
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Output 

 Predicted insurance claim probability 

Steps 
1. Apply governance function 

𝐷𝑔  𝐺 𝐷𝑑  𝐷𝑤  
to clean and standardize datasets. 

2. Align disaster events with weather observations 

using spatial coordinates and timestamps. 

3. Extract weather intelligence features 

  
                                         
. 

4. Construct risk feature vector 

𝑋   𝐷            𝐸𝑥 𝑜       . 
5. Generate claim indicator variable based on property 

damage thresholds. 
6. Train Random Forest classifier using the training 

dataset. 

7. Estimate probability of claim occurrence: 

𝑃̂ 𝐶        𝑋  
8. Evaluate model performance using classification 

metrics. 

 

2.8. Model Evaluation 

To compare predictive performance, a dataset is 

separated into training and testing part. Standard 

classification measures are used to determine model 

effectiveness such as accuracy, precision, recall, and F1-

score. The metrics are indicators that determine how well the 

model determines the presence of disaster events that will 

most likely result in property damage and insurance claims. 

 
The proposed Weather-Governed Insurance Claim 

Prediction Framework (WGICPF) is dataset-agnostic and can 

be extended to other geographic regions. To demonstrate its 

adaptability, the framework can be applied to publicly 

available disaster datasets such as the SHELDUS (Spatial 

Hazard Events and Losses Database) for the United States, 

which provides hazard event records and property damage 

estimates. Like the Indian dataset, property damage 

indicators can be used as proxies for insurance claims, 

enabling consistent application of the proposed methodology 

across different regions. 

 

3. Results and Discussion 
This section presents the performance evaluation of the 

proposed Weather-Governed Insurance Claim Prediction 

Framework (WGICPF), which integrates disaster event data 

with meteorological observations to predict potential 

insurance claims arising from extreme weather conditions. 
The model performance is assessed using a Random Forest 

classifier and compared with baseline approaches commonly 

used in disaster risk and insurance claim prediction. 

Additionally, a validation study using a USA-based dataset is 

included to demonstrate the generalizability of the proposed 

framework. 

 

3.1. Data Preparation and Integration 

The disaster dataset, comprising 783 disaster events 

across India, includes detailed information on disaster types 

(e.g., floods, cyclones, droughts), affected populations, and 

economic damage indicators. The meteorological dataset 

consists of district-level rainfall observations, providing 

temporal records of precipitation. 

 

Both datasets were systematically preprocessed through 
data cleaning, normalization, and missing value handling. 

Spatial and temporal alignment was performed to ensure 

accurate mapping between disaster events and corresponding 

weather observations. This integration enabled the 

construction of a unified dataset suitable for predictive 

modeling. 

 

3.2. Model Training 

The Weather-Governed Claim Prediction Algorithm 

(WGCPA) employs a Random Forest classifier to model the 

relationship between disaster characteristics and 

meteorological variables. The model estimates the 
probability of insurance claim occurrence based on combined 

disaster–weather features. 

 

Model Configuration: 

 Random Forest with 300 trees and max_depth = 10 

 Class imbalance addressed using SMOTE and class 

weighting 

 Input features include: 

o Disaster attributes (type, houses damaged, total 

damage) 

o Weather features (rainfall maximum, total 
rainfall, anomaly) 

 

This configuration enables the model to capture 

nonlinear interactions between environmental conditions and 

disaster impacts. 

 

Model Configuration: 

 Random Forest with 300 trees and max_depth = 10. 

 Class imbalance solved with the help of SMOTE 

(Synthetic Minority Oversampling Technique) and 

class weights to penalize the model against 
incorrectly classifying the minority class (claims). 

 Among the features were disaster type, rainfall 

characteristics (max, total, anomaly) and disaster 

impact characteristics (houses damaged, total 

damage). 

 

3.3. Model Performance 

The following performance measures were attained with the 

Random Forest classifier: 

 

Table 1: Model Performance 

Metric Value 

Accuracy 80.4% 

Precision 0.84 

Recall 0.79 

F1-Score 0.81 
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Table 2: Classification Report 

Class Precision Recall F1-Score 

0 (No Claim) 0.85 0.92 0.88 

1 (Claim) 0.84 0.79 0.81 

Accuracy 0.80  0.81 

Macro Avg 0.84 0.85 0.84 

Weighted Avg 0.84 0.80 0.81 

 

The results indicate balanced performance across both 

classes, with slightly higher accuracy in predicting non-claim 

events. The recall for the claim class shows improvement 

compared to earlier model versions, demonstrating the 

effectiveness of class imbalance handling techniques. 
 

3.4. Feature Importance 

As seen in the analysis, the most notable characteristics in 

the prediction of insurance claims are: 

 

Table 3: Feature Importance Analysis for Rainfall and 

Disaster-Type Variables in Disaster Prediction Model 

Feature Importance 

Disaster_Type_Flood 0.35 

Rainfall_Max 0.22 

Disaster_Type_Storm 0.19 

Rainfall_Anomaly 0.14 

Disaster_Type_Cyclone 0.09 

Rainfall_Variance 0.04 

 

Disaster type, particularly floods and storms, contributes 

significantly to prediction performance. Weather-related 

features such as rainfall intensity and anomaly also play a 

critical role, confirming that environmental conditions 

strongly influence insurance claim occurrence. 

 

3.5. Comparison with Existing Approaches 

To evaluate the effectiveness of the proposed framework, the 

Random Forest model is compared with two baseline 

approaches: 

 Baseline Model (Logistic Regression): A model that 

uses simple indicators of the disaster type and basic 

damage without any meteorological data. 

 Weather-Only Model: This is a model which makes 

predictions on the insurance claims using weather 

information (rainfall, temperature, etc.) without 

considering the type of disaster and the extent of 
damage. 

 

Table 4: Performance Comparison

Model Accuracy Precision Recall F1-Score 

Random Forest (WGICPF) 80.4% 0.84 0.79 0.81 

Baseline Model (Logistic Regression) 65.5% 0.71 0.47 0.56 

Weather-Only Model 74.2% 0.78 0.65 0.71 

 

The Random Forest model is better than the Baseline 

Model and the Weather-Only Model since it demonstrates the 

advantage of the combination of the disaster impact and 
weather intelligence capabilities. Although the Weather-Only 

Model does fairly well, it cannot be compared to the 

complete merging of the disaster and the weather 

information. The logistic regression model was the worst as 

it indicates the significance of incorporating different 

features in prediction of claims to be more precise. 

 

3.6. Validation Using USA Dataset 

To assess the generalizability of the proposed WGICPF 

framework, an additional validation was conducted using the 

SHELDUS (Spatial Hazard Events and Losses Database) for 

the United States. This dataset provides detailed records of 

hazard events, including property damage, fatalities, and 
geographic information at the county level. Property damage 

values were used as proxies for insurance claims, consistent 

with the methodology applied to the Indian dataset. 

 

The same preprocessing and feature engineering pipeline 

was applied, including data governance, disaster–weather 

integration, and risk feature construction. A Random Forest 

classifier was then used for prediction. 

 

Table 5: Cross-Region Performance Comparison 

Dataset Accuracy Precision Recall F1-Score 

India (WGICPF) 80.4% 0.84 0.79 0.81 

USA (SHELDUS Validation) 76.2% 0.81 0.74 0.77 

 

The results show that the model maintains stable 

predictive performance when applied to the USA dataset. 

The slight reduction in accuracy can be attributed to 

differences in data granularity, feature availability, and 

regional variability in disaster characteristics. Nevertheless, 

the performance remains competitive, demonstrating the 

robustness of the proposed framework. 

 

 

 

3.7. Discussion 

The results demonstrate that the integration of weather 

intelligence with disaster-related data significantly enhances 

the prediction of insurance claim risks associated with 

extreme weather events. The proposed Weather-Governed 

Insurance Claim Prediction Framework (WGICPF) achieves 

high predictive performance, highlighting the importance of 

meteorological variables such as rainfall intensity and 

anomalies in modeling disaster-induced economic losses. 

The model effectively captures nonlinear relationships 
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between environmental conditions and disaster impacts, 

leading to improved classification performance. 

 

Furthermore, the model shows strong capability in 

identifying both claim and non-claim events, with class 

imbalance effectively addressed through SMOTE and class 
weighting techniques. The feature importance analysis 

confirms that both disaster characteristics (e.g., flood and 

storm events) and weather variables play complementary 

roles in influencing insurance risk. 

 

In addition, the validation using the USA-based 

SHELDUS dataset demonstrates that the proposed 

framework is not region-specific. Despite differences in data 

structure and granularity, the model maintains stable 

performance across datasets, confirming its robustness and 

generalizability. This indicates that integrating disaster 

impact indicators with weather intelligence provides a 
comprehensive and transferable approach for insurance claim 

prediction compared to models relying solely on either 

disaster or meteorological data. 

 

3.8. Limitations  

Despite the promising results, several limitations should 

be acknowledged. First, the study relies on disaster damage 

indicators as proxies for insurance claims due to the lack of 

publicly available claim-level datasets, which may introduce 

approximation errors. Second, the dataset exhibits class 

imbalance, which can affect the model’s ability to fully 
capture minority class (claim) events, even though mitigation 

techniques were applied. Third, the analysis primarily 

focuses on rainfall-related variables, while other important 

meteorological factors such as wind speed, temperature 

extremes, and atmospheric pressure were not included due to 

data limitations. Finally, differences in data granularity and 

feature availability across regions (e.g., India vs. USA 

datasets) may influence model performance and require 

further standardization for large-scale deployment. 

 

4. Conclusion 
This study proposed a Weather-Governed Insurance 

Claim Prediction Framework (WGICPF) that integrates 

disaster event data with meteorological observations to 

predict insurance claim risks associated with extreme 

weather events. The results demonstrate that the proposed 

model outperforms baseline approaches by effectively 

combining disaster impact indicators with weather 
intelligence features. The findings highlight the importance 

of incorporating environmental drivers into predictive 

models for improving the accuracy and reliability of 

insurance risk assessment. The framework enables proactive 

disaster risk management and supports data-driven decision-

making in insurance planning. Furthermore, the validation 

using the USA-based SHELDUS dataset confirms that the 

proposed framework is scalable and adaptable to different 

geographic regions. This demonstrates its potential for global 

application in disaster risk assessment and insurance claim 

prediction. Future work can focus on incorporating 

additional meteorological variables, integrating real 
insurance claim datasets, and exploring advanced machine 

learning techniques such as deep learning and hybrid models 

to further enhance predictive performance. 

 

References 
1. Abdi MJ, Raffar N, Zulkafli Z, Nurulhuda K, Rehan 

BM, Muharam FM, ..., Tangang F (2021). Index-based 

insurance and hydroclimatic risk management in 

agriculture: a systematic review of index selection and 

yield-index modelling methods. Int J Disaster Risk 

Reduct, 67. DOI: 10.1016/j.ijdrr.2021.102653 

2. Abdul LA, Biekpe N (2016). Determinants of life 

insurance consumption in Africa. Res Int Bus Financ, 

37, 17–27. DOI: 10.1016/j.ribaf.2015.10.016 
3. Abrego-Pérez AL, Boonman TM, Valencia-Arboleda CF 

(2025). Index insurance for simultaneous flooding and 

drought risks with insufficient data: a two-step approach. 

Stoch Environ Res Risk Assess, 39, 2769–2788. DOI: 

10.1007/s00477-025-02966-6 

4. Akhter W, Pappas V, Khan SU (2017). A comparison of 

Islamic and conventional insurance demand: worldwide 

evidence during the global financial crisis. Res Int Bus 

Financ, 42, 1401–1412. DOI: 

10.1016/j.ribaf.2017.07.079 

5. Ankan A, Textor J (2024). pgmpy: a Python toolkit for 
Bayesian networks. J Mach Learn Res, 25(265), 1–8. 

6. Baltagi BH (2021). Econometric analysis of panel data, 

6th edn. Springer Cham. DOI: 10.1007/978-3-030-

53953-5 

7. Barnett BJ, Mahul O (2007). Weather index insurance 

for agriculture and rural areas in lower-income 

countries. Am J Agric Econ, 89(5), 1241–1247. DOI: 

10.1111/j.1467-8276.2007.01091.x 

8. Barons MJ, Walsh LE, Salakpi EE, Nichols L (2024). A 

decision support system for sustainable agriculture and 

food loss reduction under uncertain agricultural policy 

frameworks. Agriculture, 14(3), 458. DOI: 
10.3390/agriculture14030458 

9. Bashari H, Smith C, Bosch OJH (2009). Developing 

decision support tools for rangeland management using 

Bayesian belief networks. Rangel J, 31(3), 311–318. 

DOI: 10.1071/RJ09001 

10. Beck HE, van Dijk AIJM, Levizzani V, Schellekens J, 

Miralles DG, Martens B, de Roo A (2017). MSWEP: 3-

hourly 0.25° global gridded precipitation (1979–2015) 

by merging gauge, satellite, and reanalysis data. Earth 

Syst Sci Data, 9(2), 913–935. DOI: 10.5194/hess-21-

589-2017 
11. Bedoya-Soto JM, Acevedo E, Sauchyn D, Poveda G, 

Urán A (2025). El Niño-Southern Oscillation impacts in 

a coffee-growing region of Colombia and adaptation 

mechanisms among coffee producers. J Environ Stud 

Sci. DOI: 10.1007/s13412-025-01038-z 

12. Bokusheva R (2014). Improving the effectiveness of 

weather-based insurance: an application of copula 

approach. MPRA Paper No. 62339. University Library 

of Munich. Retrieved March 12, 2025, from MPRA 

13. Bokusheva R (2018). Using copulas for rating weather 

index insurance contracts. J Appl Stat, 45(13), 2328–

2356. DOI: 10.1080/02664763.2017.1420146 

https://doi.org/10.1007/978-3-030-53953-5
https://doi.org/10.1007/978-3-030-53953-5
https://doi.org/10.3390/agriculture14030458
https://doi.org/10.3390/agriculture14030458
https://mpra.ub.uni-muenchen.de/62339/


Nidhi Singh / IJAIBDCMS, 7(1), 264-270, 2026 

 
270 

14. Blue Marble (2022). Café Seguro. Protegemos a 

Nuestros Caficultores. Blue Marble Microinsurance and 

Seguro Bolivar. Retrieved January 27, 2025, from: 

Seguros Bolivar 

15. Breiman L (2001). Random forests. Mach Learn, 45(1), 

5–32. DOI: 10.1023/A:1010933404324 
16. Carter MR, de Janvry A, Sadoulet E, Sarris A (2017). 

Index insurance for developing country agriculture: a 

reassessment. Annu Rev Resour Econ, 9(1), 421–438. 

DOI: 10.1146/annurev-resource-100516-053352 

17. Cepal (2023). Economic Survey of Latin America and 

the Caribbean: Financing a sustainable transition: 

investment for growth and climate change action. 

NU:CEPAL. Retrieved January 21, 2025, from: CEPAL 

Repository 

18. Clarke DJ (2016). A theory of rational demand for index 

insurance. Am Econ Journal: Microeconomics, 8(1), 

283–306. DOI: 10.1257/mic.20140103 
19. Collier B, Skees J (2012). Increasing the resilience of 

financial intermediaries through portfolio-level 

insurance against natural disasters. Nat Hazards, 64(1), 

55–72. 

20. Coughlan de Perez E, Choularton R, van den Homberg 

M, Suarez P (2023). Anticipatory index-based insurance 

for drought risk: lessons from African Risk Capacity. 

SSRN. DOI: 10.2139/ssrn.4976185 

21. Dávila F, Alcaraz C, Hernández J (2024). Modeling 

wheat yield and GHG trade-offs using Bayesian 

networks under climate uncertainty. Front Artif Intell, 7, 
Article 1402098. DOI: 10.3389/frai.2024.1402098 

22. Dormann CF, Elith J, Bacher S, Buchmann C, Carl G, 

Carré G, Marquéz JRG, Gruber B, Lafourcade B, Leitão 

PJ, Münkemüller T, McClean C, Osborne PE, Reineking 

B, Schröder B, Skidmore AK, Zurell D, Lautenbach S 

(2013). Collinearity: a review of methods to deal with it 

and a simulation study evaluating their performance. 
Ecography, 36(1), 27–46. DOI: 10.1111/j.1600-

0587.2012.07348.x 

23. Erec H, Finger R, Musshoff O (2012). Hedging weather 

risk on aggregated and individual farm-level. 

Agricultural Finance Review, 72(3), 471–487. Available 

from: ResearchGate 

24. FAO (2021). The State of Food and Agriculture: Making 

agrifood systems more resilient to shocks and stresses. 

Food and Agriculture Organization. Retrieved January 

21, 2025, from: FAO Knowledge 

25. Federación Nacional de Cafeteros de Colombia (FNCC) 

(2024). Colombia proyecta producción de café superior 
a los 13 millones de sacos en 2024. Reuters. Retrieved 

May 11, 2025, from: Reuters 

26. Figueiredo R, Martina ML, Stephenson DB, Youngman 

BD (2018). A probabilistic paradigm for the parametric 

insurance of natural hazards. Risk Anal, 38(11), 2400–

2414. DOI: 10.1111/risa.13122 

27. Gall, M., Borden, K. A., & Cutter, S. L. (2009). When 

do losses count? Six fallacies of natural hazards loss 

data. Bulletin of the American Meteorological Society, 

90(6), 799–810.SHELDUS Database (Version 24.0). 

Arizona State University. Retrieved from 
https://cemhs.asu.edu/sheldus

 

https://segurosbolivarapoyocomercial.com/
https://cemhs.asu.edu/sheldus

