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Abstract 

Kiva is the first crowdfunding platform to provide non-profit private to private 
microfinance in the world, which is committed to providing microfinance to 
entrepreneurs in developing countries to achieve the goal of poverty eradication. In 
recent years, more and more enterprises have developed Kiva's operation mode in China. 
Predicting the success of crowdfunding projects before or after they are released will 
help to improve the success rate of crowdfunding projects and reduce unnecessary labor 
costs. In this paper, 213500 Kiva platform crowdfunding project data are collected and 
integrated, and the two classification prediction model of GBDT is constructed. The 
results show that the accuracy, precision, recall rate, F1 score and AUC value of the model 
are more than 0.95. Through comparative verification, it is concluded that the kiva 
crowdfunding project classification prediction model based on GBDT is better than LR, 
DT, KNN, RF, XGBoost and LightGBM methods in AUC value, and the prediction result is 
ideal. This prediction method is helpful for project sponsors, investors and 
intermediaries to predict crowdfunding projects The results of financing. 
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1. Introduction 

In recent years, with the rapid development of Internet and modern information technology, 
crowdfunding, as one of the mainstream ways of Internet financing, has been popular with 
many initiators, investors and intermediaries since the earliest crowdfunding website artist 
share was launched in 2001[1], and has been developing rapidly worldwide[2]. Kleemann[3] 
first defined crowdfunding, that is, crowdfunding is a way of public raising funds through the 
Internet, providing financial support for projects with specific purposes through donation, pre 
purchase of goods or the right to other returns. 

Crowdfunding can be classified into donation crowdfunding, reward crowdfunding, creditor's 
rights crowdfunding and equity crowdfunding according to the investment return mode[1,4]. 
The data used in this paper are from the small loan crowdfunding project based on Kiva 
platform, which belongs to creditor crowdfunding. Microfinance is a continuous lending service 
with a small amount of money provided to low-income groups or micro enterprises, which can 
be provided by financial institutions, microfinance institutions or organizations. Its basic 
characteristics are non mortgage, small amount, short term and service for the poor. Ashta and 
ASSADI[5] have discussed the difference between the legal design of the Internet website and 
the European microfinance website. Kiva is an international non-profit organization founded 
in 2005, headquartered in San Francisco, with employees all over the world. Its mission is to 
expand financial channels and help the development and growth of areas with financial services 
lacking. Kiva funds underserved areas through crowdfunding to improve the quality of financial 
services and address potential barriers to global financial services. Through Kiva's work, 
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students can pay for tuition, farmers can invest in equipment, and families can afford the 
emergency care they need. So far, Kiva platform has provided more than $1.4 billion in loans to 
more than 80 countries, and provided financial support for more than 3 million borrowers and 
1.8 million borrowers, with a repayment rate of 96.8%. 

Because the success of crowdfunding projects is affected by many factors, not all the sponsors 
of crowdfunding projects can get the target amount as they wish. Under the kiva platform rules, 
projects that do not meet the target amount will not be released funds raised and will be 
returned to lenders supporting the crowdfunding project[6]. In this case, the sponsor can not 
get the funds to solve the problem in time after the end of the fund-raising period, and also 
waste human cost. Therefore, successful financing is very important for crowdfunding 
activities[7], and it is necessary to make a successful prediction before the end of crowdfunding 
project. Aiming at this goal, the research idea of this paper is to collect the data of Kiva platform, 
and carry out feature engineering after preprocessing the data. On this basis, the classification 
prediction model based on GBDT is established. The prediction effect of the model is evaluated 
according to the index of confusion matrix, and other machine learning and integrated learning 
methods are selected for further verification and comparison, and further conclusion is 
obtained on, as shown in Figure 1.  

2. Literature Review 

Crowdfunding is the collective effort of many individuals to establish networks through or with 
the help of the Internet and concentrate resources to support the efforts initiated by other 
people or organizations. The funds of individual projects and enterprises come from a large 
number of small individual donations, so that innovators, entrepreneurs and business owners 
can use their social networks to raise funds[8]. Hui, Gerber[9] Based on the Ethnological Study 
of crowdfunding work, through interviews with project creators and observation of 
participants, described the work needed to run crowdfunding projects. Kiva platform provides 
funds for underserved regions through crowdfunding loans to improve the quality of financial 
services and solve the potential obstacles of global financial services. For the research of 
crowdfunding, foreign scholars started from KickStarter online in 2009, while domestic 
scholars started from roll call time[10]. The research focuses mainly on the definition of 
crowdfunding concept, influencing factors, risk legal supervision and investment willingness. 
Liang Wei[11] found that the domestic highly cited literatures in the field of crowdfunding 
mainly introduced the concept and development of crowdfunding, while the research content 
of foreign highly cited literatures mostly focused on the factors influencing the success of 
crowdfunding. 

Many scholars have carried out empirical analysis on the influencing factors of crowdfunding 
projects for different platforms and crowdfunding forms. Ahlers, Cumming[12] Based on the 
research of the equity crowdfunding website assob, found that the exit strategy, financial plan 
and the experience of seeking venture capital in the entrepreneurial plan will have a positive 
effect on the success of equity crowdfunding, Chen[13] found a new variable influencing 
crowdfunding results: ratio =minimum investment amount * number of supporters / target 
financing amount, which can be used to predict crowdfunding model; Liang and Wu[14] 
considered two new variables based on trust theory and dual process perspective: project type 
and capital level, which adjusted the relationship between key factors and investment decision; 
Li, He[15] used the unified theory of acceptance and use of Technology (UTAUT) as the research 
model to explore the impact of performance expectation (PE), effort expectation (EE), social 
impact (SI), convenience condition (FC), trust and experience expectation on donors' 
willingness to donate charitable crowdfunding projects, Guo Yang[16] found through 
regression analysis that the basic attributes of loan orders, the basic information of borrowers 



Volume 2 Issue 3, 2021 

DOI: 10.6981/FEM.202103_2(3).0030 

236 

Frontiers in Economics and Management 

ISSN: 2692-7608 

and the social capital of borrowers have a significant impact on the loan success rate in the 
Chinese market; Yu Haoqing[17] discussed the influencing factors of educational crowdfunding 
based on TF-IDF text extraction and artificial neural network model; Guo, Zhu[18] conducted 
factor analysis and prediction on the financing proportion of crowdfunding projects, and found 
that both Internet users and sponsors can influence the financing proportion of five types of CF 
projects respectively. 

At the same time, some scholars predicted the success of crowdfunding projects. Chen Xiaohua 
and Li Yuanheng[19] used BP neural network to predict the success of crowdfunding projects 
by collecting the project data of the crowdfunding platform of dream chasing net, and the 
prediction accuracy was 81.58%, Huang Xiaofeng[20] used the method of regression analysis 
and neural network to directly test the project quality, and the platform and sponsors predicted 
the upcoming online projects; Yang Yang and Lu[21] used the logistic regression method with 
L1 norm constraint penalty to predict the social network influence of crowdfunding projects 
based on the real-time observation data of crowdfunding websites and social networks. It can 
be seen that there are many factors that affect the success of crowdfunding projects, and the 
traditional machine learning model is mostly used in the prediction of crowdfunding models, 
while the neural network and other integrated learning methods are rarely used in the 
prediction of crowdfunding models. And for the kiva platform, burtch, A. Ghose[22] has studied 
25530 projects on Kiva platform, and found that the GDP difference between the sponsor and 
the investor's country has a positive impact on the success of project financing; the 
geographical location difference, cultural difference, trade volume difference and value 
difference between the sponsor and the investor's country have a negative impact on the 
success of project financing; Hu Hao and Wang Nianxin have a negative impact on the success 
of project financing[6] On this basis, the impact of partner information on the success of Kiva 
crowdfunding project is deeply studied. The results show that target amount, loan period, 
partner operation time and total number of partner borrowers have a significant impact on the 
success of Kiva crowdfunding project. This provides a basis for the study of this paper. It can be 
seen that the research on the influencing factors of Kiva platform crowdfunding project is 
sufficient, but there is still a lack of a model with high prediction accuracy and suitable for the 
success prediction of Kiva crowdfunding project. In order to predict the crowdfunding results 
more accurately through many crowdfunding influencing factors, this paper collects and 
integrates the data of crowdfunding projects on Kiva platform, and uses integrated learning 
methods such as Random Forest, GBDT, XGBoost, LightGBM, etc. to compare and select the 
crowdfunding project success prediction model with the best prediction effect, so as to meet 
the needs of crowdfunding project success prediction on Kiva platform. 

3. Research Method 

Ensemble learning method refers to the method of combining multiple individual learners to 
complete the final machine learning task. Ensemble learning has a high accuracy rate in 
machine learning algorithm. The disadvantage is that the training process of the model may be 
complex and the efficiency is not very high[23]. At present, there are mainly two kinds of 
ensemble learning: boosting based and bagging based. The former's representative algorithms 
are GBDT, XGBoost, LightGBM, etc., while the latter's representative algorithms are random 
forest. 

GBDT (graded boost decision tree) is a decision tree algorithm which is composed of multiple 
decision trees and can add up the results of all trees to make the final answer[24]. GBDT 
algorithm can flexibly deal with various types of data, such as continuous value and discrete 
value. It has strong robustness to outliers and relatively high prediction accuracy. These 
advantages make GBDT algorithm suitable for crowdfunding market with many interference 
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items and relatively complex influencing factors. The GBDT algorithm can do both classification 
and regression. The dependent variable of this paper is whether the crowdfunding project is 
successful, which is a binary variable. To sum up, this paper uses the binary classification 
algorithm of GBDT as the tool of Kiva crowdfunding project prediction. 

 

 
Figure 1. Technology Roadmap 

 

3.1. Principle of GBDT Classification Algorithm 

For binary classification GBDT, if the log likelihood loss function similar to logic regression is 
adopted, the loss function is: 

𝐿(y, 𝑓(x)) = 𝑙𝑜𝑔(1 + 𝑒𝑥𝑝(−𝑦𝑓(𝑥)))                                                    (1) 

amongy ∈ {−1,+1}, In this case, the negative gradient error is  

𝑟𝑡𝑖 = −[
𝜕𝐿(𝑦,𝑓(𝑥𝑖))

𝜕𝑓(𝑥𝑖)
] 𝑓(𝑥) = 𝑓𝑡−1(𝑥) =

𝑦𝑖

1+exp(𝑦𝑖𝑓(𝑥𝑖))
                     (2) 

For the generated decision tree, the best negative gradient fitting value of each leaf node is 

𝑐𝑡𝑗 = 𝑎𝑟𝑔𝑚𝑖𝑛⏟    
𝑐

∑ log(1 + exp(−𝑦𝑖(𝑓𝑡−1(𝑥𝑖) + 𝑐)))𝑥𝑖∈𝑅𝑡𝑗
                                (3) 

Because of the above formula is difficult to optimize, it is usually replaced by approximate value: 

𝑐𝑡𝑗 =
∑ 𝑟𝑡𝑖𝑥𝑖∈𝑅𝑡𝑗

∑ |𝑟𝑡𝑖|(1−|𝑟𝑡𝑖|)𝑥𝑖∈𝑅𝑡𝑗

                                                         (4) 

Then the classification algorithm of GBDT is as follows: 

The input is the training set sample T = {(𝑥1, 𝑦1), (𝑥2, 𝑦2), (𝑥𝑚 , 𝑦𝑚)}, The maximum number of 

iterations is T,The loss function is L,Output is a strong learner 𝑓(x)｡ 

(1) Initializing weak learners 
𝑓0(𝑥) = 𝑎𝑟𝑔𝑚𝑖𝑛⏟    

𝑐

∑ 𝐿(𝑦𝑖 , 𝑐)
𝑚
𝑖=1                                                           (5) 

(2) To the iteration wheel t=1,2,…T has: 

a) Calculate the approximate substitute value of negative gradient 

𝑐𝑡𝑗 =
∑ 𝑟𝑡𝑖𝑥𝑖∈𝑅𝑡𝑗

∑ |𝑟𝑡𝑖|(1−|𝑟𝑡𝑖|)𝑥𝑖∈𝑅𝑡𝑗

                                                        (6) 

b) Update strong learner 

𝑓𝑡(𝑥) = 𝑓𝑡−1(𝑥) + ∑ 𝑐𝑡𝑗𝐼(𝑥 ∈ 𝑅𝑡𝑗)
𝑗
𝑗=1                                                   (7) 

(3) Get strong learner 𝑓(x) expression  

𝑓(𝑥) = 𝑓𝑇(𝑥) = 𝑓0(𝑥) + ∑ ∑ 𝑐𝑡𝑗𝐼(𝑥 ∈ 𝑅𝑡𝑗)
𝐽
𝑗=1

𝑇
𝑡=1                                         (8) 
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3.2. Model Evaluation Index 

In the field of machine learning, confusion matrix is a visualization tool to evaluate the quality 
of binary classification model, as shown in Table 1. Each column of the matrix represents the 
sample situation predicted by the model; each row of the matrix represents the real situation 
of the sample. 

Table 1. Confusion matrix 
Forecast 

Actual 
Positive Negative 

Positive TP FN 
Negative FP TN 

 

The quality of a classification and prediction model can be judged by each index of confusion 
matrix, including accuracy rate, precision, recall, F1 score and AUC value. The definition of each 
index is as follows: 

AccuryRate =
𝑇𝑃+𝐹𝑁

𝑇𝑃+𝐹𝑃+𝑇𝑁+𝐹𝑁
                                                    (9) 

Precision =
𝑇𝑃

𝑇𝑃+𝐹𝑃
                                                            (10) 

Recall =
𝑇𝑃

𝑇𝑃+𝐹𝑁
                                                                (11) 

F1 − Score =
2∗𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛∗𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
                                         (12) 

AUC is obtained by ROC curve. ROC curve is a trade-off between true rate and false positive rate 
of a standard summation classifier. Its upper left corner is the most ideal position, representing 
that all positive samples are correctly divided into positive classes, while no negative samples 

are wrongly divided into positive classes[19]. It is drawn by X-axis FPR =
𝐹𝑃

𝐹𝑃+𝑇𝑁
 as false 

positive rate and y-axis TPR =
𝑇𝑃

𝑇𝑃+𝐹𝑁
 as true rate. The AUC value is the area under the ROC 

curve. The larger the AUC value, the better the prediction effect of the model[25].  

4. Research Results and Analysis 

4.1. Data source and preprocessing 

The data used in this paper is integrated from Kiva crowdfunding project data, Kiva partner 
related data, and GDP of the country where the crowdfunding project is located. Kiva 
crowdfunding project data and partner related data through the developer API provided by 
Kiva platform( http://build.kiva.org/ )Use crawler to obtain relevant national GDP and other 
financial data through kaggle( https://www.kaggle.com/ )Platform retrieval directly. The 
variable information contained in the integrated data set is shown in Table 2. 

The preprocessing of data mainly includes variable screening, outlier processing, 
standardization, one hot coding and other operations. The ID is not considered as the unique 
identifier of crowdfunding project as modeling variable. The number of countries involved is 
relatively large, and it is also eliminated here. For the abnormal value, the height outliers are 
eliminated by the method of quartering distance. And section and payment_ Interval is 
discontinuous text data, and it is encoded by one hot. In order to avoid the heteroscedasticity, 
all the indexes were standardized. After data preprocessing, the data set contains 213500 
project data, including 15 independent variables (31 feature indicators) and a dependent 
variable label. Finally, we divide the dataset into training set and test set (random) in 7:3 ratio_ 
State=42), training classification model with training data, and testing data to evaluate 
classification model. 
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Table 2. Variable Information 
Variable Name Explaination Variable Name Explaination 

ID Unique identification of 
crowdfunding projects 

loans_posted Number of partner 
projects 

loan_amount Target amount profitability Partner profitability 
sector Purpose delinquency_rat

e 
Partner delinquency rate 

country Sponsor country rating Comprehensive score of 
partners 

term_in_months Repayment cycle total_amount_ra
ised 

Total funds raised by 
partners 

lender_count Number of supporters GDP gross domestic product 
repayment_interval Repayment interval GDPgrowthrate GDP growth rate 

average_loan_size_percen
t_per_capita_income 

Partner average loan size as 
a percentage of per capita 

income 

GDPpercapita Per capita GDP 

loans_at_risk_rate Partner loan risk ratio label Label (1 succeeded, 0 
failed) 

 

4.2. Classification prediction model based on GBDT 

The data set is read into python, and the data of training set is used to establish the two 
classification model of GBDT, and the data of test set is scored. In the GBDT classification model, 
in order to prevent over fitting, the front pruning operation is carried out, and the maximum 
depth (max) is 5, set The number of trees (n_estimators) is 100, the decay rate is 0.1,The loss 
function is set to logarithmic likelihood function deviance by default. 

 

Table 3. Ranking of Characteristic Importance of Variables 
ID Variable Importance 

lender_count 0.4724 
loan_amount 0.3536 

term_in_months 0.1188 
total_amount_raised 0.0064 

loans_posted 0.0053 
GDPgrowthrate 0.0052 

rating 0.0050 
average_loan_size_percent_per_capita_income 0.0047 

GDP 0.0041 
profitability 0.0040 

repayment_interval 0.0026 
loans_at_risk_rate 0.0019 

GDPpercapita 0.0017 
delinquency_rate 0.0008 

sector 0.0005 

 

The importance of variable feature is mainly calculated by calculating the average value of the 
importance of feature I in a single tree. Classification of features by GBDT features_ importances 
attribute value can get the value of characteristic importance degree of variable. See Table 3 
after descending order. Among the various variables, the number of supporters, target amount, 
repayment cycle and other indicators are relatively important, while the relative importance of 
partner loan risk rate, per capita GDP, partner debt default rate, use and other indicators is 
relatively low, which provides some basis for Kiva crowdfunding sponsors, investors and 
intermediaries to choose projects. 
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Table 4. GBDT Model Evaluation 
GBDT Training Set (%) Test Set (%) 

Accuracy Rate 95.33 95.09 
Precision 98.44 96.36 

Recall 96.48 98.29 
F1-score 97.45 97.32 

 

According to the evaluation results of the application of GBDT classification model in the data 
set of Kiva crowdfunding project given in Table 3, the score in the training set is 0.9533, the 
score in the test set is 0.9509, and other indicators also show good results, indicating that GBDT 
classification model has high accuracy in the classification and prediction of Kiva crowdfunding 
project, the effect is good, and the model is ideal, which is of great significance for the realization 
of Kiva crowdfunding project Success prediction can help. 

4.3. Model comparison 

In order to verify the adaptability of GBDT success prediction model in prediction, this paper 
tests and compares the performance of the model by using four indicators of accuracy rate, 
precision, recall, F1 score obtained from confusion matrix and AUC value. At the same time, 
three traditional machine learning algorithms, namely decision tree (DT), logistic regression 
(LR), k-nearest neighbor (KNN), and three ensemble learning algorithms, namely random 
forest (RF), XGBoost and LightGBM, are introduced as the comparison methods of GBDT based 
classification prediction model to further verify the effectiveness of GBDT ensemble learning 
model. The data set is divided into training set and test set according to 7:3. The training set is 
used to train the model, and the test set is used to evaluate the prediction results of the model. 
The accuracy rate, precision, recall rate, F1 score and AUC values of each algorithm model test 
set are calculated to compare the performance of each algorithm model on this research data 
set. 

Table 5. Comparison of Different Models 
Model Classification AccuracyRate(%) Precision(%) Recall(%) F1-Score(%) AUC(%) 

DT 92.94 96.22 95.98 96.10 79.79 

LR 90.68 94.64 98.51 96.54 43.73 

KNN 94.05 95.71 97.82 96.75 77.79 

RF 94.50 96.27 97.71 96.98 93.70 

GBDT 95.09 96.36 98.29 97.32 96.26 

XGBoost 95.23 96.55 98.25 97.39 82.17 

LightGbm 95.18 96.55 98.19 97.36 82.16 

 

 
Figure 2. Model Comparison 
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According to the results of Table 4 and Figure 2, we can draw the following conclusions: first, 
the integrated learning model is superior to the traditional machine learning algorithm in the 
evaluation of each index, which reflects the strong anti over fitting and generalization ability of 
the integrated learning model; second, the evaluation results of the first four indexes of the 
integrated learning model are similar, but the GBDT model constructed in this paper shows the 
best performance in the AUC value Thirdly, the accuracy, precision, recall rate, F1 score and 
AUC value of the model built by GBDT in this paper are all over 0.95, which can better complete 
the task of predicting the success of crowdfunding projects. 

5. Conclusions and Prospect 

5.1. Conclusions 

According to the research of burtch, A. ghose[22] and Hu Hao and Wang Nianxin[6], whether 
the crowdfunding project of Kiva platform can succeed is affected by many factors. Every 
crowdfunding project has the possibility of fund-raising failure, and the failure of a 
crowdfunding project will greatly waste the human cost, and can not solve the urgent financial 
problems of the sponsor in time. Therefore, predicting the success of a crowdfunding project 
before or in the process of fund-raising can bring great help to the success of a crowdfunding 
project. On the basis of previous studies, this paper, for the first time, collects 213500 pieces of 
available data, including Kiva lending crowdfunding project data, Kiva partner data, relevant 
national GDP and other financial data, and constructs a classification prediction model based 
on GBDT. The accuracy, precision, recall rate, F1 score and AUC value of the model are all over 
0.95, showing a good prediction effect. In the comparison of model evaluation results, the GBDT 
model constructed in this paper also shows the best performance. Among many variables, the 
number of supporters, target amount, repayment cycle and other indicators are relatively 
important, while the relative importance of partner loan risk rate, per capita GDP, partner debt 
delinquency rate, use and other indicators is relatively low. Based on these indicators, the 
initiators of Kiva crowdfunding projects can improve the projects, and investors can choose the 
appropriate projects, Kiva The platform itself can also give more attention to some 
crowdfunding projects according to the prediction results, so as to improve the possibility of 
success of crowdfunding projects, serve the people with difficulties more effectively, and 
provide quality signals for subsequent new technology financiers[26].  

5.2. Deficiency and Prospect 

Compared with the traditional machine learning methods, the GBDT model constructed in this 
paper has better ability of anti over fitting and generalization, but there are still some 
shortcomings. 1, The model established in this paper can not be widely applied to other 
crowdfunding platforms. Kiva platform is global oriented, so the crowdfunding project itself 
has a strong connection with the financial situation of the countries and regions where the 
project sponsors are located. At the same time, Kiva platform provides more quantitative 
indicators, so that platform visitors can more intuitively understand the relevant information 
of crowdfunding projects, and more easily make an objective evaluation of crowdfunding 
projects, which is the place that domestic crowdfunding platforms can learn from; second, in 
the process of building the model, the data dimension is limited, and more dimensional 
information, such as relevant evaluation text information, is considered Thirdly, since there is 
a fund-raising cycle in all crowdfunding projects, the data of crowdfunding projects can be 
analyzed from the perspective of time series. At the same time, Kiva platform has been 
operating for 15 years since its establishment in 2005. It can also start from the time series, 
combine with a wider range of data, such as financial crisis, natural disasters and so on, in order 
to get more valuable results. 
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