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What is crowdfunding 

ÅCrowdfunding can be seen as a process involving 
three key players, the creators, backers and a 
platform.  

ÅWhereby the creators are seeking funds the 
backers are proving said funds and the platform 
is enabling the exchange of those funds without 
impacting the allocation of the funds.  

ÅCrowdfunding is not a new phenomenon, as 
shown by historic examples such as the statue of 
Liberty.  



Four main types of crowdfunding 

1. equity-based: crowd funders have the right to share the residual 
income generated by the project; 

2. lending-based: funds are paid back and the crowd funders have the 
right to receive an interest payment contractually agreed; 

3. donation-based: funds are provided with no other compensation, 
for philanthropic or sponsorship proposal; 

4. reward-based: funds are provided in exchange for non-monetary 
ōŜƴŜŦƛǘǎ όŦƻǊ  ŜȄŀƳǇƭŜΣ ŀ ǊŜƭŜŀǎŜ ƻŦ ǘƘŜ ǇǊƻŘǳŎǘΣ ƻǊ ŎƛǘŀǘƛƻƴǎΣ ΧύΦέ 

 (Giudici et al, 2012, page 8) 

 



What is Kiva 

ÅA lending-based crowdfunding platforms 

ÅPartner organisations assist in the facilitation of loans 

ÅKiva serves borrowers in more than 80 countries on 5 continents.  

Å1.6 Million Lenders 

Å2.4 Million Borrowers 

Å1.3 billion dollars of loans funded 

Å97 % Repayment Rate 

Å81 % of Kiva borrowers are women 
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Data collection process.  

ÅData was collected developing script, to automatically download key 
information on projects and funders.  

ÅKiva snapshot: kiva provides a full snapshot of there completed 
projects. (https://build.kiva.org/docs/data/snapshots) 

ÅImport.io, web crawling software 

ÅKiva api  

 

https://build.kiva.org/docs/data/snapshots


Data collection process: Import IO 
ÅOne simply selects the elements one wishes 

to extract , thus training the extractor, and 
once the process has been done with one 
webpage, the crawler can then attempt to 
extract the same information from another 
webpage, if the data is not successfully 
extracted one can further train the extractor 
on the second webpage.  

ÅThere are multiple options built into the 
system such as disabling javascript and 
utilising manual x-path in the identification 
of specific elements 

ÅThe software has inbuilt scheduling, 
enabling the extraction of information at a 
specific time each day/week/month.  

ÅAs well as systems to link together extractors 
and an inbuilt API for further assimilation 
into other software 



A micromodel to explore the determinant of 
success an failure: a Snapshot  

ÅExamining a single month of kiva projects, to consider how social 
capital can be captured at a point in time.  

ÅData from April 2019, capturing 4894 projects which were active at 
the same time over a two week period. 

ÅConstructing a network of  indirect relations to capture the role of 
social capital. 



Identifying Kiva latent network 

ÅThere is no direct connection (network)  between projects on Kiva. 

ÅInstead we identified a latent network formed by the joint backing of 
projects. 

ÅThus the network was defined as the following 

ÅNode= A Kiva Project 

ÅEdges= A backer supporting both connected projects 

ÅThis is a non-directed network as by definition the edges must be 
connected in both directions.  ( IIF Workshop Munich 2017) 



The 
adjacency 

matrix 



Visualizing  Kiva latent network 



{ƻŎƛŀƭ ŎŀǇƛǘŀƭ ŀƴŘ bŜǘǿƻǊƪΩǎ ŎŜƴǘǊŀƭƛǘȅ 
(eigenvector) 
ÅEigen-vector centrality is a measure of the influence of a node in a 

network.  A node is important if it is linked to by other important 
nodes 

ÅEigen-vector centrality assigns  score  to a node, in the network,  
based on the idea that connections to high-scoring nodes contribute 
more to the score of the node in question than connections to low-
scoring nodes. 

 



Regression Results for cross sectional data 
ÅDependent Variable Yi= Amount raised for project i 

ÅὒέὫ ὣὭ
  ὰέὫ ὉὼὴὩὶὭὩὲὧὩὰέὫὙὥὸὭὲὫὉὭὫὩὲ ὅὩὲὸὶὥὰὭὸώ
ὅὰέίὩὲὩίί ὅὩὲὸὶὥὰὭὸώ ὰέὫὃὧὸὭὺὩ ὒέὥὲί ὰέὫὛὩὧὸέὶ ὭὲὨὩὼ
ὰέὫὖὥὶὸὲὩὶ ὭὲὨὩὼὰέὫὅέόὲὸὶώ ὪόὲὨίὅὥὴὥὧὭὸώ ὩὼὴὩὶὭὩὲὧὩ‐ 

 
 Amount_raised  Coef.  St.Err.  t-value p-value  [95% Conf  Interval]  Sig 

Temporal Experience 0.198 0.039 5.09 0.000 0.122 0.274 ***  

Capacity Experience -0.274 0.018 -15.57 0.000 -0.308 -0.239 ***  

 Country_Funds -0.091 0.018 -5.00 0.000 -0.126 -0.055 ***  

 Rating 1.380 0.059 23.56 0.000 1.265 1.495 ***  

 eigencentrality 0.226 0.094 2.41 0.016 0.042 0.410 **  

 sector_index 0.042 0.019 2.19 0.029 0.004 0.079 **  

 partnerindex 0.000 0.000 4.02 0.000 0.000 0.000 ***  

 closnesscentrality 2.351 0.355 6.63 0.000 1.656 3.046 ***  

 Profitability -0.127 0.018 -7.04 0.000 -0.162 -0.092 ***  

 Constant 5.725 0.433 13.22 0.000 4.876 6.574 ***  

Mean dependent var 5.957 SD dependent var  0.861 

R-squared  0.389 Number of obs   3832.000 

F-test   217.603 Prob > F  0.000 

Akaike crit. (AIC) 7858.975 Bayesian crit. (BIC) 7921.486 

Root MSE:                             .67381  

*** p<0.01, ** p<0.05, * p<0.1  

 



Backward propagating Neural network model definition 

Inputs (all using natural 
logs):   

Experience 

Rating  

Eigenvector Centrality 

Closeness Centrality 

Sector index  

Partner index 

Profitability 

Country Funds 

Output: Amount Raised 3 complete 
Hidden layers. 
  





Results for backwards propagating neural 
network 

Observations (instances): 1304 
Hidden layers: 8,8,8 
Training time: 5000  
Learning rate: 0.1 
Momentum rate: 0.3 
 
Test split results: (33 percent of data, randomly selected) 
Correlation coefficient                     0.7936 
Mean absolute error                        0.3927 
Root mean squared error                0.5385 
Relative absolute error                    55.6725 % 
Root relative squared error            60.9972 % 
Total Number of Instances              1664 
R squared:             0.627952  
 



Training time:8000 epochs 
Learning rate: 0.1 
Momentum rate:0.3 
Hidden layers: 9,9,9 

R squared : 0.627952  
Root MSe: 0.5385  

OLS regression 
R squared : 0.356 
Root Mse: 0.69097 
 

0

1

2

3

4

5

6

7

8

0 1 2 3 4 5 6 7 8 9 10

Amount raised plotted vs  residual 

 Backward propagating Neural Networks vs OLS 

0

1

2

3

4

5

6

7

8

9

0 1 2 3 4 5 6 7 8 9 10

Actual versus predicted 



Alternative machine learning technique 
comparison 

Support vector machine regression 
Correlation coefficient                   0.5341 
Mean absolute error                       0.6039 
Root mean squared error               0.7502 
Relative absolute error                   85.6022 % 
Root relative squared error            84.9675 % 
Total Number of Instances             1664  
R Squared           0.278109  

Backward propagating neural network 
Correlation coefficient                 0.7936 
Mean absolute error                    0.3927 
Root mean squared error            0.5385 
Relative absolute error                55.6725 % 
Root relative squared error         60.9972 % 
Total Number of Instances           1664      

Random forest 
Correlation coefficient                 0.8447 
Mean absolute error                    0.3497 
Root mean squared error            0.4733 
Relative absolute error                49.5669 % 
Root relative squared error        53.6113 % 
Total Number of Instances          1664  
R Squared        0.712595 



Splitting social capital (into high/low and 
testing on those values) 

Correlation coefficient                  0.8318 
Mean absolute error                      0.4379 
Root mean squared error                  0.5656 
Relative absolute error                 60.5369 % 
Root relative squared error             62.545  % 
Total Number of Instances              832 

Correlation coefficient                  0.7131 
Mean absolute error                      0.4163 
Root mean squared error                  0.579  
Relative absolute error                 65.0079 % 
Root relative squared error             72.8669 % 
Total Number of Instances              832      

Low values of social capital 

High values of social capital 

Correlation coefficient                 0.7801 
Mean absolute error                    0.3608 
Root mean squared error            0.501  
Relative absolute error                 56.3377 % 
Root relative squared error         63.0535 % 
Total Number of Instances           832  

Correlation coefficient                  0.8708 
Mean absolute error                     0.3409 
Root mean squared error             0.4448 
Relative absolute error                 47.1259 % 
Root relative squared error         49.1846 % 
Total Number of Instances           832  



aƻǾƛƴƎ ǘƘŜ ŀ ¢ƛƳŜ ǎŜǊƛŜǎΩ ǇŜǊǎǇŜŎǘƛǾŜ  



Capturing cumulative social capital of the 
platform over time. 

ÅSocial capital proxied through the 
number of successfully completed 
loans.  

ÅBased on how Kiva raises loans 
through partnership organisation. 

ÅMetrics assumes that over time the 
partnership organisation can build 
social capital, within the platform, 
through successful paying back the 
loans to the backers of the 
crowdfunding projects. 

Partners seek funds 

Partners obtain funds 

Partners repay funds 



Social capital within the platform each month 

Thus to calculate the level of social capital within the platform at each 
month the following factors need to be captured: 

What partnership organisation are active in that month (shown by the 
partnership organisation seeking new funds in that month). 

How many successful loans have been successfully paid back by the 
active partnership organisation of  the current month.  



Taking into account number of active loans 

ÅThis variable captures the number of active loans of the partnership 
organisation within the month. Active loans have already been 
funded and are currently being paid back to backers.   

ÅThe purpose of this variable is to capture how much social capital has 
already been utilised by the partnership organisations.  

ÅAs although social capital is not depleted when utilised, it can be 
allocated to one area and thus not utilisable in another.  

 



Completed and Active Loans time series  



Natural logs Transformation of original times 
series after unit roots test Null Hypothesis: LOG_ACTIVE has a unit root  

Exogenous: Constant, Linear Trend  

Lag Length: 0 (Automatic - based on SIC, maxlag=13) 
     
        t-Statistic   Prob.* 
     
     Augmented Dickey-Fuller test statistic -15.46521  0.0000 

Test critical values: 1% level  -4.020396  

 5% level  -3.440059  

 10% level  -3.144465  
     
     *MacKinnon (1996) one-sided p-values.  

     

     

Augmented Dickey-Fuller Test Equation  

Dependent Variable: D(LOG_ACTIVE)  

Method: Least Squares   

Date: 05/20/19   Time: 12:46   

Sample (adjusted): 2006M07 2018M12  

Included observations: 150 after adjustments  
     
     Variable Coefficient Std. Error t-Statistic Prob.   
     
     LOG_ACTIVE(-1) -0.080133 0.005181 -15.46521 0.0000 

C 0.903116 0.049007 18.42827 0.0000 

@TREND("2006M06") 0.000710 0.000181 3.916863 0.0001 
     
     R-squared 0.729306     Mean dependent var 0.051996 

Adjusted R-squared 0.725623     S.D. dependent var 0.117103 

S.E. of regression 0.061340     Akaike info criterion -2.724976 

Sum squared resid 0.553099     Schwarz criterion -2.664763 

Log likelihood 207.3732     Hannan-Quinn criter. -2.700513 

F-statistic 198.0239     Durbin-Watson stat 1.685379 

Prob(F-statistic) 0.000000    
     
     

 

Null Hypothesis: LOG_COMPLETED has a unit root 

Exogenous: Constant, Linear Trend  

Lag Length: 7 (Automatic - based on SIC, maxlag=13) 
     
        t-Statistic   Prob.* 
     
     Augmented Dickey-Fuller test statistic -5.100616  0.0002 

Test critical values: 1% level  -4.023506  

 5% level  -3.441552  

 10% level  -3.145341  
     
     *MacKinnon (1996) one-sided p-values.  

     

     

Augmented Dickey-Fuller Test Equation  

Dependent Variable: D(LOG_COMPLETED)  

Method: Least Squares   

Date: 05/20/19   Time: 12:46   

Sample (adjusted): 2007M02 2018M12  

Included observations: 143 after adjustments  
     
     Variable Coefficient Std. Error t-Statistic Prob.   
     
     LOG_COMPLETED(-1) -0.025752 0.005049 -5.100616 0.0000 

D(LOG_COMPLETED(-1)) 0.228111 0.079992 2.851686 0.0050 

D(LOG_COMPLETED(-2)) 0.281112 0.081863 3.433954 0.0008 

D(LOG_COMPLETED(-3)) -0.092305 0.073934 -1.248485 0.2140 

D(LOG_COMPLETED(-4)) -0.044794 0.061331 -0.730357 0.4665 

D(LOG_COMPLETED(-5)) -0.012359 0.059205 -0.208743 0.8350 

D(LOG_COMPLETED(-6)) -0.023396 0.056730 -0.412411 0.6807 

D(LOG_COMPLETED(-7)) 0.052135 0.056548 0.921965 0.3582 

C 0.311747 0.050351 6.191501 0.0000 

@TREND("2006M06") 0.000318 0.000250 1.272067 0.2056 
     
     R-squared 0.636876     Mean dependent var 0.061014 

Adjusted R-squared 0.612304     S.D. dependent var 0.091817 

S.E. of regression 0.057170     Akaike info criterion -2.818214 

Sum squared resid 0.434697     Schwarz criterion -2.611022 

Log likelihood 211.5023     Hannan-Quinn criter. -2.734021 

F-statistic 25.91846     Durbin-Watson stat 2.257337 

Prob(F-statistic) 0.000000    
     
     

 



Dependent Variable: LOG_AMOUNT  

Method: ARDL    

Date: 05/20/19   Time: 12:58   

Sample (adjusted): 2006M10 2018M12  

Included observations: 147 after adjustments  

Maximum dependent lags: 4 (Automatic selection) 

Model selection method: Akaike info criterion (AIC) 

Dynamic regressors (4 lags, automatic): LOG_ACTIVE LOG_COMPLETED   

Fixed regressors: C   

Number of models evalulated: 100  

Selected Model: ARDL(2, 3, 4)   
     
     Variable Coefficient Std. Error t-Statistic Prob.*   
     
     LOG_AMOUNT(-1) 0.313374 0.073619 4.256679 0.0000 

LOG_AMOUNT(-2) 0.214859 0.076288 2.816402 0.0056 

LOG_ACTIVE 0.389201 0.237881 1.636116 0.1041 

LOG_ACTIVE(-1) -1.053815 0.324752 -3.244985 0.0015 

LOG_ACTIVE(-2) 0.984162 0.308667 3.188425 0.0018 

LOG_ACTIVE(-3) -0.357333 0.168937 -2.115186 0.0363 

LOG_COMPLETED 0.049936 0.160363 0.311396 0.7560 

LOG_COMPLETED(-1) 0.055799 0.207344 0.269115 0.7883 

LOG_COMPLETED(-2) -0.230650 0.189501 -1.217148 0.2257 

LOG_COMPLETED(-3) 0.485271 0.179846 2.698265 0.0079 

LOG_COMPLETED(-4) -0.208490 0.131087 -1.590475 0.1141 

C 6.145054 0.527460 11.65028 0.0000 
     
     R-squared 0.982839     Mean dependent var 15.73693 

Adjusted R-squared 0.981440     S.D. dependent var 0.803739 

S.E. of regression 0.109496     Akaike info criterion -1.507745 

Sum squared resid 1.618573     Schwarz criterion -1.263629 

Log likelihood 122.8193     Hannan-Quinn criter. -1.408558 

F-statistic 702.8682     Durbin-Watson stat 2.141990 

Prob(F-statistic) 0.000000    
     
     *Note: p-values and any subsequent tests do not account for model 

        selection.   

 

¶ The two lagged values of the dependent variables (log 

amount)  have a positive and significant impact on the 

number of loans, indicating some form of direct network 

externalities. 

¶ The experience-social capital  variable captured by the (log 

of) completed projects has a positive and significant impact, 

but needs three lags to exercise its significant influence, so 

that a 1% increase in completed projects by the partners  

induces after three months a 0.48% increase in total loans.  

¶ Finally, the (log of) past numbers of active loans is 

significant and negative for the first lag, positive and 

significant two lags earlier and negative three periods 

earlier. The sign of the first lag is a clear indication of 

negative affects of active loans. 

 

Modelling the impact of  social  capital through an 
ARDL  (2,3,4) 



Visualisation of the ARDL fits and residuals 


