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A B S T R A C T   

The vulnerability of slum-dwellers to disasters requires particular attention due to the increasing frequency of 
disasters in slums combined with dilapidated housing conditions and lack of infrastructure. The absence of 
appropriate institutional and governmental aid has made slum-dwellers to rely upon their coping capacity. 
Having own financial capital can strengthen the coping capacity of an individual during disasters. Microfinance 
Institutes (MFIs) provide loans or microcredits to slum-dwellers to start a business individually or as a group, 
which eventually helps in increasing their financial capital. MFIs can also facilitate smooth repayment of loans by 
providing relief funds during disasters. However, frequent disasters might negatively influence the functioning of 
these mechanisms. Therefore, in this paper, we explore whether MFIs can increase the coping capacity of slum- 
dwellers by increasing their financial capital while facing disasters. Due to lack of empirical data on the impact of 
MFIs, we developed a stylised Agent-Based Model (ABM). The model includes interactions between slum- 
dwellers and an MFI as well as moneylenders. Slum-dwellers are facing disasters of varying frequency and in-
tensity and can form ROtating Savings and Credit Associations (ROSCAs). Overall, the model results supported 
the claim that providing microcredits through MFIs has the potential to increase slum-dwellers’ coping capacity 
while facing frequent disasters. However, the study also indicates that MFIs need to be carefully tailored to the 
local context in order to support slum-dwellers’ coping capacity, for instance by adapting the repayment period.   

1. Introduction 

Natural disasters substantially affect the lives and properties in cities 
worldwide. There is an increase in occurrence of natural disasters in the 
last few years due to climate change [1]. Climate change has also raised 
the uncertainty surrounding the frequency and intensity of disasters [2]. 
Some disasters such as flooding can recur more frequently, as for 
instance experienced by many countries in the global south such as 
Bangladesh, Uganda and Brazil [3–5]. Additionally, unprecedented ur-
banisation has increased the severity of impacts of these disasters [6]. 
Undoubtedly, the urban poor and socially disadvantaged groups become 
the most susceptible to the impacts of disasters owing to the lack of 
essential services [7]. 

Slums in the cities of the global south are often characterized by 
dilapidated housing conditions, lack of infrastructure and disaster-prone 
locations [8,9]. Thus, slums are facing an increased risk of negative 
impacts of disasters [10,11], making the vulnerability of slum-dwellers 
to disasters even more important. In addition to this, lack of institutional 

and governmental aid in slums also compels the slum-dwellers to rely on 
their own potential to face a disaster which is often termed as coping 
capacity [12]. Coping capacity refers to the immediate response of 
households to a disaster in order to maintain their livelihoods [13]. It is 
also argued to be the key element of resilience which is associated to the 
ability of an individual, a system, community or society to resist, absorb, 
accommodate to and recover from the effects of hazard in a timely and 
efficient manner [14,15]. 

There are primarily three types of coping mechanisms: physical, 
economic, and social [12]. Physical coping constitutes of household and 
infrastructure repairs; whereas economic coping aims at increasing the 
household income and income security along with economic diversifi-
cation. Social coping includes the support by social networks such as 
family, neighbours, and community [12]. Physical coping requires 
financial means to invest in housing or infrastructure; whereas reliance 
on social networks can be unpredictable and unsustainable [8]. Thus, 
Braun and Aβheuer [16] advocate that the most explicit and robust asset 
during disaster is the financial capital as it aids in procuring the essential 
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items such as food, medicines, and shelter. Most slum-dwellers are daily 
wage earners due to limited access to formal employment and experi-
ence fluctuations in the salary. Thus, starting a small business, or 
micro-entrepreneurship, is often preferred by many slum-dwellers 
[17–19]. Such small businesses are dependent on the local demand 
and popularity. Examples are street vending to sell food items, rickshaw 
pulling, setting up retail kiosks and providing household services such as 
cleaning [20–22]. But micro-entrepreneurship is only available to the 
households with access to necessary capital [23]. For financial assis-
tance in general, slum-dwellers often rely upon social networks. How-
ever, funds provided by the family members or friends are likely to be 
insufficient for starting a new business when slum-dwellers have meagre 
savings which are spent mostly to fulfil their own needs [24]. Therefore, 
slum-dwellers also borrow loans from local moneylenders who provide 
immediate funds without complications and flexibility in the repayment 
schedule [25]. As local moneylenders charge humungous interest rates, 
slum-dwellers also participate in ROSCAs [26]. ROSCAs are informal 
self-organised social groups in which a common fund is offered to group 
members in a rotating scheme with no interest rate, but a risk of 
defecting group members [26,27]. Both borrowing loans from money-
lenders and participating in ROSCAs are part of informal lending 
mechanisms. Formal lending mechanisms include MFIs that provide 
microcredits to the urban poor to start a small business at a lower in-
terest rate as compared to moneylenders [28–31]. Microcredits are the 
small loans provided by MFIs for self-employment [32,33]. MFIs can 
also facilitate smooth repayment of microcredits by providing relief 
funds in case of disasters and an additional time to repay these relief 
funds [34]. 

This way, the slum-dwellers have a possibility to increase their 
savings to prepare themselves for the disaster. However, coping during 
disasters reduces the savings of slum-dwellers in general [35–37]. 
Slum-dwellers might experience substantial loss of savings and their 
newly started businesses as frequent disasters might negatively influ-
ence the functioning of moneylenders, ROSCAs and MFIs. For instance, 
although local moneylenders can provide emergency loans to 
slum-dwellers, they do not assure immediate help in case of disasters. 
Moreover, the predatory interest rates on these loans increase the pos-
sibility of slum-dwellers suffering from stress due to indebtedness [21]. 
Frequent disasters might also result in defecting ROSCA members 
because of lack of savings to cope with the disaster and contribute to the 
ROSCA [38]. MFIs are usually observed to have a support system for 
their clients in terms of relief funds, which are under strain in case of 
frequent disasters [39]. 

In the literature, attempts have been made to understand poverty 
alleviation due to MFIs [22,40,41]. However, little is known about the 
functioning of MFIs in case of frequent disasters. Thus, we apply an 
explorative approach in this study to learn whether such a formal 
lending mechanism can increase coping capacity of slum-dwellers by 
increasing their financial capital and providing consistent livelihood in 
case of disasters. Due to lack of empirical data, we employ an ABM 
approach to investigate the impact of MFI on the coping capacity of 
slum-dwellers in case of frequent disasters. These recurring disasters are 
not specified in the model and could be, for instance, floods or 
landslides. 

Few ABMs investigate MFIs in the context of poverty alleviation 
[42–45], while others model slums [46]. To our knowledge, no ABM 
explicitly investigates the role of MFIs in case of disasters. Therefore, we 
developed an ABM incorporating MFIs, local moneylenders and ROSCAs 
operating under frequent disasters. Thus, it is the closest to the repre-
sentation of informal and formal lending facilities by Rashid et al. [44], 
with ROSCAs and the occurrence of disasters not included in the earlier 
ABM study. 

The paper is organised as follows. In section 2, we describe the ABM. 
In section 3, we provide and discuss the simulation results in terms of the 
robustness of the model, exemplary simulation results, MFI-related pa-
rameters, validation, and limitations of the model. In section 4, we 

conclude. 

2. Description of ABM 

The ABM is implemented in NetLogo version 6.1.1 [47] and pub-
lished on comses.net (https://www.comses.net/codebases/0421ac2 
0-26cc-4eb7-99b6-0ccbb4f0fbc0/releases/1.0.0/) together with a 
description following the ODD þ D protocol [48]. 

2.1. Overview of the model 

The ABM is a stylised model operating on a monthly time scale. It 
simulates a slum where most of the slum-dwellers have meagre savings. 
A predefined share of the slum-dwellers wants to start a small business 
that shall increase their monthly income and, subsequently, their overall 
savings. The type of businesses by slum-dwellers are assumed to be 
generic. To start the business, slum-dwellers need to ask for a loan, from 
either an MFI or moneylenders. Alternatively, they can form ROSCAs 
together with other slum-dwellers. Once these slum-dwellers have ar-
ranged the funding, they start their business and increase their income. 
After repaying the loan and handing back the pot to the ROSCA, the 
slum-dwellers own the business. This implies that their monthly savings 
are increased, and they influence other slum-dwellers without a business 
to follow their lead and seek funding through the same mechanism. 
Disasters with a pre-defined intensity and frequency can happen. If a 
disaster strikes, slum-dwellers are forced to immediately cover disaster- 
related expenses related to the intensity of disaster. In case they lack the 
required funds, they lose all the savings. For the slum-dwellers owning a 
business, absence of enough funds results in loss of business and savings. 
Slum-dwellers cannot rebuild their savings once they have lost their 
business. For MFI clients, relief funds can provide means to cover 
disaster-related expenses and lengthen the repayment period. Addi-
tionally, there is no interaction between the businesses. 

2.2. Types and attributes of agents 

There are three types of agents: slum-dwellers, MFI and money-
lender. To simplify the interactions, we included 1000 slum-dwellers, 
one MFI and one moneylender representing all formal and informal 
opportunities in the slum. To understand the impact of multiple MFIs 
and moneylenders, the parameters describing initial funds with MFI and 
moneylender are varied in the model. Table 1 provides an overview of 
all agent-related and global parameters of the ABM. 

2.2.1. Attributes of slum-dwellers 
Slum-dwellers have the following attributes: income, expenditure, 

total savings, monthly savings, awareness and a want to start the busi-
ness. Income means the monthly income of each of the slum-dweller and 
is initialised from a lognormal distribution based on the parameters of 
minimum income and income range. Monthly savings are derived from 
the monthly income and expenditure, i.e. monthly savings ¼monthly 
income – monthly expenditure. Savings of slum-dwellers in the model 
are dynamic: Every month, monthly savings are added to the total 
savings of slum-dwellers. Awareness about the existence of MFIs is a 
binary variable which influences whether slum-dwellers initially 
consider MFI as an option for getting a loan. A want to start a business is 
a binary variable indicating whether slum-dwellers have the aim of 
starting a business. Apart from this, there are global parameters related 
to slum-dwellers namely, minimum income, income range, awareness 
about business, raise in income and influence (Table 1). 

2.2.2. Attributes of MFI 
The MFI has one attribute named funds, which is initialised with the 

global parameter initial funds-MFI (Table 1). At each step, these funds 
are updated based on the number of loans given out and number of 
instalments that are received. Apart from this, other global parameters 

M.Y. Joshi et al.                                                                                                                                                                                                                                 

http://comses.net
https://www.comses.net/codebases/0421ac20-26cc-4eb7-99b6-0ccbb4f0fbc0/releases/1.0.0/
https://www.comses.net/codebases/0421ac20-26cc-4eb7-99b6-0ccbb4f0fbc0/releases/1.0.0/


International Journal of Disaster Risk Reduction 49 (2020) 101627

3

Table 1 
Input parameter and their description.  

Name of the Input Parameter* Description Standard 
values** 

Parameters 
related to slum- 
dwellers, 
moneylenders 
and ROSCA 

Minimum 
income1 

Minimum income of 
slum-dwellers 

10, 20, 30 

Income range1 Range of income (to 
be added to 
minimum income to 
know the max 
income) 

60, 80, 100 

Expenditure (%) Monthly expenditure 
of slum-dwellers. 
The slum-dwellers 
have meagre savings. 
Therefore, the 
monthly expenditure 
is set to be 90% of 
income. 

90% 

Income 
distribution 

Income distribution. 
As income in the 
informal settlement 
is usually skewed to 
the lower income 
levels, the model 
incorporates a 
lognormal income 
distribution. 

Lognormal 

Raise in 
income 

An increase in 
income after starting 
a business 

10, 30, 50 

Number of 
Slum-dwellers 

Total number of 
slum-dwellers in the 
model 

1000 

Awareness 
about business 

Percentage of total 
slum-dwellers who 
want to start the 
business in the initial 
tick 

10%, 30%, 50% 

Influence Number of slum- 
dwellers getting 
influenced by each 
slum-dweller who 
has owned the 
business in that tick. 
As social networks 
have an impact on 
outreach of coping 
mechanisms 
[49–51], varying it 
can provide fruitful 
results. 

1, 3, 5 

Random seed To check if 
randomness of initial 
settings like income 
affect the results. 

10, 30, 50 

Capital for 
business 

The amount of 
money needed to 
start a business by an 
individual. 

100 

Interest rate - 
moneylender 

Interest rate imposed 
by moneylenders 

100% 

Number of 
moneylenders 

Number of local 
moneylenders 

1 

Initial funds - 
moneylender 

Funds available with 
local moneylenders 

5,000, 10,000, 
15,000 

Size of ROSCA The size of ROSCA 
group 

20, 30, 40 

Slum-dwellers’ 
ability to repay 
loan 

Percentage of slum- 
dwellers’ monthly 
savings that can be 
returned to 
moneylender as 
instalment. 

50% 

Related to MFI Initial 
awareness 
about MFI 

This parameter is the 
percentage of slum- 
dwellers that are 

20%, 60%, 100%  

Table 1 (continued ) 

Name of the Input Parameter* Description Standard 
values** 

aware about MFI in 
the beginning. This is 
the basic cost 
incurred by MFI [51, 
52] and it matters in 
terms of outreach of 
MFI service as these 
slum-dwellers spread 
the awareness later 
[53]. 

Minimum 
monthly 
savings for 
individual loan 

It is a threshold 
decided by MFI for 
slum-dwellers to 
obtain an individual 
loan. 
Based on the credit 
history, MFIs tend to 
offer either a group 
or individual loan to 
ensure repayment of 
loans [30]. As 
savings affect the 
repayment, this 
parameter helps in 
understanding the 
optimal value for 
better 
implementation of 
MFI. 

5, 7, 9 

Additional 
savings needed 
to obtain group 
loan 

Although, groups 
impose strong social 
sanctions which 
persuades people to 
repay the loans [54], 
a group might be 
unable to repay the 
loan due to loss of 
savings during 
disaster. This optimal 
value of this 
parameter can be 
helpful for the 
slum-dwellers in 
order to increase 
income and business. 

5, 10, 15 

Amount of loan 
provided to 
groups 

For this model, group 
loan is assumed twice 
that of individual 
loan. 

2 x 100 

Interest rate- 
MFI 

As lower interest 
rates are the primary 
reason to opt 
microcredits from 
MFI [55], the interest 
rates are important. 

0%, 20%, 40% 

Repayment- 
period 

Repayment period 
affects the amount of 
monthly instalment 
to be returned to MFI 
[56,57]. 

12, 14, 16 
months 

Initial funds- 
MFI 

Initial funds with MFI 
affect the number of 
slum-dwellers 
getting the loan and 
relief funds. As 
availability of 
sufficient funds with 
MFI can help in terms 
of disaster [58], this 
parameter is 
important. 

10,000, 15,000, 
20,000 

Preference of 
MFI 

Based on the target i. 
e. outreach to the 
poor or financial 
sustainability, MFIs 

“lower-saving”, 
“higher-saving” 

(continued on next page) 
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influence how the MFI is implemented, namely, initial awareness about 
MFI, interest rate, repayment period, minimum monthly savings for 
individual loan, additional savings needed to obtain group loan, pref-
erence of MFI and provision of relief funds (Table 1). 

2.2.3. Attributes of moneylender 
Like MFI, moneylender also has an attribute named funds. At each 

step, these funds are updated based on the number of loans given out 
and number of instalments that are received. Moneylender is assumed to 
have a 100% interest rate and flexible repayment period. However, a 
slum-dweller is obliged to pay the instalment, large or small amount 
depending upon their savings, every month. 

2.3. Processes 

In each month, disasters can occur, and slum-dwellers go through a 
recovery process. After this has potentially affected their savings, slum- 
dwellers go about repaying their loans/ROSCA pot or ask for a loan. 
Fig. 1 depicts the overall flow of the model. For simplicity, we first 
describe the processes related to asking for a loan and setting up a 
business, then the process of disaster recovery. In a nutshell, in every 
time step, slum-dwellers arrange funds for business, repay their loans, 
influence others after becoming business owners and earn their monthly 
savings (Fig. 1). 

2.3.1. Arranging funds for business 
Slum-dwellers who want to start a business follow a simple decision 

tree: He/she tries to arrange for funds according to his/her awareness 
level about MFI and amount of savings and monthly savings. If aware-
ness ¼ 1, the slum-dweller tries to get a loan from MFI. Otherwise, if the 
slum-dweller has enough savings to be able to contribute to ROSCA, he/ 
she tries to form a ROSCA group. Else, the slum-dweller asks the 
moneylender for a loan. If the slum-dweller manages to obtain the loan 
from MFI and moneylender, the slum-dweller repays the first instalment 
in the same month. If the slum-dweller becomes a part of ROSCA, all 
members contribute to the pot and one of the members of the ROSCA 
gets the pot. 

2.3.2. Repaying the loan/pot 
Slum-dwellers repay their loan or pot when they have taken a loan 

from MFI, moneylender or a ROSCA. If the slum-dweller is in the process 
of repaying the loan taken from moneylender or MFI, he/she repays the 
loan to MFI or moneylender. If the slum-dweller has completely repaid 
the loan in a time step, the slum-dweller owns the business. 

The success of ROSCA members also depends on the savings of all 
other ROSCA members. If all the ROSCA members have enough savings 
in all the time steps when the ROSCA is running, they contribute to the 
common pot and this pot continues to be circulated. If every member has 
received the pot, everyone owns their business. However, if the savings 
of a slum-dweller are less than the required amount, the ROSCA breaks. 
All slum-dwellers who had earlier received the pot own the business, 
whereas those slum-dwellers who did not receive the pot lose their 
chance to arrange the funds for a business. 

2.3.3. Influencing others 
Slum-dwellers who owned the business in the current time step in-

fluence other slum-dwellers spatially near to them to start a business and 
select the mechanism that the influencer had selected. Slum-dwellers 
can only influence the other slum-dwellers with similar attributes as 
them. For example, the members of ROSCA influence only the slum- 
dwellers that are unaware of MFI and have enough savings and 
monthly savings to contribute to ROSCA. 

2.3.4. Earning monthly savings 
All slum-dwellers update their total savings in each time step. The 

initial amount of monthly savings is increased if they own their business. 

2.3.5. Disaster recovery 
In case of a disaster, slum-dwellers lose their savings and business 

depending upon the intensity of disaster (Table 1). 
Slum-dwellers neither owning a business nor repaying a loan at the 

moment have to provide savings equal to the disaster intensity level to 
recover from the disaster. If the slum-dweller does not have enough 
savings, the savings are set to zero. Slum-dwellers owning a business or 
currently repaying a loan also need savings equal to the disaster in-
tensity to recover. If it is a group of slum-dwellers who own a business/ 
have started a business, they need group savings of at least twice the 
disaster intensity to recover. If the slum-dweller/group lacks enough 
savings, business owners lose the business. Slum-dwellers repaying 

Table 1 (continued ) 

Name of the Input Parameter* Description Standard 
values** 

can have two types of 
approaches; giving 
preference to the 
poorest or the richest 
respectively while 
providing loans [52, 
59,60]. This 
parameter decides 
the preference of 
MFI. 

Relief funds 
provided? 

Relief funds are the 
emergency loans 
provided by MFI in 
case of disasters [58, 
61]. 

True, False 

Related to 
Disaster 

Intensity of 
Disaster 

Disasters affect the 
financial stability of 
slum-dwellers. The 
values of disaster 
intensity are the 
amount of savings 
the slum-dwellers 
lose. These values are 
decided based on the 
amount needed to set 
up a business. As a 
business is set-up 
with 100 units of 
money, loss of 
savings in an extreme 
event is assumed to 
be 100. Referring to 
this, the loss of 
savings in case of 
moderate and low 
intensity disasters is 
assumed to be 60 and 
20. 

20 (Low), 60 
(Moderate), 100 
(High) 

Frequency of 
disaster 

In recent years, slums 
are facing disasters at 
least once every year. 
Due to climate 
change, this 
frequency also might 
increase in future. 
Thus, we considered 
three values of 
frequency. 
Time period is 5 
years. Frequency of 
disaster in 5 years is 
0, 10, 5, 2 

0, Once in 6 
months (High), 
12 months 
(Moderate), 24 
months (Low)  

1 The values are decided with the help of available studies [16,62–65]. 
* Parameters related to slum-dwellers, moneylenders and ROSCA and MFI 

related parameters in the bold are varied for robustness and sensitivity analysis 
respectively. 

** The values in bold are the standard values. 
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loans become indebted and cannot rebuild their savings. The disaster is 
assumed to occur at the beginning of the time step. For simplicity, we 
have assumed that the slum-dwellers do not learn anything from the 
disasters they have faced. They face every disaster in a similar way in 
this model. Therefore, the processes mentioned in sections 2.3.1 to 2.3.4 
continue after this. 

2.4. Model output 

We use three core indicators to describe slum-dwellers’ coping ca-
pacity towards frequent disasters: mean savings, Gini-index of savings 
and total slum-dwellers owning a business. Table 2 describes the ratio-
nale for investigating each of the output variables. 

Inspired by Kappes et al. [66], we vary the frequency and the in-
tensity of disasters to investigate different disaster levels for two sets of 
simulation runs: A robustness analysis (section 3.2) and simulation runs 
focussed on the impact of MFIs on slum-dwellers’ coping capacity. In 
robustness analysis, we varied the parameters related to slum-dwellers, 
moneylender and ROSCA. For answering our research question, we 
varied the parameters related to MFI (Table 1). For both sets of simu-
lation experiments, a series of linear regressions was run to identify the 
relationships between parameters and outputs [67,68]. 

3. Results and discussion 

3.1. Exemplary simulation results on slum-dwellers’ coping capacity 

In the following, we provide results for exemplary simulation runs 
over time on the three coping capacity indicators savings, Gini-index of 
savings and total slum-dwellers owning a business. The parameter set-
tings for the exemplary simulation runs are given in Appendix A 

Fig. 1. Overview of various processes involved in the model.  

Table 2 
Output variables and their rationale for investigation.  

Output Parameter Rationale for investigation 

Mean Savings One core assumption is that savings increase the 
economic coping capacity of a slum-dweller as they 
increase the ability to recover from the disaster. As 
mean savings represent an average value of all the 
slum-dwellers in the model, we study mean savings as 
one of the results. 

Gini-index There might be stark inequalities in savings amongst 
the slum-dweller. Therefore, the Gini-index represents 
the inequality in the savings of slum-dwellers. 

Total slum-dwellers 
owning a business 

Owning a business allows slum-dwellers to earn more 
savings in the long run. Therefore, slum-dwellers 
owning a business but having low savings (due to recent 
disaster recovery) can still be considered having coping 
capacity.  
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Table A1. 
In an exemplary scenario without disasters and MFI, the savings of 

slum-dwellers and the range of savings increase steadily over the time 
horizon of five years (Fig. 2a). Consequently, the Gini-index for savings 
increases over time, indicating an increase in inequality in savings 
(Fig. 2b). The reason for this is the increasing number of slum-dwellers 
owning a business (Fig. 2c) through either moneylender or ROSCAs, 
with 50% of the slum-dwellers owning a business after five years. 

Introducing an MFI dramatically changes the picture: After 5 years, 
almost 90% of all slum-dwellers own their business (Fig. 2c). Mean 
savings are lower compared to the baseline scenario without an MFI 
(Fig. 2a), but the savings are more equally distributed and, thus, the 
Gini-index (Fig. 2b) remains stable over time. This means that intro-
ducing an MFI in this example increased the total slum-dwellers owning 
their business while reducing the savings inequality. However, intro-
ducing a recurring disaster decreases the savings of slum-dwellers even 

though slum-dwellers increase their savings after one disaster until the 
next one (Fig. 2a). Similarly, the Gini-index increases suddenly after the 
disaster (Fig. 2b), indicating an increase in the savings’ inequality. 
Moreover, the process of owning the business is interrupted for the slum- 
dwellers without adequate savings to save their business, resulting in 
zero slum-dwellers (Fig. 2c) owning the business by the end of the 
simulation. 

MFIs can alleviate the impact of disasters; for instance, the Gini- 
index is lower (Fig. 2b) and a larger number of slum-dwellers (250) 
are able to own the business (Fig. 2c). Although the savings have a 
similar pattern to the baseline scenario (Fig. 2a), owning a business can 
help the slum-dwellers increase their savings in the future. 

Thus, MFI improves the coping capacity-related indicators with and 
without the disasters. As the scenarios described here in detail are 
selected examples, we investigate the effect of parameter settings in a 
systematic way in the following section. 

Fig. 2. Exemplary simulation results: (a) Savings of slum-dwellers over time; (b) Gini-index over time; (c) Total slum-dwellers owning a business over time.  
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3.2. Summary of robustness analysis 

The robustness analysis (RA) aims at exploring the impact of pa-
rameters related to slum-dwellers, moneylenders and ROSCA on coping 
capacity. We use this to check whether the model output is in line with 
our expectations regarding known relationships between input and 
output. In Appendix B, we therefore summarise our expectations about 
the impact of the model parameters onto coping capacity and compare 
them with actual simulation results. In the simulation experiments, we 
vary disaster frequency and intensity and distinguish between simula-
tions without MFI (baseline) with MFI. In the analysis, we used the three 
coping capacity indicators as mentioned before as dependent variables 
in a linear regression analysis. 

The RA shows that the model is robust as the results of impact of 
model parameters on the coping capacity are logical. Moreover, the RA 
suggests that introducing MFI in most situations fosters coping capacity 
as compared to the situation without MFI (Table B1). 

3.3. Impact of disasters on slum-dwellers’ coping capacity 

In this section, we provide an overview of the effect of disaster fre-
quency and intensity on the coping capacity indicators. We do this by 
dividing the simulations into two sets. In the first set, we analyse the 
simulations without MFI obtained by varying the parameters related to 
slum-dwellers, moneylenders and ROSCA. In the second set, we analyse 
simulations after introducing the MFI with the same settings for the 
parameters related to slum-dwellers, moneylenders and ROSCA as in the 
first set. In these sets, we also vary the disaster intensity and frequency. 
We use the values provided in Table 1 to generate these simulations. 

Fig. 3 suggests that an increase in disaster frequency and intensity 
reduces the mean savings in all simulations, thereby, also reducing the 
total number of slum-dwellers owning a business. It is also evident that, 
irrespective of the parameter settings, the savings and total slum- 
dwellers owning business are almost zero when disaster frequency and 
intensity are high. This suggests that, in case of disaster, it is difficult for 
the slum-dwellers to utilize their entrepreneurial skills to increase their 
income and savings. Meanwhile, the Gini-index increases with 

Fig. 3. Effect of disaster frequency and intensity on coping capacity indicators for set of simulations with MFI and without MFI (a) Mean savings (b) Gini-index (c) 
Total slum-dwellers owning business. 
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increasing disaster intensity for low and medium frequency of disaster. 
However, when the disaster frequency is high, the Gini-index lowers. 
The reason can be attributed to lower savings of all the slum-dwellers in 
these simulations. This means that the slum-dwellers can sustain low 
frequency of disasters for all the intensities to an extent. However, an 
increase in frequency and intensity heavily affects their coping capacity. 
These findings are in line with the literature indicating that mechanisms 
such as loans from moneylenders or ROSCAs are not robust in case of 
disasters [21,38]. 

Introducing the MFI in the above simulations, we observe a similar 
trend of increasing disaster frequency and intensity leading to a decrease 
in the mean-savings and total slum-dwellers owning business. However, 
compared to the situation without MFI, the total number of slum- 
dwellers owning a business has increased considerably for most of the 
simulations. This suggests that although microcredits from MFI result in 
a decrease of mean savings, they help in business accumulation. The 
range of the Gini-index has increased, indicating that the variability in 
inequality increases with introducing microcredits via MFIs. However, 

Fig. 4. Disaster scenario wise qualitative summary of linear regressions for mean savings.  

M.Y. Joshi et al.                                                                                                                                                                                                                                 



International Journal of Disaster Risk Reduction 49 (2020) 101627

9

these simulations have constant values for MFI-related parameters. 
Thus, in the next section, we analyse the MFI-related parameters in 
detail to understand their impact on slum-dwellers’ coping capacity in 
case of different disaster frequency and intensity. 

3.4. In-depth analysis of MFI-related parameters 

In this section, we explore in detail the effects of MFI-related pa-
rameters such as interest rate and initial funds onto slum-dwellers’ 

coping capacity with settings provided in Table 1. A series of linear 
regression analyses, differentiating ten scenarios with different fre-
quencies and intensities of disasters, is used to explain the three coping 
capacity indicators as mentioned before as dependent variables. 
Figs. 4–6 qualitatively summarise the outcomes of all linear regressions; 
full results can be accessed on DANS data repository (https://doi. 
org/10.17026/dans-236-2fad). 

Overall, the explanatory power of the linear regressions for all coping 
capacity-related indicators are between 50% and 80%, meaning that 

Fig. 5. Disaster scenario wise qualitative summary of linear regressions for Gini-index.  
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more than half of the variance in the simulation results can be attributed 
to independent effects of parameters describing the implementation of 
MFIs. Notable exceptions to this are simulations with high frequency 
and high intensity for which explained variance is only around 30% for 
mean savings and total slum-dwellers owning a business. Also, the 
variance in the Gini-index of savings can only be explained to about 30% 
for scenarios with medium frequency high intensity or high frequency 
and medium intensity. 

Many of the MFI-related parameters have consistent impacts onto all 

three-coping capacity-related indicators: 
Initial awareness is an important parameter and a raise in initial 

awareness of MFI increases mean savings, decreases savings’ inequality 
and increases the total slum-dwellers owning a business. Only in the case 
of high frequency and high intensity disasters, a higher awareness is 
related with lower mean savings as the slum-dwellers need larger sav-
ings to recover from the recurrent disasters. In this situation, a higher 
awareness relates to higher inequality as only a few slum-dwellers 
manage to have higher savings. Other studies indeed report that social 

Fig. 6. Disaster scenario wise qualitative summary of linear regressions for total slum-dwellers owning a business.  
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networks help in increasing outreach for MFI [51,52]. However, they 
also point out that relying on social networks alone can be risky they can 
include miscommunication as well [51]. 

Higher interest rates by MFI decrease mean savings and total slum- 
dwellers owning a business but increase inequality. Only in the case of 
high frequency and medium to high intensity disasters, inequality de-
creases with increasing interest rates by MFI as most of the slum- 
dwellers need larger savings to recover. Generally, lower interest rates 
have been mentioned to be favourable by many studies [21,25,55]. 

An increase in initial funds with MFI can increase coping capacity of 
slum-dwellers through higher mean savings and more slum-dwellers 
owning a business along with a decrease in savings’ inequality. How-
ever, it was not significant in several disaster scenarios. Additional 
initial funds with MFI can be useful in increasing accessibility to loans 
and relief funds, the results therefore seem logical. Probably, the values 
we used for parameter settings were too large to show an impact. 

Overall, an increase in the minimum savings needed for an individ-
ual loan results in slum-dwellers having higher coping capacity since a 
larger threshold ensures a higher repayment rate. Additional savings for 
group loans have a negative relationship with mean savings in case of no 
disaster, since high minimum savings require a larger group size which 
might increase the risk of group members not being able to pay back 
their share. Moreover, the result suggests that the poorest slum-dweller 
can also benefit from participating in such a group loan. However, in 
case of disaster, increasing additional savings for group loans increases 
mean savings. Although an increase in minimum savings for obtaining 
an individual loan indicates increasing coping capacity, it also makes it 
difficult for the slum-dwellers to obtain the loan as most of the slum- 
dwellers have meagre savings. 

The preference of an MFI for specific slum-dwellers is not significant 
for the coping capacity of slum-dwellers. The reason behind this could 
be that there was no shortage of funds with MFI, enabling them to 
provide loans to all slum-dwellers who wish to get one. 

Repayment period of MFI has a positive relationship with mean 
savings, total slum-dwellers owning a business and a negative rela-
tionship with Gini-index for the simulations without the disaster. 
Literature related to MFI also confirms that a larger repayment period 
results in a better repayment rate and slum-dwellers, smoothly owning 
their business and increasing their savings [56,57]. However, for me-
dium and high frequency disasters, the model results suggest that a 
shorter repayment period results in increased mean savings and total 
slum-dwellers owning a business. Also, a shorter repayment period leads 
to higher mean savings for high frequency and low intensity disasters. In 
these cases, a shorter repayment period allows slum-dwellers owning a 
business earlier, avoiding the impact of disaster on the repayment pro-
cess. However, shorter repayment periods also increase the amount of 
instalment, which might result in lack of savings for disaster recovery. 
Therefore, the slum-dwellers with higher savings can avoid debts and 
have higher savings, whereas the poor have very low (almost zero) 
savings which increases the Gini-index. 

Provision of relief funds with some exceptions increases the number 
of slum-dwellers owning a business and decreases the Gini-index for all 
the disaster scenarios. It also increases the mean savings for low and 
high frequency disasters. According to Becchetti and Castriota [58], 
relief funds ensure smooth repayment of loan and owning of a business. 
When relief funds are provided, the savings of the slum-dwellers reduce 
for time-being due to repayment of additional loan. But, as relief funds 
help in establishing the business in the initial stages, the savings increase 
eventually. However, for medium frequency disasters, provision of relief 
funds results in lower savings. The reason can be attributed to a smaller 
number of slum-dwellers receiving the relief funds when the repayment 
period is 12 months. For the repayment period of 14 and 16 months, all 
the slum-dwellers benefit from relief funds as the moderate frequency 
disaster occurs at the 12th month. However, for the repayment period of 
12 months, the slum-dwellers who received the loan at the beginning 
own the business in the 11th month and thus, these slum-dwellers do not 

get the opportunity to use relief funds. The other slum-dwellers who get 
the loan a little later might save more without relief funds as they face a 
smaller number of disasters. 

4. Conclusions 

This study employed a stylised ABM to investigate the role of MFIs in 
enhancing the coping capacity as one key element of resilience of slum- 
dwellers in case of frequent disasters. In the model, slum-dwellers can 
ask for loans either from local moneylenders, via ROSCAs or MFIs, to set 
up their own business. Disasters require slum-dwellers to spend a part of 
their savings for recovery. We used three indicators, namely mean 
savings, Gini-index of savings and number of slum-dwellers owning the 
business to inform the resilience of slum-dwellers. Overall, the analysis 
suggested that provision of microcredits through MFIs has a potential to 
deal with frequent disasters. 

The in-depth analysis of MFI-related parameters indicated some real- 
world suggestions for MFI. For instance, additional awareness cam-
paigns regarding microfinance can help increase the outreach within a 
few years. Moreover, in order to utilize the relief funds intervention to 
its best, the analysis indicates towards a flexibility of repayment period 
which is also discussed by Field et al. [69] and Field and Pande [56] in 
the context without disaster. 

At the same time, however, our model also points to the need for a 
careful implementation of MFIs tailored to the local context. Specif-
ically, the analysis indicates that frequency and intensity of disasters 
must be considered while formulating strategies of MFI in order to in-
crease the coping capacity of slum-dwellers. MFIs could determine their 
repayment period based on the history of disaster frequency and in-
tensity in the area. Our explorative study suggests that repayment pe-
riods can be shorter for those slum-dwellers who can afford to pay large 
monthly instalments. Additionally, as relief funds are provided by MFI 
only once, the repayment period could be determined so that slum- 
dwellers likely face the disasters only once in their entire repayment 
period. However, such measures might not be applicable to the poorest 
who need additional time for repaying their loan. In such situations, 
additional relief funds or a flexible repayment period can be provided to 
the affected slum-dwellers. 

Apart from this, our analysis also suggests that a larger value of the 
threshold of minimum savings needed to obtain individual and group 
loans ensures a better repayment period. However, a larger threshold 
might increase the risk of group members evading their share of pay-
ment. Moreover, the slum-dwellers with meagre savings might face 
difficulties in obtaining the loan in the first place. Thus, MFIs should 
consider the repayment ability of slum-dwellers before deciding on the 
threshold. Evaluations of MFIs’ effects should explicitly report on actual 
disaster frequency and intensity to allow for an empirical analysis of the 
potential effects indicated by our explorative study. 

Altogether, our model results support the claim that providing micro- 
credits through MFIs has the potential to increase slum-dwellers’ coping 
capacity when facing frequent disasters [7,32,58,70–73]. However, 
when the frequency of disasters is high, for instance, more than one 
disaster per year, there might be a need for implementing other mech-
anisms such as microinsurance [74]. Notwithstanding, reinforcing 
physical coping capacity by strengthening the infrastructure in slums 
remains highly relevant [8] in enhancing the overall coping capacity of 
slum-dwellers. 

The ABM developed in this paper is an abstract model developed to 
understand the impact of MFI on slum-dwellers’ coping capacity. The 
processes represented in our ABM could be improved in several ways. 
For instance, slum-dwellers do not learn from their past behaviour and, 
therefore, do not have the option to trying out a loan from the MFI after a 
failure with a ROSCA or moneylender. Also, slum-dwellers can form 
groups for ROSCAs based on their convenience in reality, however, in 
the model, we have fixed the size of ROSCAs for the sake of simplicity. 
Additionally, the types of businesses started by slum-dwellers and 
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interactions among businesses might have an impact on slum-dwellers’ 
coping capacity. Thus, a parameter of type of business and interactions 
could be added in future research. Moreover, the model fails to show the 
impact of moneylender on mean savings for low level or no disasters. 
Although the reason is explainable, an additional process such as in-
fluence of ML on slum-dwellers can be added in the model to enhance 
the effect. 

Also, the scope of the model could be broadened: MFIs usually offer 
many other services such as micro savings and micro insurance. A 
combination of these services with microcredits can be added to the 
model to better understand the impact of MFI on slum-dwellers coping 
capacity. Likewise, other losses than economic ones (such as loss of life 
or illness) should be included since they also are relevant for disaster 
recovery. Finally, we assume the population constant over time, but the 
population is very dynamic in slums. As disasters are becoming more 
intense and frequent, this study can be a precursor to development of 
models, which can be used to inform policy decisions to increase the 
effectiveness of MFI and entrepreneurship in slums in case of disasters. 
Future research could incorporate also other micro-finance schemes as 

well as their impact in combination with coping mechanisms such as 
structural modifications or resettlement/rehabilitation in order to 
enhance the resilience of slum-dwellers. 
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Appendices. 

Appendix A. Scenario settings for exemplary simulation run 

Table A.1 
Scenario settings for exemplary simulation runs  

Name of the Input Parameter Baseline Baseline þ MFI Baseline þ Disaster Baseline þ MFI þ Disaster 

Baseline Parameters Minimum income 20 20 20 20 
Income range 80 80 80 80 
Expenditure (%) 90% 90% 90% 90% 
Income distribution Exponential Exponential Exponential Exponential 
Raise in income 30 30 30 30 
Number of Slum-dwellers 1000 1000 1000 1000 
Awareness about business 30% 30% 30% 30% 
Influence 3 3 3 3 
Random seed 50 50 50 50 
Capital for business 100 100 100 100 
Interest rate - moneylender 100% 100% 100% 100% 
Number of moneylenders 1 1 1 1 
Initial funds - moneylender 15,000 15,000 15,000 15,000 
Size of ROSCA 20 20 20 20 
Slum-dwellers’ ability to repay loan 50% 50% 50% 50% 

Related to MFI Awareness about MFI 0% 20% 20% 0% 
Minimum monthly savings for individual loan – 9 9 – 
Additional savings needed to obtain group loan – 10 10 – 
Amount of loan provided to groups – 2 * 100 2 * 100 – 
Interest-rate-MFI – 20% 20% – 
Repayment-period – 16 months 16 months – 
Initial funds-MFI – 20,000 20,000 – 
Preference of MFI – “lower-saving” “lower-saving” – 
Relief funds provided? – True True – 

Related to Disaster Intensity of Disaster  – 60 (Moderate) 60 (Moderate) 
Frequency of disaster – – Once in 12 months (Moderate) Once in 12 months (Moderate)  

Appendix B. Robustness Analysis 

The robustness analysis (RA) aims at exploring the impact of parameters related to slum-dwellers, moneylenders and ROSCA on coping capacity 
with a linear regression analysis. We vary disaster frequency and intensity and distinguish between simulations without MFI (baseline) with MFI. In 
the analysis, we used the three coping capacity indicators of mean savings, Gini-index of savings and the number of slum-dwellers owning a business as 
dependent variables. For each disaster scenario, we vary the parameters related to slum-dwellers, moneylenders and ROSCA as mentioned in Table 1 
of the manuscript. One way to investigate model robustness is to check whether parameter settings leading to meaningful model outcomes are in line 
with empirical values in the literature (Grimm & Railsback, 2005). We explore parameters such as minimum income level, funds with MFI and size of 
ROSCA. We do so for 10 different disaster scenarios characterized by three different intensities and frequencies. Table B1 provides a comparison 
between anticipated impact of the parameters on the coping capacity related indicators with the observed impact in case of simulations with and 
without MFI. 
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B.1. Robustness of model results 
B.2. Summary: Simulation without MFI. Figure B.1, B.2 and B.3 qualitatively summarise the result of linear regression for the RA simulations without 
MFI (https://doi.org/10.17026/dans-236-2fad). The explanatory power of the linear regressions with mean savings and Gini-index as dependent 
variables is always larger than 50% and often around 90%, i.e. a large portion of the variance in the results can be explained. For the output variable 
total slum-dwellers owning a business, the explained variance is also larger than 50% but for medium frequency and medium intensity disasters. One 
reason for the rather low explained variance in total slum-dwellers owning a business might be random or interaction effects. Moreover, none of the 
simulations with high frequency and medium intensity, high frequency and high intensity and medium frequency and high intensity disasters recorded 
any total slum-dwellers owning a business. For these simulations, a linear regression analysis was not possible. 

Key points to note:  

� The impact of most of the parameters is consistent. However, as the disaster level increases, the impact changes in terms of level of importance, 
significance, or direction. This means that some of the parameters related to slum-dwellers, moneylenders and ROSCA are sensitive to the level of 
disaster.  
� Lognormal distribution of income in the model suggests a larger savings’ inequality in the beginning. Moreover, as the participants of ROSCA have 

higher savings as compared to slum-dwellers who have borrowed loans from moneylender due to larger interest rates, the savings’ inequality 
increases once the process has started.  
� The model fails to show the impact of moneylender in an absence or low level of disaster. The reason can be attributed to smaller total slum- 

dwellers borrowing loans from moneylender initially as larger ROSCA size allows slum-dwellers with lower savings also to be a part of ROSCA 
and start their business.  
� On the contrary, in case of disasters, shorter ROSCAs, enable only the slum-dwellers with larger savings to participate in ROSCA and all other slum- 

dwellers opt for moneylender. As exponential distribution of income in the model ensures that only a few slum-dwellers have a larger savings, a 
smaller total ROSCAs are formed. Thus, most of the slum-dwellers who wish to start a business then opt for the loans from moneylender. As the 
disaster level increases, it becomes difficult for the slum-dwellers to own the business as they lack enough savings. In such a scenario, a decrease in 
initial funds with moneylender reduces the total slum-dwellers borrowing loans from moneylender and results in increased mean savings and 
decreased Gini-index. Thus, the model to an extent suggests that borrowing loans from moneylender is not feasible. 

To summarise, the impact of parameters matches the expectations provided in Table B1. Moreover, it can be logically explained, and the results 
altogether make sense. Parameters are robust and sensitive to disaster levels. However, it is important to note that the model fails to show the impact of 
moneylender on mean savings for low level or no disasters. 

B.2. Summary: Simulation with MFI 
The explanatory power of the linear regressions for all the coping capacity indicators are lower than in the baseline scenario, potentially due to 

interaction effects. Apart from this, except for the highest disaster frequency and intensity in case of mean savings and total slum-dwellers owning a 
business, the explained variance for all output indicators is greater than 50% (Figure B.4, B.5, and B.6 (Detailed regression tables: https://doi.org/10. 
17026/dans-236-2fad),). Apart from this, parameters of size of ROSCA and funds with moneylenders are insignificant after introducing MFI, which 
indicates that slum-dwellers are opting for MFI. Moreover, increase in parameters such as raise in income, minimum income and influence also 
increased the savings inequality in the slums in case of simulations without MFI. However, after introducing MFI, the increase in these parameters 
ensures a lowered savings inequality suggesting that introducing MFI has benefits. 

Altogether, the model appears to be robust as the results are sensitive to changing input parameters and show consistent effects. The model pa-
rameters are also robust and sensitive to the disaster scenarios. As the coping capacity variables are dependent upon the values selected for these 
parameters, success and failure of MFI can be dependent upon this. In sum, the model suggests that introducing MFI can foster coping capacity as 
compared to the baseline scenario.  

Table B.1 
Parameters and their anticipated impact on the output variables  

Parameters Anticipated impact on the output Observed impact (Simulation without MFI) Observed impact (Simulations with MFI) 

Raise in income Model assumes that entrepreneurship leads to increase 
in income. An increase in the value of this parameter 
might result in an increased mean savings and total 
slum-dwellers owning a business. 

Increase in raise in income increases mean savings, 
total slum-dwellers owning business and Gini-index 

Increase in raise in income increases mean 
savings, total slum-dwellers owning business 
and decreases Gini-index. 

Size of ROSCA Size of ROSCA decides the minimum savings with 
which a slum dweller can be a part of the group. The 
larger the size, the lower are the savings required to be 
a part of ROSCA. A larger size, thus, might result in 
increased mean savings and total slum-dwellers 
owning a business and a decreased Gini-index. 

Increase in size of ROSCA results in increase in 
mean savings in case without the disaster. In case of 
disasters, a lower ROSCA size results in higher mean 
savings. However, as shorter ROSCAs only consider 
slum-dwellers with higher savings, the Gini-index 
increases with an increase in savings’ inequality. 

The parameters size of ROSCA are 
insignificant for most of the scenarios, 
suggesting that more slum-dwellers are 
opting for MFI. 

Minimum income The minimum income level determines the income 
level of the slum-dweller with the lowest income and, 
thus, if this value increases, the income levels of all the 
slum-dwellers increase. Increase in the value might 
result in increased mean savings and total slum- 
dwellers owning a business and a decreased Gini-index. 

Mean savings and total slum-dwellers owning a 
business increase with increase in minimum 
income. Moreover, Gini-index also decreases. 

Increase in minimum income increases mean 
savings, total slum-dwellers owning business 
and decreases Gini-index. 
Moreover, a decrease in minimum income for 
higher level of disasters results in an increase 
in total slum-dwellers owning business when 
MFI is included. 

Initial awareness 
about business 

This parameter determines how many slum-dwellers 
would like to start a business. Increasing this parameter 
might result in an increase in total slum-dwellers 
owning a business. However, it might also generate a 

Increase in initial awareness about business 
increases mean savings, total slum-dwellers owning 
business and Gini-index 

Similar to observed impact in baseline 
without MFI. 

(continued on next page) 
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Table B.1 (continued ) 

Parameters Anticipated impact on the output Observed impact (Simulation without MFI) Observed impact (Simulations with MFI) 

need for larger initial funds within MFI or 
moneylender. 

Influence If the total slum-dwellers that are being influenced is 
larger, more and more slum-dwellers get aware about 
starting a business and MFI. An increase in this number 
might result in increased mean savings and total slum- 
dwellers owning a business and a decreased Gini-index. 

Increase in influence increases mean savings, total 
slum-dwellers owning business and Gini-index. 
It is insignificant in case of Gini-index for some of 
the scenarios. 

Increase in influence increases mean savings, 
total slum-dwellers owning business and 
decreases Gini-index. 

Initial funds 
-moneylender 

Larger initial funds with moneylenders indicates a 
greater accessibility of slum-dwellers to loans given by 
moneylenders. 
This indicator might result in an increase of total slum- 
dwellers owning a business. However, the mean 
savings might be reduced as moneylenders charge 
humungous interest rate. 

In case of absence of disaster or low level of disaster, 
an increase in initial funds with moneylender does 
not have any impact upon the mean savings but 
results in an increase in total slum-dwellers owning 
a business and a decrease in savings’ inequality. 

The parameters initial funds with 
moneylender are insignificant for most of the 
scenarios, suggesting that more slum- 
dwellers are opting for MFI. 

Income range Income range decides the range of income distribution 
among the slum-dwellers. If the income range is higher, 
few of the slum-dwellers will have savings higher than 
the rest of the population, which may result in higher 
mean savings, however, it might also increase the 
savings’ inequality. 

Increase in income range increases mean savings, 
total slum-dwellers owning business and Gini-index 

Similar to observed impact in baseline 
without MFI. 

Random seed Random seed is to ensure an element of randomness in 
the model. This parameter should have a less or a 
negligible impact on the results. 

Random seed is significant for all the scenarios in 
case of the indicator of mean savings whereas it is 
not significant for most of the scenarios of other two 
indicators. The reason behind this can be attributed 
to differing median values of income for the three 
selected random seeds. Random seed 10 has the 
highest median followed by random seed 30 and 50 
making it favourable in increasing the mean 
savings. 

Similar to observed impact in baseline 
without MFI.   
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Fig. B.1. Disaster scenario wise qualitative summary of linear regressions of RA simulations for mean savings (simulations without MFI)   
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Fig. B.2. Disaster scenario wise qualitative summary of linear regressions of RA simulations for Gini-index (simulations without MFI)   
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Fig. B.3. Disaster scenario wise qualitative summary of linear regressions of RA simulations for slum-dwellers owning a business (simulations without MFI)   
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Fig. B.4. Disaster scenario wise qualitative summary of linear regressions of RA simulations for mean savings (simulations with MFI)   
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Fig. B.5. Disaster scenario wise qualitative summary of linear regressions of RA simulations for Gini-index (simulations with MFI)   
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Fig. B.6. Disaster scenario wise qualitative summary of linear regressions of RA simulations for slum-dwellers owning a business (simulations with MFI)  
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