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ABSTRACT 

Mobile money, a service that enables money transfers via mobile networks, using phone 

plan money as an electronic wallet, revolutionized financial inclusion in Kenya over the past 

decade. It has moved beyond a mere transaction service and developed into a more complex 

financial mechanism. This thesis explores whether mobile money positively impacted the saving 

behavior of Kenyan households, using cross-sectional household surveys over several years. With 

an OLS analysis, it seems that mobile money usage had a significant but not substantial influence 

on savings likelihood. In fact, the impact on savings appears to be much greater among the 

unbanked – suggesting that mobile money is indeed an unprecedented way to reach unbanked 

individuals. An instrumented relationship, using access to mobile money agents as instrument for 

mobile money, measured by county density of agents, however, shows there is no significant effect 

of mobile money usage on savings likelihood. The results robustness could be improved with other 

data, but they suggest that policymakers should think about additional mechanisms to incentivize 

savings. 
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INTRODUCTION 

Financial inclusion aims at deepening access to financial services, defined as availability 

and usage levels of bank accounts, means of payments, savings, credit, investment, or insurance 

products. As financial exclusion disproportionately affects the poor, women and micro and small 

enterprises (Klaper et al, 2014), financial deepening has become a key concern for development 

policies (World Bank, 2016).  

Many constraints have limited financial inclusion in developing countries, in particular the 

heavy investment and infrastructure needed for banking services – starting from roads and bank 

branches. Over the last decade one phenomenon seems to have revolutionized financial inclusion 

in developing countries: mobile money. Introduced first in Kenya in 2007 with M-Pesa by 

Safaricom, the first national mobile network operator (MNO), mobile money works as a transaction 

platform that allows mobile consumers to send money to other mobile consumers, using the 

message network (eg, via SMS) and effectively using prepaid phone plans as electronic wallets. 

This system heavily relies on mobile money agents, as a consumer who wants to send money to 

someone else will have to deposit cash to an agent that will convert the cash in e-float, send the e-

float to the recipient who can in turn change the e-float into cash with an agent1.  Today, M-Pesa 

reaches a penetration rate of the adult population above 75%, while about 40% of the population 

was completely unbanked before M-Pesa’s launch ten years ago (GSMA, 2013). 

The tremendous success of mobile money in East Africa, illustrated by M-Pesa in Kenya, 

highlights key opportunities for financial inclusion policymakers, showing disruptive ways to reach 

excluded customers relying on already existing networks and infrastructures. From a mere 

transactions platform, mobile money became an informal network of peer-to-peer credit and 

                                                 
1 For more details about how M-Pesa works, and how liquidity is ensured, see Jack & Suri, 2011. 
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insurance – opening the way to a much deeper financial inclusion than initially thought (Jack and 

Suri, 2013). A couple of years ago, MNOs started to partner with banks to make the products evolve 

from mobile money to mobile banking, and offer fully-fledged financial services including savings 

and credit products exclusively accessible via mobile phone – Safaricom lead the way in 2013 with 

M-Shwari, the first mobile banking extension of M-Pesa, then KCB M-Pesa in 2015, a similar 

product with a different partner bank2.  

Previous empirical research has shown that, prior to mobile banking, consumers tended to 

cash their e-float as soon as they received it, as opposed to keeping it as electronic money (Mbiti 

and Weil, 2014). As the recent developments from mobile money to mobile banking include newly 

available savings products, they pose the question of the ability for mobile money to generate the 

right incentives for users to save more – either via keeping money electronically via their mobile 

banking savings product, or via another traditional savings product. 

RESEARCH QUESTION 

Savings are a key financial service that policymakers are trying to promote to the poor, as 

they can work as consumption-smoothing, growth-generating mechanisms. The tremendous 

success of mobile money services creates many opportunities to study financial behaviors, and in 

particular mechanisms behind adoption or rejection of financial services like savings. 

The role of technology and more specifically mobile money in incentivizing savings is the 

focus of my study. I hypothesize that mobile money usage can increase the likelihood of engaging 

in savings. My main working assumptions behind this hypothesis are that mobile money can: (i) 

liberate income for savings via reduced transaction costs and increased remittances; (ii) become an 

                                                 
2  For details and comparison of both services, see : http://fsdkenya.org/blog/m-shwari-vs-kcb-m-pesa-

convergence-or-divergence/  

http://fsdkenya.org/blog/m-shwari-vs-kcb-m-pesa-convergence-or-divergence/
http://fsdkenya.org/blog/m-shwari-vs-kcb-m-pesa-convergence-or-divergence/
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accessible and liquid savings product suited for the poor; (iii) generate bank-like behaviors leading 

to formal bank accounts opening. 

LITERATURE REVIEW 

Financial Inclusion and Mobile Technology 

Financial inclusion has been proven to improve growth and development outcomes. 

Economic theory has shown that development of the financial system improves allocation of 

resources and is a key factor for growth (Schumpeter, 1911; King and Levine, 1993; Banerjee, 

2004). In the development literature, empirical research showed that access to financial services, 

in particular savings and credit, can improve poverty levels (Burgess and Pande, 2003; Dupas et 

al, 2014) via consumption smoothing (Rosenzweig and Wolpin, 1993; Fereira and Schady, 2009) 

or decreased price of economic participation (Bruhn and Love, 2009).  

In developing countries, where poor infrastructure and low income levels render traditional 

financial services too expensive or not profitable, mobile money ignited a financial inclusion 

revolution for millions of unbanked poor by using ubiquitous mobile networks (Jack and Suri, 

2011; Demirgüç-Kunt et al, 2015).  

Focus on Kenya: M-Pesa’s Success Story 

The tremendous success of M-Pesa, Safaricom’s mobile money product in Kenya, suggests 

that mobile money can address many of the access issues faced by traditional financial services 

(Mas and Radcliffe, 2010), like poor infrastructure and significant barriers of entry. If mobile 

money started merely as a means of payment, resulting in an increase in transactions sizes and 

frequency and showing an impact mostly on remittances (Jack and Suri, 2014), evidence also 

suggests that it creates alternative financial services way beyond its original purpose, from informal 

insurance systems (Jack and Suri, 2010) to peer-to-peer credit facilities (Jack and Suri, 2013). 
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Operators have been expanding their mobile money offer to exploit this identified 

opportunity. Between 2012 and 2015, Safaricom in Kenya launched M-shwari and KCB M-Pesa, 

two mobile banking services enabling customers to save via their mobile phone, in partnership with 

brick-and-mortar banks. Savings is one of the most recent, yet promising evolutions of mobile 

money usage.  

Focus on Savings 

Empirical evidence from development and economic theory shows that even extremely 

poor people can save (Shipton, 1990; Collins and al, 2009) as they don’t exhaust all of their income 

(Banerjee and Duflo, 2006). When given small incentives, like reminders (Atkinson et al, 2013; 

Kast et al, 2010) or a lock box, i.e. a safe, trusted and accessible place to save (Dupas & Robinson, 

2013), people are keen on saving money that they might not have resisted spending otherwise 

(Duflo et al, 2011), suggesting that there is a real demand for savings products but not many are 

actually compatible with incomes and ways of living of poor households in developing countries. 

Moreover, behavioral studies show that people tend to pay more attention to everyday expenses 

like food, but can put less attention on less salient expenses like a rent or a loan which is predictable 

but infrequent, a childbirth which is predictable but distant, or medical expenses for an illness 

which is simply unpredictable – and consequently, people tend to save inadequately (Karlan et al, 

2015). 

Savings and Digital Financial Inclusion: Experimental Literature 

Existing literature on savings and digital financial inclusion is mostly experimental, looking 

at the impact of specific promotion campaigns or nudge programs on mobile money take-up and 

longer-term savings changes. For example, Aaron Dibner Dunlap from Innovations for Poverty 

Action (IPA) is currently using mobile phones for behavioral nudges to encourage savings, via text 
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reminders3. The High Hopes project in Tanzania, carried out by James Habyarimana and Billy Jack 

from Georgetown University, showed via a Randomized Controlled Trial (RCT) that parents 

offered and incentivized to open mobile banking accounts were more likely to send their kids to 

high school – suggesting they were actually using the accounts for long-term savings. 

Savings and Digital Financial Inclusion: Non-Experimental Literature 

Experimental literature is in general limited to studying the impact of specific promotional 

or nudging programs as opposed to the overall impact of a product through market-induced take-

up. If experiments are able to identify strong causal effects between mobile money products and 

specific behaviors, they can’t take into account general equilibrium effects, and may be undermined 

by selection biases. Non-experimental literature on savings and mobile money is rather sparse – 

this thesis aims at contributing to it. Mbiti and Weil published in 2014 a data-intensive analysis of 

the impact of M-Pesa in Kenya, using data from the 2006 and 2009 FinAccess household surveys 

published by FSD (Financial Sector Deepening). They showed, using summary statistics analyses 

on household survey variables, combined with a velocity analysis of transaction data and market 

equilibrium insights using changes in prices, that M-Pesa wasn’t used to store value. This thesis 

uses the same household survey, relying on two subsequent years of data collected in 2013 and 

2015 (after the introduction of mobile banking), to analyze savings behaviors on mobile money – 

not from a market standpoint like Mbiti and Weil, but from a behavioral standpoint using an 

instrument variable to try identifying the same causal effects experiments have seemed to show. 

                                                 
3 See more information : http://www.poverty-action.org/publication/messaging-replication-program-brief  

http://www.poverty-action.org/publication/messaging-replication-program-brief
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THEORY OF CHANGE 

My thesis will test the hypothesis positing that:  

(H) Mobile money usage increases the likelihood of engaging in 

savings.  

I conceptualize that mobile money can positively affect savings in three ways: 

(i) By freeing up income. Mobile money products have been shown to increase income via 

increasing remittances size and number as they usually are the cheapest option for money transfers 

(Jack and Suri, 2014). More generally, electronic payment systems are more efficient than cash 

and other alternatives, reducing transaction costs and time (Aker et al, 2014), and are less prone to 

mistakes, theft or corruption (Muralidharan et al., 2014). Hence, adoption of mobile money can 

result in a direct increase in income that could increase the likelihood of engaging in savings.  

(ii) As a savings product itself. Mobile network operators are not banks, and typically 

cannot hold deposits let alone remunerate them for regulatory reasons (CGD, 2015). However, in 

Kenya in particular, regulators have been working with MNOs and banks to leverage the success 

of mobile money and transform it into a real, long lasting banking opportunity for mobile (and 

sometimes otherwise unbanked) customers. In this context, in late 2012 Safaricom launched in 

partnership with Commercial Bank of Africa (CBA) the mobile banking service M-shwari which 

enables customers to create an electronic CBA account via their mobile phone, and use it to save 

and borrow money. Following the success of M-shwari, Safaricom launched early 2015 another 

similar product with rival bank KCB: the KCB-Mpesa account. These new products are likely to 

incite Mpesa customers to save, as the mobile banking accounts are seamlessly integrated with the 

Mpesa account and pay interests on savings, as well as create an income track record necessary to 

ask for credit, which may be a huge incentive. In particular, I anticipate it might have a larger effect 

on otherwise unbanked customers.   



7 

 

(iii) As a behavioral change mechanism leading to usage of formal bank accounts and 

savings products.  Many argue that mobile money should merely be a bridge towards formal 

financial inclusion (Dupas et al, 2014), in front of the regulatory challenges facing mobile network 

operators whose diversification towards bank-like services cannot go unregulated (CGD 2015, 

Khiaonarong 2014). The Payment Aspects of Financial Inclusion (PAFI) Taskforce of the World 

Bank works in that direction, under the assumption that access to digital payment services like 

mobile money will raise awareness on banking benefits and generate new openings of bank 

accounts (BIS, 2015). 

EMPIRICAL STRATEGY 

An empirically study of the relationship between mobile money usage and savings will 

have to rely on: (i) existing and publicly available data; and (ii) a model describing within this data 

the tested relationship between mobile money and savings. 

Existing Data 

In the financial inclusion realm, both macro and micro data are available. 

a) Macro data, at the country level: 

i) Financial inclusion indicators like the Global Findex Survey developed by 

the World Bank in 2014, or the G20 Financial Inclusion Indicators. 

ii) Regulatory environment and payments systems comparisons like the Global 

Payment Systems Survey from the World Bank. 

iii) Geographic mapping of financial services like Gates Foundation’s 

geospatial mapping of financial services in Kenya in 2015. 

b) Micro data: 
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i) At the consumer level: country-wide household surveys including financial 

services questions; household surveys from randomized experiments. 

ii) At the service provider level: country-wide surveys of financial service 

providers like Agent Network surveys; administrative data from regulators. 

iii) At the transaction level: administrative data from service providers. 

As the question is behavioral, I will rely on micro data primarily. The FinAccess Survey 

conducted and published in Kenya by FSD, Financial Sector Deepening, is a household survey 

extensively covering financial access questions on a representative sample of the Kenyan adult 

population over four different years: 2006, 2009, 2013 and 2015. 

Main Model and Assumptions 

Relying on a pooled cross-section of household surveys, the empirical model will have to 

describe the relationship of interest at the household level. Assuming that the relationship is linear 

in parameters, I can rely on the Ordinary Least Squares (OLS) method to test the hypothesis with 

the following equation: SAVINGS = B0 + B1*MM + [covariates] + e, where MM represents 

mobile money usage, SAVINGS the usage of a saving product, e the error term, and the covariates 

factors related to both savings and mobile money controlled for. Using the data from the sample, I 

will have to test whether B1 is significant at the population level and positive. 

The Gauss-Markov assumptions as enumerated by Wooldridge (see Appendix A) give us 

five conditions under which the estimate B1 drawn from the sample will be an unbiased and 

efficient estimate of the population coefficient. This empirical strategy aims at verifying that those 

assumptions hold, and under what conditions if any. I take for granted that the model assumes 

linearity in parameters (MLR #1). The statistical software used makes sure that there is no perfect 

collinearity between the covariates (MLR #3) and corrects for homoscedasticity (MLR #5) by 

calculating robust standard errors. More attention needs to be drawn on the last two assumptions: 
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- Having a random sample (MLR #2) 

- Eliminating omitted variable bias, i.e. endogeneity problems (MLR #4 or zero 

conditional mean) 

Random Sample 

The dataset pools cross-sectional household surveys in Kenya from four different years: 

2006, 2009, 2013 and 2015. The randomness of the sample will be assured by a proper sampling 

methodology for each year, and by a correct pooling approach over the years. 

Sampling Methodology and Weights 

The FinAccess household surveys were collected by the Kenya National Bureau of 

Statistics (KNBS) and Financial Sector Deepening (FSD) in Kenya, using stratified multistage 

cluster sampling methodology to select a representative cross-sectional sample. The study was 

designed to get estimates for usage by adults 18 and over. The survey relies on the NASSEP 

sampling frame (National Sample Survey Evaluation Program) developed by KNBS based on the 

population census conducted every decade.  

For years 2006 and 2009, the sampling methodology relied on the NASSEP IV framework, 

while years 2013 and 2015 relied on the NASSEP V framework which is an update of the former 

based on the new population census conducted in 2009. 

Unfortunately, the data I was able to retrieve is somewhat incomplete. For each year of the 

survey, the sampling methodology relies on NASSEP clusters, but the cluster information is 

missing for the years 2006 and 2009. This limits my abilities in terms of survey settings when 

running the regressions – it shouldn’t bias the estimates of the coefficients but may result in 

incorrect standard errors and p-values. I will be able to use proper cluster settings for single year 

analyses only, for years 2013 and 2015.  
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For that kind of complex and stratified sampling, raw weights should be applied to 

individual observations as opposed to normalized weights that wouldn’t account for the survey 

design noise (Hahs-Vaughn, 2005). Unfortunately, the 2009 dataset only contains normalized 

weights information. Hence, I won’t be able to utilize 2009 data in my analysis, as it is not possible 

to compare samples with different weights. The dataset remains large enough to infer significant 

results without the 2009 observations, as each year individually contains from five thousand to 

more than eight thousand observations. 

For each year, I verify that weights add up to the total underlying population, which is the 

Kenyan adult population (aged 18 and over). The United Nations Statistics Division estimated that 

in 2012, about 42% of Kenyan population was under 154. As the Kenyan population oscillated 

around 40 million inhabitants over the past 10 years, I estimate that the underlying population, for 

each year, is about half of this – which is verified when summing the weights. 

Pooling Over Years 

Normally, pooling over years of individually random samples should produce a random 

and representative sample of x times the Kenyan adult population, x being the number of years 

pooled. However, there is something particular in the variation over time: the first year of data, 

2006, was collected before mobile money even existed in Kenya, as M-Pesa was launched in 2007 

(see Figure 1). If this seems like it could bring an interesting amount of variation in the overall 

sample, it would bias the results as this variation wouldn’t be random: people in 2006 don’t use 

mobile money, not because of specific reasons that may keep them away from it (and influence or 

not their savings behavior - which is what this thesis is trying to assess), but simply because they 

couldn’t be on M-Pesa as it didn’t exist. Hence, the absence of mobile money usage in 2006 doesn’t 

                                                 
4  For details, see United Nations Statistics Division, 

http://unstats.un.org/unsd/demographic/products/indwm/default.htm  

http://unstats.un.org/unsd/demographic/products/indwm/default.htm
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correspond to a counterfactual to my hypothesis, but to a whole different group of people whose 

mobile money behaviors by definition cannot be compared to other years. 

In the absence of panel data, which would enable us to track back the same households 

before the existence of mobile money with respect to mobile money usage later, the 2006 cross-

section doesn’t allow us to differentiate between households who don’t use mobile money because 

they wouldn’t if it was available, and those who would if it existed. Hence, I will exclude 2006 

from the overall analysis. To see how the model behaves when including the year 2006, see 

Appendix B. 

Moreover, including 2006 could mean including decade-long temporal dynamics in the 

comparison between 2006 and 2015 data, which would be hard to control for with fixed effects on 

merely three years of data points. Indeed, the covariates that will be included in the analysis are far 

from being constant over time from 2006 and 2015 (for example, an unbanked dummy), and it 

would be hard to effectively control for them with such a wide time gap and only a couple of years 

to interact covariates with. 

2006 2007 

M-Pesa 

 

2009 2013 2013 

M-Shwari 

(mobile 

banking) 

2015 

N = 4’368 N = 6’598 N = 6’449 N = 8’665 

Figure 1. Years of data collection and sample sizes 

 

The weights limitations and time variations thus reduce the sample to years 2013 and 2015. 

Endogeneity Problem 

Mobile money usage and savings behaviors are closely related, as they both determine 

financial behaviors. Hence, a simple correlation between the two will fail at separating the effect 

of mobile money on savings from the effects of other covariates associated both with mobile money 
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and savings - like, for example, income or age. This thesis will identify those spurious factors and 

control for them when possible, using data available in the survey. Yet, it won’t be enough to 

separate the variable of interest from the error term, because of two main phenomena: 

(i) unobservables: people who register on mobile money are probably intrinsically 

different from people who don’t, including in many ways that affect savings but that 

aren’t measured in the survey - propensity to spend or appetite for technology are 

psychological factors hard to measure efficiently in self-reported surveys, yet 

crucial in informing savings and mobile money decisions. 

(ii) two-way correlation: if one is able to show a positive correlation, it is hard to 

disentangle whether people who have mobile money tend to be more likely to use a 

savings product because mobile money induces them to save, or because their 

savings in the first place are what enabled them to register on mobile money (by 

being able to buy a phone, for example), or what triggered them into registering 

because as savers they already saw the benefits of alternatives to only having cash. 

To correct for these two pitfalls, I will adopt an instrument variable strategy. By predicting 

the main variable of interest, mobile money usage, with a relevant and exogenous instrument, I 

may be able to get rid of the two-way correlation and other endogeneity problems between savings 

and mobile money. The instrument that I will use is the ease of access to mobile money agents. 

The Gates Foundation mapping of financial services of 20155 maps all mobile money agents 

around the country. It enables me to calculate a county density of mobile money agents that will 

be the proxy for the instrument. The map below (figure 2) show financial services providers in 

Kenya in 2015: mobile money agents are represented with maroon dots6. 

                                                 
5 More information and data available here: http://fsdkenya.org/dataset/finaccess-geospatial-2015/  
6 Details on http://www.fspmaps.com  

http://fsdkenya.org/dataset/finaccess-geospatial-2015/
http://www.fspmaps.com/
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Figure 2. Kenya, map of mobile money agents (2015) 

 

Instrument 

The density variable, defined as the number of agents in a given county divided by the 

county area in kilometers square will be used to instrument mobile money usage. The area 

information for each county comes from the Kenyan National Bureau of Statistics (KNBS) and is 
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available on their website7. The table 1 below verifies that the instrument contains a healthy amount 

of variation within the dataset. 

Table 1. Summary Statistics of the Instrument Variable 

     

VARIABLE Mean* Std. Dev.* Min Max 

     

density 3.06 6.659 .002 21.08 
*estimations on the entire population applying weights on sample observations 

Unfortunately, the mapping was only released for one year, in 2015. Though number of 

agents has tended to increase quite dramatically over time, I estimate that the 2015 mapping of 

agents is highly correlated with a 2013 mapping of agents and think that the variable could 

reasonably capture access to mobile money agents across a couple of years. 

Relevance 

The first identifying assumption for an instrument variable is that the instrument must be 

relevant. County density of mobile money agents must be a significant predictor of mobile money 

usage. Based on my experience on the field, availability of agents around an individual seem to 

matter a lot in mobile money uptake - it’s one of the top barriers cited by users when they don’t 

use mobile money. 

This is a condition that will be easy to prove statistically, by verifying that there’s a 

significant relationship between mobile money usage and density of agents. 

Exogeneity 

The second identifying assumption is that the instrument must be exogenous: density 

shouldn’t be correlated with savings behaviors except through mobile money usage.  

                                                 
7 http://www.knbs.or.ke/index.php?option=com_content&view=article&id=176&Itemid=645  

http://www.knbs.or.ke/index.php?option=com_content&view=article&id=176&Itemid=645
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Intuitively, it seems reasonable to think that a person’s decision to save or not part of her 

income is not directly influenced by whether or not mobile money agents are available around her, 

unless that person wants to save on her mobile account.  

A closer look to the field though would quickly suggest that many spurious factors influence 

both mobile agents distribution and savings behaviors. Indeed, agents are commercially motivated 

to become a mobile money agent - they are not randomly assigned or allocated on the territory by 

some external factor or government policy, but they will decide or not to become an agent based 

on the business prospects that such an activity entail, assuming agents are rational. Hence, agents 

will open up where they are likely to have customers, e.g. for example where more people are 

concentrated (in urban areas) or where people are more wealthy (and more likely to have a phone, 

or to be willing to make financial transactions at all). These factors are most certainly also 

correlated with savings behaviors, as they influence financial access and financial behaviors. 

However, one can reasonably overcome this non-random assignment of agents on the 

territory, for two reasons: 

(i) In 2015, agents are fairly ubiquitous in Kenya - there are over 85’000 agents around 

the country, covering most of the territory including the most remote villages, and 

one could think that mobile money agents have reached a level of capacity that could 

make their distribution as if random in many places8. 

(ii) If the distribution of mobile money agents is determined by a commercially 

motivated purpose, it is a predictable pattern that I should be able to control for. It 

is reasonable to think that factors that agents may perceive, and which could 

influence their decision to open up somewhere, all are factors that one can 

                                                 
8 The Geospatial mapping of 2015 roughly covers 65'000 agents, though according to the methodology it 

doesn’t seem to translate a systematic exclusion of some agents, but rather a sampling method. 
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anticipate, and measure - for example, urban/rural dichotomy to account for 

population density, or level of wealth to account for business prospects. Hence, 

including key controls from the survey, I could construct a conditional exogeneity 

of density with respect to the likelihood of saving. 

The conditional exogeneity of density will be the main driver for including controls into 

the regression model: the ultimate model should control for all factors that could affect both agent 

density and savings, and that I list below. 

- Geography: urban/rural dummy is a great proxy for population density 

- Commercial bias (reasons that would make agents more likely to anticipate profits 

and open up a mobile money branch): education, numeracy, wealth, 

unbanked/banked dummy. All those variables seem to be positively correlated both 

with savings directly, and with agents repartition through the perception of profits 

that agents may have in a given community that would be more likely to adopt 

mobile money. It is important to note that even though agents may not be aware of 

those factors when they open in a location, those factors act as proxies for what 

could be a perceived reality by prospective agents. 

- Community bias: livelihood category, female, age, marital status, religion. If these 

elements at the household level don’t seem to be directly related to density of mobile 

money agents (though they are definitely correlated with savings as they influence 

someone’s perception of old age), they presumably measure inherent characteristics 

of households that reflect community dynamics that may be linked to agents’ 

density – for example, entrepreneurial spirit, family or religious values in the 

community, which may be direct factors of agents’ opening up. 
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Contrary to the relevance condition, it is not possible to statistically prove exogeneity. I 

will perform some checks which completion would be necessary for an exogenous instrument, but 

no test will ever be sufficient. In particular, I will verify that after controlling for the identified 

covariates, density doesn’t significantly predict savings usage. 

DATA DESCRIPTION 

Variables 

Measure Variable Variable Definition 

Savings usage savings Dummy variable equal to 1 if the respondent currently uses 

a savings product (formal and informal) and 0 if not 

Mobile money usage mm Dummy variable equal to 1 if the respondent currently is 

registered on a mobile money account and 0 if not 

Geographical area urban Dummy variable equal to 1 if the respondent lives in a 

urban area 

Banking situation unbanked Dummy variable equal to 1 for respondents who currently 

don’t have a bank account, and 0 for respondents who do 

Gender female Dummy variable equal to 1 for female respondents and 0 

for male respondents 

Age age Continuous variable equal to the age of the respondent  

Marital status maritalgp Categorical variable taking the following values: 1 for 

single, 2 for married, 3 for other (divorced, widowed, etc.) 

Religion religiongp Categorical variable taking the following values: 1 for 

Christianity, 2 for Islam, 3 for other or no answer 

Education level education Categorical variable taking the following values: 1 for 

None, 2 for Primary (some or completed), 3 for Secondary 

(some or completed), 4 for Tertiary (some or completed) 

Numeracy numeracy Ordered categorical variable taking values from 0 to 2 

based on two basic calculations questions included in the 

survey (1 point per correct answer to the questions) 

Wealth wealthindex Continuous variable taking values from -1.5 to +3 

corresponding to a factor analysis of assets and dwelling: 

- Ownership of: radio, TV, bicycle, motorcycle, car, 

refrigerator 

- Type of walls 

- Type of water access point and type of toilets 

- Type of cooking fuel used and type of lighting 
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- Number of sleeping rooms per person 

- Education of the household head 

wealth_quint Ordered categorical variable taking values from 1 to 5 

depending on which quintile the household is situated for 

the previously calculated index, within a given year 

Livelihood type livelihoodcat Categorical variable taking the following values: 1 for 

agriculture, 2 for employed (wage), 3 for own business 

(nonagricultural), 4 for dependent, and 5 for other. 

Both wealth index and wealth quintile are included to measure wealth because of inherent 

differences between years, that even year fixed effects probably won’t control for. Wealth quintile 

will be a more objective measure of wealth because it is a relative measure calculated separately 

for each year; wealth index is an absolute measure that conflates all years together, but will offer 

more variation and information as a continuous variable. 

Summary Statistics 

List of Variables 

Table 2. Summary Statistics 

     

VARIABLES Mean* Std. Dev.* Min Max 

     

savings 0.626 .48 0 1 

mm 0.671 .47 0 1 

unbanked 0.657 .47 0 1 

urban 0.360 .48 0 1 

female 0.515 .50 0 1 

age 38.11 15.9 18 100 

maritalgp 1.927 .58 1 3 

religiongp 1.126 .41 1 3 

education 2.348 .84 1 4 

numeracy 0.951 .83 0 2 

wealthindex 0.0582 1.04 -1.5119 3.2845 

wealth_quint 3.006 1.41 1 5 

livelihoodcat 2.366 1.46 1 5 

     
Estimates including years 2013 and 2015 from FinAccess Household Survey, FSD Kenya 

*estimations on the entire population applying weights on observations9 

                                                 
9 Because the results are estimated (using weights), they come with standard errors (due to sampling errors) 

that I decide not to show because they are fairly small (< .01) hence reflect a fairly high level of confidence, and to 

avoid confusion with the population standard deviation. 



19 

 

 

Applying weights on the sample to obtain estimations that are representative of the whole 

adult population, I calculate mean and standard errors on all of the variables. Roughly 63% of the 

population is estimated to be using a saving product, and 67% to use mobile money, though about 

66% is unbanked overall, suggesting most people save informally via ROSCAs (ROtating Savings 

and Credit Association) or other savings groups. The high average age is due to the fact that the 

sample is only representing adult population, above 18. An average household has primary but no 

secondary education. The sample is gender-balanced, and standard deviation of the population is 

around .5 for all dummy variables. 

Evolution of Variables of Interest 

The evolution of means over time is directly readable for continuous and dummy variables. 

Table 3. Evolution of Means of Interest Over Time 

 (1) (2) (3) 

 Means Means Means 

VARIABLES Both years 2013 2015 

    

savings 0.627 0.582 0.664 

mm 0.671 0.619 0.714 

unbanked 0.657 0.706 0.616 

urban 0.360 0.352         0.366 

female 0.516 0.516 0.516 

age 38.10 37.46 38.64 

education 2.348 2.324 2.369 

numeracy 0.950 1.009 0.901 

wealthindex 0.0586 0.0883 0.0337 

    

Observations 14,057 5,849 8,208 

  

The variables highlighted in bold are the key variables of the analysis. They significantly 

evolve over time contrary to the other covariates that tend to be more constant. Likelihood to save 

increases by 8 percentage points over 2 years, from 58% to 66%, while mobile money usage 

increases by almost 10 points, from 62% to a little over 71%. Less people are unbanked in 2015 
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than in 2013, likewise decreasing by about 10 percentage points from 70% to 62%. The figure 3 

below illustrates those changes in time. 

The other covariates rather steady means verify that the 2013 and 2015 samples are 

comparable on observables characteristics. Most covariates remain relatively the same across 

both years, apart from age that seems to increase on average by 1 year in 2015 compared to 2013, 

though I think it is not a very significant difference, especially knowing that there are about 300 

missing values for age in 2013, which would be a reason for getting more measurement error and 

noise for this variable. The one variable that significantly changes between the two years is the 

wealth index, for which the mean is more than halved between 2013 and 2015 – though both 

means remain small and close to zero. This observation confirms the necessity to add a wealth 

quintile variable measured within each year, on top of the wealth index continuous measure that 

may arbitrarily compare absolute values of wealth across years. 
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Figure 3. Changes in Time of savings, mm and unbanked 

RESULTS 

Main Relationship 

The OLS regression of savings on mobile money, incrementally adding covariates is shown 

in Table 4 and interpreted below, column by column. 

1. Simple correlation between savings and mm: 

 Mobile money’s coefficient is very significant and positive. It seems that having 

mobile money increases chances of savings by 37 percentage points. 

2. Adding all covariates except for unbanked: 

 The significant increase in the R² shows that the new relationship explains more of 

the variation in savings. 

 Most of the covariates are very statistically significant (p-value < 0.01), except for 

urban, age, wealthindex (though wealth quintile is). 

 The drop in observations is due to missing values, for age (337 missing in 2013) 

and marital status (23 missing in 2015). It is not a matter of concern as those 

numbers are negligible compared to the overall size of the dataset. 
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3. Adding year fixed effects has a rather small effect on the R², and on the mm coefficient. 

4. Adding the unbanked control has a strong downward impact on the mm coefficient which 

remains significant. The R² increases substantially. 

 Unbanked is included along with an interaction with a year dummy (unbanked13), 

after observing in figure 3 that the proportion of unbanked people significantly 

decreases over time. Unbanked people in 2013 are probably not the same kind of 

people than unbanked people in 2015, and adding an interaction terms allows for 

the slope of the unbanked variable to vary across years. 

5. Adding an interaction between mobile money and unbanked, to allow for the coefficient of 

mobile money to change between banked and unbanked people, has a great influence on 

the mm coefficient which becomes close to zero (and actually flips sign) and loses much of 

its significance, while the interaction term is very significant. 

Because unbanked and its interaction seem very critical to the relationship between savings 

and mobile money usage, I will continue to single out this covariate in the rest of the analysis.  
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Table 4. OLS Results 

 (1) (2) (3) (4) (5) 

VARIABLES Savings Savings Savings Savings Savings 

      

mm 0.373*** 0.253*** 0.238*** 0.186*** -0.0352* 

 (0.00994) (0.0115) (0.0117) (0.0116) (0.0213) 

unbanked    -0.400*** -0.672*** 

    (0.0113) (0.0235) 

unbanked_mm     0.338*** 

     (0.0261) 

urban  -0.0127 -0.0124 -0.0243** -0.0217** 

  (0.0112) (0.0110) (0.0105) (0.0105) 

female  0.0573*** 0.0580*** 0.0826*** 0.0822*** 

  (0.00940) (0.00936) (0.00906) (0.00901) 

age  -3.52e-05 -0.000257 -0.000688** -0.000780** 

  (0.000334) (0.000334) (0.000316) (0.000312) 

maritalgp  0.0411*** 0.0390*** 0.0293*** 0.0320*** 

  (0.00897) (0.00894) (0.00850) (0.00844) 

religiongp  -0.0876*** -0.0883*** -0.0918*** -0.0906*** 

  (0.0111) (0.0110) (0.0106) (0.0106) 

education  0.0753*** 0.0698*** 0.0382*** 0.0377*** 

  (0.00706) (0.00705) (0.00679) (0.00671) 

numeracy  0.0235*** 0.0285*** 0.0125** 0.0155** 

  (0.00643) (0.00639) (0.00611) (0.00609) 

livelihoodcat  -0.0240*** -0.0347*** -0.0283*** -0.0292*** 

  (0.00318) (0.00332) (0.00314) (0.00312) 

wealthindex  -0.0135 -0.00412 -0.0314** -0.0272* 

  (0.0154) (0.0150) (0.0142) (0.0139) 

wealth_quint  0.0562*** 0.0535*** 0.0467*** 0.0446*** 

  (0.0102) (0.0101) (0.00957) (0.00939) 

Constant 0.377*** 0.142*** 0.156*** 0.434*** 0.633*** 

 (0.00831) (0.0443) (0.0441) (0.0448) (0.0476) 

      

Observations 14,394 14,034 14,034 14,034 14,034 

R-squared 0.132 0.194 0.202 0.273 0.284 
Robust standard errors in parentheses 

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

(3), (4), (5) year fixed effects included 

(4), (5) year interaction with unbanked included 

(5) year interaction with unbanked_mm included 
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With an instrument variable strategy, initially it won’t be possible to include an interaction 

between unbanked and mobile money in the models. To do so, I would need another instrument as 

the interaction term would be another endogenous variable, and a model with two endogenous 

variables yet one single instrument would be under-identified and couldn’t run. The second to last 

Results sub-section explores this aspect further, but the main results presented below don’t interact 

unbanked and mobile money. 

Testing the Identification Strategy 

Relevance 

After controlling for the covariates identified to meet the conditional exogeneity condition, 

density is statistically significant, at the 99% level, to predict mm usage (Table 5, column 1). This 

result holds whether I control for unbanked or not (Table 5, column 2). 

Exogeneity 

Though there are no formal statistical tests for exogeneity, some checks can be performed: 

- I verify that in the main model, when adding density on top of mobile money and 

all of the covariates to explain savings, density is not significant. This test passes in 

column (1) and (2) of Table 6 below, with and without unbanked as a control. 

- When dropping mobile money from this equation, density remains significant 

(column (3) and (4)) to predict savings. This result could undermine the relevance 

assumption. If I assume relevance, this result could indicate that mobile money itself 

may not have a significant effect on savings, because its component associated with 

density (which exists according to the relevance test) doesn’t influence the density 

coefficient so much as to make it become significant in equation. 
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Table 5. Relevance Test 

 (1) (2) 

VARIABLES MM MM 

   

density 0.00173*** 0.00178*** 

 (0.000651) (0.000664) 

unbanked -0.182***  

 (0.0113)  

urban -0.0101 -0.00416 

 (0.0104) (0.0106) 

female -0.0175** -0.0283*** 

 (0.00861) (0.00859) 

age -0.00202*** -0.00190*** 

 (0.000320) (0.000323) 

maritalgp 0.0549*** 0.0600*** 

 (0.00800) (0.00808) 

religiongp -0.0931*** -0.0937*** 

 (0.0103) (0.0103) 

education 0.0764*** 0.0915*** 

 (0.00646) (0.00644) 

numeracy 0.0645*** 0.0722*** 

 (0.00590) (0.00595) 

livelihoodcat -0.0232*** -0.0265*** 

 (0.00320) (0.00324) 

wealthindex -0.0413*** -0.0331*** 

 (0.0120) (0.0123) 

wealth_quint 0.0866*** 0.0927*** 

 (0.00853) (0.00868) 

Constant 0.404*** 0.313*** 

 (0.0398) (0.0397) 

   

Observations 14,034 14,034 

R-squared 0.269 0.254 
Robust standard errors in parentheses 

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

(1), (2) year fixed effects included ; (1) unbanked year interaction included 
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Table 6. Exogeneity Checks 

 (1) (2) (3) (4) 

VARIABLES Savings Savings Savings Savings 

     

mm 0.186*** 0.232***   

 (0.0116) (0.0118)   

density 0.000465 0.000480 0.000788 0.000891 

 (0.000781) (0.000829) (0.000784) (0.000841) 

unbanked -0.400***  -0.434***  

 (0.0113)  (0.0111)  

urban -0.0266** -0.0133 -0.0285** -0.0143 

 (0.0110) (0.0116) (0.0111) (0.0117) 

female 0.0828*** 0.0603*** 0.0795*** 0.0537*** 

 (0.00907) (0.00936) (0.00922) (0.00960) 

age -0.000676** -0.000331 -0.00105*** -0.000772** 

 (0.000317) (0.000336) (0.000319) (0.000340) 

maritalgp 0.0292*** 0.0377*** 0.0394*** 0.0516*** 

 (0.00851) (0.00895) (0.00861) (0.00912) 

religiongp -0.0918*** -0.0887*** -0.109*** -0.110*** 

 (0.0106) (0.0110) (0.0107) (0.0113) 

education 0.0383*** 0.0673*** 0.0526*** 0.0885*** 

 (0.00680) (0.00705) (0.00684) (0.00711) 

numeracy 0.0127** 0.0262*** 0.0247*** 0.0429*** 

 (0.00612) (0.00639) (0.00616) (0.00646) 

livelihoodcat -0.0284*** -0.0344*** -0.0327*** -0.0406*** 

 (0.00314) (0.00331) (0.00321) (0.00341) 

wealthindex -0.0329** -0.0134 -0.0406*** -0.0211 

 (0.0144) (0.0153) (0.0143) (0.0152) 

wealth_quint 0.0472*** 0.0563*** 0.0633*** 0.0778*** 

 (0.00962) (0.0101) (0.00950) (0.0101) 

Constant 0.431*** 0.215*** 0.506*** 0.288*** 

 (0.0452) (0.0467) (0.0451) (0.0470) 

     

Observations 14,034 14,034 14,034 14,034 

R-squared 0.273 0.204 0.249 0.166 
Robust standard errors in parentheses 

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

(1) to (4) year fixed effects included; (1), (3) unbanked year interaction included 
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Instrumented Relationship 

Consistent with the preliminary intuition from column (3) and (4) of Table 6, the 

instrumented results below (Table 7) seem to indicate that mobile money is not a significant factor 

in predicting likelihood of savings overall. The instrumented relationship seems to confirm that the 

OLS didn’t capture the relationship accurately, in that it was finding mobile money significant (up 

to the 99% level without including the interaction term between unbanked and mm) in predicting 

savings (see column 1 vs column 2 in Table 7 below). However, the OLS regression also gave a 

preview of this result as mm was losing much of its explanatory power when interacting mm and 

unbanked, suggesting that mm usage didn’t really predict savings behaviors directly (or not as 

much as one could have thought), though it had a much greater impact on savings for unbanked 

people compared to banked people. 
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Table 7. IV Second Stage Results vs OLS Results 

 (1) (2) (3) 

 Savings Savings Savings 

VARIABLES IV OLS OLS 

    

mm 0.455 0.186*** -0.0352* 

 (0.466) (0.0116) (0.0213) 

unbanked -0.352*** -0.400*** -0.672*** 

 (0.0862) (0.0113) (0.0235) 

unbanked_mm   0.338*** 

   (0.0261) 

urban -0.0239** -0.0243** -0.0217** 

 (0.0110) (0.0105) (0.0105) 

female 0.0875*** 0.0826*** 0.0822*** 

 (0.0125) (0.00906) (0.00901) 

age -0.000133 -0.000688** -0.000780** 

 (0.00103) (0.000316) (0.000312) 

maritalgp 0.0145 0.0293*** 0.0320*** 

 (0.0271) (0.00850) (0.00844) 

religiongp -0.0668 -0.0918*** -0.0906*** 

 (0.0454) (0.0106) (0.0106) 

education 0.0178 0.0382*** 0.0377*** 

 (0.0358) (0.00679) (0.00671) 

numeracy -0.00466 0.0125** 0.0155** 

 (0.0305) (0.00611) (0.00609) 

livelihoodcat -0.0221* -0.0283*** -0.0292*** 

 (0.0114) (0.00314) (0.00312) 

wealthindex -0.0218 -0.0314** -0.0272* 

 (0.0227) (0.0142) (0.0139) 

wealth_quint 0.0239 0.0467*** 0.0446*** 

 (0.0410) (0.00957) (0.00939) 

Constant 0.323 0.434*** 0.633*** 

 (0.200) (0.0448) (0.0476) 

    

Observations 14,034 14,034 14,034 

R-squared 0.223 0.273 0.284 
Robust standard errors in parentheses 

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

(1) to (3) year fixed effects included; (2), (3) unbanked year interaction included 

 

Those results are somewhat consistent with the non-experimental literature, but slightly at 

odds with the experimental literature which tends to show a causal relationship between mobile 

money account opening and savings.  
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To further understand these results, it would be helpful to be able to add an interaction to 

the instrumented relationship – to compare the OLS results with the interaction and the 

instrumented results with the same interaction. Unfortunately, because the interaction involves the 

endogenous variable mobile money, it would require to add the interaction term to the list of 

endogenous variables predicted by the instruments 10  - and hence, would require a second 

instrument. 

Analysis of the Interaction unbanked*mm: Second IV 

The Gates Foundation mapping data also contains information about bank agents and 

ATMs. Though they both are significantly less ubiquitous than mobile money agents, I try to use 

density of either of them as an instrument for the interaction term, on the grounds that the 

interaction term involves a banking component, which may be influence by availability of banking 

agents or ATMs. County density of ATM agents proves irrelevant for predicting the interaction 

term, which is not too surprising given the scarcity of ATMs – there are merely 624 observations 

in the ATM mapping, for 47 counties11. 

Instrument for the Interaction Term 

I test the relevance of county density of banking agents (named densitybank) for the 

interaction term, unbanked_mm, in the Table 8 below. It is significant though only at the 90% level 

(column 1). I verify at the same time that density (of mobile money agents) is also a significant 

predictor of the interaction (column 2), and that density of bank agents is a predictor of mobile 

money usage (column 3 in italic). This last result is not necessarily intuitive but may prove useful 

as a robustness check for the identification strategy: if densitybank is a relevant predictor of mobile 

                                                 
10 For details on this, see Wooldridge (2000), Econometric Analysis of Cross Section and Panel Data, section 

9.5, esp. pp. 236-7. Interacting the endogenous variable after it has been predicted by the instrument (instead of having 

the interaction instrumented) is called by Wooldrige « the forbidden regression ». 
11 Regression tables omitted here – available on demand to the author. 
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money usage, and if it also happens to be exogenous to savings (apart through mobile money), I 

will be able to use it as another instrument of mm and verify that results from both instruments 

(density of mobile money agents and density of banking agents) are the same. 

Table 8. Relevance Test on Second IV 

 (1) (2) (3) 

VARIABLES Unbanked_MM Unbanked_MM MM 

    

densitybank 0.0109*  0.0120*** 

 (0.00596)  (0.00447) 

density  0.00192**  

  (0.000889)  

urban -0.0316** -0.0300** -0.00646 

 (0.0126) (0.0126) (0.0107) 

female 0.0419*** 0.0454*** -0.0370*** 

 (0.0103) (0.0101) (0.00880) 

age -0.00239*** -0.00239*** -0.00165*** 

 (0.000338) (0.000335) (0.000328) 

maritalgp 0.0146 0.0129 0.0655*** 

 (0.00946) (0.00927) (0.00836) 

religiongp -0.0948*** -0.0882*** -0.0961*** 

 (0.0116) (0.0113) (0.0108) 

education -0.0144* -0.0156** 0.101*** 

 (0.00779) (0.00763) (0.00666) 

numeracy 0.00613 0.00432 0.0803*** 

 (0.00704) (0.00690) (0.00608) 

livelihoodcat -0.00263 -0.00213 -0.0275*** 

 (0.00370) (0.00365) (0.00329) 

wealthindex -0.144*** -0.142*** -0.0176 

 (0.0129) (0.0126) (0.0125) 

wealth_quint 0.0735*** 0.0738*** 0.0908*** 

 (0.00892) (0.00881) (0.00879) 

Constant 0.326*** 0.325*** 0.143*** 

 (0.0458) (0.0449) (0.0396) 

    

Observations 13,565 14,034 13,565 

R-squared 0.034 0.033 0.244 
Robust standard errors in parentheses 

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

Year fixed effects included 
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I perform the same endogeneity checks as for the previous instrument. In Table 9, column 

1 below, densitybank doesn’t appear significant to predict savings, which is a necessary exogeneity 

condition. It doesn’t prove exogeneity, but it is step towards verifying that it is exogenous. 

Columns (2) and (3) will be useful for future robustness checks, as they verify the 

exogeneity of densitybank as a single instrument for mobile money, similarly to column (1) and 

(2) of Table 6 above. 

Finally, columns (4) and (5) correspond to the second level of exogeneity checks performed 

with the previous instrument, getting rid of the endogenous altogether in this equation. In all cases, 

densitybank remains exogenous, which may indicate that the instrument is rather weak. 

Results of the Double Instrumented Relationship 

The table below presents results of the double instrumented relationship in column (3). 

Column (1) and (2) are a repeat of the previous results from a single IV vs the corresponding OLS 

results, and column (4) shows the corresponding OLS results to the double IV in column (3) – with 

the interaction term. The results are not very conclusive: on top of having not a single significant 

coefficient, column (3) also has the lowest R² of all the regressions run throughout this paper, 

roughly the same R² as the simple correlation between mobile money usage and savings. Therefore, 

it seems that the second IV is not as relevant or exogenous as anticipated, and that those results 

don’t say much about the relationship of interest. In fact, because there are only two instruments 

for three potential endogenous variables of interest (mm, unbanked, and unbanked_mm), the results 

in column (3) are limited by the fact that I cannot control for unbanked, though I include the 

interaction between unbanked and mm which was the new endogenous variable. Studying the 

interaction term would really require a third instrument, which I unfortunately don’t have. 
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Table 9. Exogeneity Checks on Second IV 

 (1) (2) (3) (4) (5) 

VARIABLES Savings Savings Savings Savings Savings 

      

unbanked_mm 0.220***     

 (0.0250)     

mm -0.0112 0.183*** 0.237***   

 (0.0223) (0.0118) (0.0119)   

densitybank 0.00501 0.00497 0.00414 0.00719 0.00699 

 (0.00520) (0.00523) (0.00547) (0.00525) (0.00556) 

unbanked -0.489*** -0.298***  -0.334***  

 (0.0234) (0.0110)  (0.0108)  

urban -0.0186* -0.0200* -0.0130 -0.0220* -0.0146 

 (0.0112) (0.0112) (0.0116) (0.0113) (0.0118) 

female 0.0839*** 0.0843*** 0.0614*** 0.0805*** 0.0527*** 

 (0.00926) (0.00929) (0.00949) (0.00944) (0.00975) 

age -0.000861*** -0.000785** -0.000260 -0.00114*** -0.000652* 

 (0.000322) (0.000325) (0.000338) (0.000327) (0.000342) 

maritalgp 0.0320*** 0.0313*** 0.0414*** 0.0416*** 0.0570*** 

 (0.00875) (0.00878) (0.00911) (0.00887) (0.00928) 

religiongp -0.0986*** -0.101*** -0.0962*** -0.119*** -0.119*** 

 (0.0109) (0.0109) (0.0112) (0.0111) (0.0115) 

education 0.0393*** 0.0390*** 0.0686*** 0.0533*** 0.0927*** 

 (0.00696) (0.00701) (0.00718) (0.00704) (0.00725) 

numeracy 0.0126** 0.0125** 0.0300*** 0.0245*** 0.0491*** 

 (0.00624) (0.00625) (0.00651) (0.00629) (0.00658) 

livelihoodcat -0.0292*** -0.0289*** -0.0343*** -0.0331*** -0.0409*** 

 (0.00317) (0.00320) (0.00335) (0.00326) (0.00346) 

wealthindex -0.0419*** -0.0453*** -0.00602 -0.0533*** -0.0102 

 (0.0151) (0.0153) (0.0156) (0.0151) (0.0156) 

wealth_quint 0.0529*** 0.0545*** 0.0544*** 0.0706*** 0.0759*** 

 (0.00993) (0.0100) (0.0103) (0.00992) (0.0102) 

Constant 0.695*** 0.514*** 0.157*** 0.583*** 0.191*** 

 (0.0491) (0.0457) (0.0453) (0.0456) (0.0456) 

      

Observations 13,565 13,565 13,565 13,565 13,565 

R-squared 0.265 0.261 0.205 0.238 0.165 
Robust standard errors in parentheses 

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

Year fixed effects included 
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Table 10. Instrumented Relationship Including Two IVs  

 (1) (2) (3) (4) 

 Savings Savings Savings Savings 

VARIABLES IV OLS IV OLS 

     

mm 0.455 0.186*** 0.740 -0.0352* 

 (0.466) (0.0116) (2.188) (0.0213) 

unbanked_mm   -0.174 0.338*** 

   (2.735) (0.0261) 

unbanked -0.352*** -0.400***  -0.672*** 

 (0.0862) (0.0113)  (0.0235) 

urban -0.0239** -0.0243** -0.0153 -0.0217** 

 (0.0110) (0.0105) (0.0708) (0.0105) 

female 0.0875*** 0.0826*** 0.0874 0.0822*** 

 (0.0125) (0.00906) (0.195) (0.00901) 

age -0.000133 -0.000688** 0.000154 -0.000780** 

 (0.00103) (0.000316) (0.00306) (0.000312) 

maritalgp 0.0145 0.0293*** 0.0110 0.0320*** 

 (0.0271) (0.00850) (0.104) (0.00844) 

religiongp -0.0668 -0.0918*** -0.0643 -0.0906*** 

 (0.0454) (0.0106) (0.0630) (0.0106) 

education 0.0178 0.0382*** 0.0150 0.0377*** 

 (0.0358) (0.00679) (0.261) (0.00671) 

numeracy -0.00466 0.0125** -0.00931 0.0155** 

 (0.0305) (0.00611) (0.159) (0.00609) 

livelihoodcat -0.0221* -0.0283*** -0.0209 -0.0292*** 

 (0.0114) (0.00314) (0.0532) (0.00312) 

wealthindex -0.0218 -0.0314** -0.0222 -0.0272* 

 (0.0227) (0.0142) (0.353) (0.0139) 

wealth_quint 0.0239 0.0467*** 0.0215 0.0446*** 

 (0.0410) (0.00957) (0.0329) (0.00939) 

Constant 0.323 0.434*** 0.142 0.633*** 

 (0.200) (0.0448) (0.592) (0.0476) 

     

Observations 14,034 14,034 13,565 14,034 

R-squared 0.223 0.273 0.137 0.284 
Robust standard errors in parentheses 

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

(1)-(4) years fixed effects included ; (1), (2), (4) unbanked year interaction included 

(4) unbanked_mm year interaction included 
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Interpretation with Respect to the Initial Hypothesis 

Without taking into account the results of the second IV, which are problematic 

methodologically, the main results from Table 7 seem to reject the hypothesis (H). There is no 

significant relationship between mobile money usage and savings likelihood. 

With respect to the three different causal mechanisms identified in the theory of change, 

they can be analyzed with controls and interaction terms, namely income for the first mechanism 

and a banked dummy for the second and third mechanisms. As these factors are themselves 

endogenous to both savings and mobile money usage, they imply two-way correlations that may 

be hard to disentangle without a proper identification strategy for those specific factors on top of 

the main variable of interest, mobile money. Unfortunately, the attempt at adding another 

instrument to analyze the interaction between unbanked and mm failed to produce conclusive 

results, mostly due to the weakness of the chosen instruments which absorbed a substantial amount 

of variation in the endogenous variables, to the extent the regressions couldn’t explain much. 

Hence, with the current identification strategy and available data, it is not possible to 

differentiate clearly between the three mechanisms identified in the theory of change. However, I 

seem to be able to infer that the overall effect of mobile money usage on savings is not very 

significant. 

ROBUSTNESS CHECKS 

Analysis on Years Separately 

Given that the density of agents is only defined for the year 2015 and fixed, the instrument 

may work differently in 2013 and 2015. Moreover, because of the different cluster variable across 

both years, the overall analysis didn’t allow for complex survey settings. Using individual datasets 

and their sampling and cluster information will give more accurate standard errors for each year 

individually, hence better significance results. 
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Table 11 below shows OLS results for the three main variables of only (controls are 

included but omitted from the output) for years 2015 and 2013 separately. 

Table 11. OLS in 2013 and 2015 Separately 

 (1) (2) (3) (4) 

2015 Savings Savings Savings Savings 

     

mm 0.492*** 0.361*** 0.282*** -0.00423 

 (0.0133) (0.0153) (0.0152) (0.0173) 

unbanked   -0.394*** -0.681*** 

   (0.0142) (0.0192) 

unbanked_mm    0.324*** 

    (0.0222) 

     

Observations 8,208 8,185 8,185 8,185 

R-squared 0.222 0.287 0.393 0.402 

 (1) (2) (3) (4) 

2013 Savings Savings Savings Savings 

     

mm 0.246*** 0.108*** 0.0799*** -0.0645 

 (0.0177) (0.0180) (0.0179) (0.0399) 

unbanked   -0.168*** -0.309*** 

   (0.0204) (0.0426) 

unbanked_mm    0.165*** 

    (0.0447) 

     

Observations 6,186 5,849 5,849 5,849 

R-squared 0.059 0.138 0.155 0.157 
Standard errors in parentheses 

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

Covariates included but omitted from the regression output 

 

The years 2015 and 2013 give very different coefficients, yet coherent signs and 

significance results with each other, and with the overall results: when including all controls, 

unbanked and unbanked_mm interaction, mm becomes very close to zero (and actually flips sign 

to become negative) and not significant. In 2015, all coefficients are twice as big or more as the 

coefficients in 2013. In the final equation (4), unbanked people in 2015 are 68 percentage points 

less likely to save than banked people in 2015, compared to 31 percentage points less likely in 

2013. The gap between banked and unbanked seems to have widened. On the other hand, the 
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mobile money effect in the relationship between unbanked and savings has also sharpened: in 2015, 

unbanked people on mobile money are 32 percentage points more likely to save than unbanked 

people without mobile money, versus 17 percentage points in 2013. These evolutions may reflect 

in part the development of M-Shwari, the mobile banking product that enables customers to save 

and gain interests from their mobile phones directly, and was introduced in late 2012 but only 

captured in the 2015 survey. 

The relevance test on both years show that the instrument is relevant in 2015 but not in 

2013. The way the instrument was defined, using mobile money agents data from 2015, seems to 

create a constructed exogeneity for the year 2013 that undermines the instrument’s relevance in 

that year. This represents a big limitation of the results on the full sample, because the instrument 

may actually be completely valid only on the 2015 sub-sample. 
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Table 12. Revelance Test, Year by Year 

 (1) (2) 

 MM MM 

VARIABLES 2015 2013 

   

density 0.00166** 0.00173 

 (0.000729) (0.00114) 

unbanked -0.201*** -0.203*** 

 (0.0127) (0.0153) 

urban -0.0177 0.00126 

 (0.0128) (0.0184) 

female -0.0198 -0.0110 

 (0.0122) (0.0142) 

age -0.00179*** -0.00222*** 

 (0.000428) (0.000495) 

maritalgp 0.0393*** 0.0712*** 

 (0.0109) (0.0120) 

religiongp -0.0874*** -0.0878*** 

 (0.0165) (0.0153) 

education 0.0775*** 0.0741*** 

 (0.00792) (0.0104) 

numeracy 0.0425*** 0.0887*** 

 (0.00785) (0.00940) 

livelihoodcat -0.0174*** -0.0353*** 

 (0.00397) (0.00623) 

wealthindex -0.0696*** -0.0257 

 (0.0163) (0.0178) 

wealth_quint 0.103*** 0.0798*** 

 (0.0123) (0.0121) 

Constant 0.459*** 0.374*** 

 (0.0550) (0.0582) 

   

Observations 8,185 5,849 

R-squared 0.254 0.276 
Standard errors in parentheses 

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

 

The same exogeneity checks as before verify that the density variable seems to be 

exogenous to savings after controlling for the covariates. Though it is not a formal test, it confirms 

the exogeneity assumption. The lack of significance after deleting mm from the equation may be 

reflecting the fact that the instrument, especially in the year 2013, has been shown to be weak. 
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Table 13. Exogeneity Checks, Year by Year 

 (1) (2) (3) (4) 

 Savings Savings Savings Savings 

VARIABLES 2015 2015 2013 2013 

     

mm 0.282***  0.0800***  

 (0.0152)  (0.0179)  

density 0.000797 0.00126 -0.000119 1.90e-05 

 (0.000931) (0.000983) (0.00136) (0.00137) 

unbanked -0.393*** -0.450*** -0.168*** -0.184*** 

 (0.0141) (0.0132) (0.0204) (0.0203) 

urban -0.0389*** -0.0439*** -0.00566 -0.00556 

 (0.0137) (0.0142) (0.0251) (0.0251) 

female 0.0855*** 0.0799*** 0.0855*** 0.0846*** 

 (0.0115) (0.0121) (0.0146) (0.0147) 

age -0.000611 -0.00111*** -0.000722 -0.000899* 

 (0.000394) (0.000404) (0.000539) (0.000538) 

maritalgp 0.0342*** 0.0453*** 0.0231 0.0288** 

 (0.0110) (0.0115) (0.0145) (0.0146) 

religiongp -0.0808*** -0.105*** -0.0866*** -0.0936*** 

 (0.0123) (0.0129) (0.0206) (0.0208) 

education 0.0269*** 0.0487*** 0.0485*** 0.0545*** 

 (0.00698) (0.00721) (0.0127) (0.0128) 

numeracy 0.0117 0.0237*** 0.0183* 0.0254** 

 (0.00738) (0.00765) (0.0101) (0.0100) 

livelihoodcat -0.0104*** -0.0153*** -0.0652*** -0.0680*** 

 (0.00378) (0.00408) (0.00640) (0.00644) 

wealthindex -0.0212 -0.0408** -0.0303 -0.0323* 

 (0.0164) (0.0171) (0.0187) (0.0190) 

wealth_quint 0.0297** 0.0588*** 0.0607*** 0.0671*** 

 (0.0120) (0.0125) (0.0123) (0.0124) 

Constant 0.588*** 0.717*** 0.499*** 0.529*** 

 (0.0536) (0.0559) (0.0737) (0.0728) 

     

Observations 8,185 8,185 5,849 5,849 

R-squared 0.393 0.339 0.155 0.150 
Standard errors in parentheses 

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

 

The instrumented relationship can only be computed for the year 2015, as the instrument is 

not valid for 2013. Table 14 below compares results from IV and OLS on the 2015 sub-sample and 

on the full sample respectively. 
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Table 14. Instrumented vs OLS results: 2015 Sub-sample vs Full Sample 

 (1) (2) (3) (4) 

 Savings Savings Savings Savings 

VARIABLES IV 2015 OLS 2015 IV both years OLS both years 

     

mm 0.762 0.282*** 0.543 0.191*** 

 (0.565) (0.0152) (0.511) (0.0121) 

unbanked -0.297*** -0.394*** -0.234** -0.310*** 

 (0.114) (0.0142) (0.111) (0.0121) 

urban -0.0304** -0.0351*** -0.0170 -0.0182 

 (0.0150) (0.0130) (0.0134) (0.0130) 

female 0.0950*** 0.0852*** 0.0880*** 0.0817*** 

 (0.0177) (0.0114) (0.0135) (0.00940) 

age 0.000248 -0.000631 -6.70e-06 -0.000660** 

 (0.00114) (0.000394) (0.00102) (0.000332) 

maritalgp 0.0153 0.0344*** 0.00948 0.0298*** 

 (0.0250) (0.0109) (0.0313) (0.00914) 

religiongp -0.0388 -0.0811*** -0.0589 -0.0919*** 

 (0.0523) (0.0124) (0.0490) (0.0119) 

education -0.0103 0.0267*** 0.0137 0.0423*** 

 (0.0442) (0.00699) (0.0420) (0.00703) 

numeracy -0.00871 0.0113 -0.0141 0.00661 

 (0.0255) (0.00740) (0.0314) (0.00625) 

wealthindex 0.0122 -0.0181 -0.0350 -0.0512*** 

 (0.0408) (0.0161) (0.0273) (0.0142) 

wealth_quint -0.0200 0.0285** 0.0252 0.0560*** 

 (0.0587) (0.0119) (0.0455) (0.00957) 

livelihoodcat -0.00205 -0.0103*** -0.0177*** -0.0216*** 

 (0.0104) (0.00378) (0.00667) (0.00330) 

Constant 0.367 0.593*** 0.375* 0.518*** 

 (0.273) (0.0533) (0.214) (0.0474) 

     

Observations 8,185 8,185 14,034 14,034 

R-squared 0.235 0.393 0.170 0.257 
 Standard errors in parentheses 

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

 

The results in the subsample and the full sample are different, but similar. The OLS 

regression shows a positive and significant relationship between mobile money usage and savings, 

while the instrument relationship highlights a not significant relationship between mobile money 

usage and savings. 
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Other Instruments 

Exogeneity can never be proven, unless one has two different instruments and can show 

they produce the same (exogenous) results. It would be very unlikely for them to be both exogenous 

yet producing the same results. If they don’t produce the same results, it may be because one of 

them is exogenous and the other one is not, or because none of them is exogenous. 

Alternative Measure for the Ease of Access to Agents 

I explored other measures for the instrument representing the ease of access to mobile 

money agents, and in particular a distance measure as opposed to a density measure. The FinAccess 

survey did include a self-reported distance to the nearest Mobile Money agent – including 

information on means of transportation, commuting time and commuting price. Using the 

commuting time variable that was a categorical variable going from 1 to 10 (1 being under 10 

minutes, 2 between 10 and 30 minutes, until 10 being more than 7 hours), I ran the same relevance 

test and exogeneity checks than previously. The variable turned out to be very relevant, at 

significance levels much higher than the density variable, but couldn’t pass a simple exogeneity 

check – no matter how many controls were included, distance would always still be very 

statistically significant in predicting savings. Looking closer at the variable, this result makes sense, 

mostly for two reasons: 

- The distance is self-reported, hence probably hardly reliable for mobile money non-

users, who presumably never have to go to a mobile money agent, thus may not 

know how to estimate this distance well. Thus, the types of people who are able to 

answer this question are different from the types of people who aren’t. Moreover, 

the answer ‘I don’t know’ was not available in 2013, but no missing value was 

recorded. This suggest a possibly high, and not random, measurement error, which 
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could be statistically correlated with savings habits (as they would affect non-

mobile money users mostly). 

- Most of the observations were split among the first 2 answers (less than 10 minutes 

and less than 30minutes), leaving very little variation in total in the instrument. An 

instrument that is virtually a dummy variable will be hardly exogenous to any 

financial behavior, as it simply separates the population into two groups as opposed 

to carrying out meaningful information related to mobile money only. 

Second Instrument 

I may have found earlier another candidate for instrumenting mobile money: density of 

bank agents. Bank agents are not nearly as ubiquitous as mobile money agents, and there is not a 

clear mechanism why access to bank agents would be a factor of adoption of mobile money that 

wouldn’t be a predictor of savings, but the statistical tests conducted earlier when identifying a 

second instrument for the interaction term seemed to show that there was a statistical case to build 

for density of agents as a valid instrument for mobile money. Table 8, column 3 (in italic) showed 

that the instrument is relevant; Table 9, columns 2-3 suggested it may be exogenous to savings.  

I run the same instrumented regression with density of mobile money agents and density of 

banking agents respectively as instruments for mobile money in the Table 15 below. 
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Table 15. Comparison of Results From Two Different Instruments 

 (1) (2) 

 Savings Savings 

VARIABLES IV agents IV banks 

   

mm 0.455 0.522 

 (0.466) (0.442) 

unbanked -0.352*** -0.336*** 

 (0.0862) (0.0818) 

urban -0.0239** -0.0223** 

 (0.0110) (0.0113) 

female 0.0875*** 0.0923*** 

 (0.0125) (0.0133) 

age -0.000133 -2.48e-05 

 (0.00103) (0.000959) 

maritalgp 0.0145 0.0133 

 (0.0271) (0.0263) 

religiongp -0.0668 -0.0682 

 (0.0454) (0.0446) 

education 0.0178 0.0116 

 (0.0358) (0.0347) 

numeracy -0.00466 -0.00761 

 (0.0305) (0.0293) 

wealthindex -0.0218 -0.0172 

 (0.0227) (0.0238) 

wealth_quint 0.0239 0.0171 

 (0.0410) (0.0400) 

livelihoodcat -0.0221* -0.0205* 

 (0.0114) (0.0108) 

Constant 0.323 0.299 

 (0.200) (0.186) 

   

Observations 14,034 13,565 

R-squared 0.223 0.197 
Standard errors in parentheses 

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

Year fixed effects and unbanked year interaction included 

 

The results are consistent, and coefficients and p-values very similar across both 

regressions, which is a good sign that both instruments may actually be somewhat exogenous. 

However, the results are slightly different: the coefficient on mobile money changes by about 12% 

between the two models, which is a small change but bigger than expected for a truly causal 

estimate. Moreover, because both instruments are so similar in nature, as they measure density of 
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financial services provided by agents around an individual (and some of those agents may be both 

banking and mobile money agents), they may simply be yielding similar results not because they 

both are exogenous, but because they both are very highly correlated with each other and have the 

same kind of exogeneity flaws that a comparison between them wouldn’t highlight. Indeed, I verify 

that the correlation coefficient between those two variables is extremely high at 0.9984. Thus, I 

cannot interpret the similar results across these two instruments as a conclusive exogeneity test, 

but rather as a confirmation of the previous results. 

LIMITATIONS 

Internal Validity: Identification Strategy 

Relevance 

The relevance of the instrument isn’t perfect. The instrument is weak when applied to the 

2013 sub-sample only. For that matter, a measure of agent density that would be varying over time 

could be very helpful – though this data wasn’t available to me. 

Moreover, the density measure is at the county level, which is a big entity. The average 

county in Kenya has an area of 20,000 square kilometers. There are only 47 counties total in Kenya. 

County was the smallest geographical unit identifiable both in the FinAccess and Geospatial 

mapping datasets, thus it was the best possible unit for the data available. A more in-depth mapping 

analysis using GPS coordinates could help yield objective distance measures (as opposed to self-

reported distance measures) that could be another interesting, probably more relevant, instrument 

to use and analyze. 

Exogenetiy 

Exogeneity can never be proven. The minimum checks performed systematically passed, 

but it may have been because the instrument was rather weak as opposed to actually exogenous. 
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The variables I included to measure a conditional exogeneity don’t capture everything, including 

many unobservables that may influence both density of mobile money agents and savings 

likelihood. For example, financial literacy and household income were not easy to control for given 

the diverging survey questions across years; yet they are critical factors that could be spurious to 

the exogeneity condition. If I can estimate that other variables account for them, like numeracy and 

household wealth, it is impossible to say whether they account for them properly, entirely, and in 

the correct functional form. 

I tried many other exogeneity checks all of which proved unsuccessful, not necessarily 

because they didn’t pass (some did, some didn’t), but mostly because I couldn’t implement them 

fully due to data limitations. I have tried some tests over years, but all were limited by the fact that 

I was dealing with a cross-section and not a panel, thus that the groups I was trying to compare 

were not necessarily comparable. With panel data across the years, I could have compared changing 

savings behaviors across the years with respect to mobile agents density, in particular, for example, 

before the apparition of mobile banking in the 2015 survey (which presumably creates a much 

stronger link between mobile agents and savings). However, absent panel data, such comparisons 

proved hard to interpret as I couldn’t be sure that unbanked in 2013 was the same thing as unbanked 

in 2015 (in fact many things suggest that it’s not the case), or that mm usage in 2013 was 

comparable to mm usage in 2015. Using data across the same households, I could have analyzed 

whether, for example, for mm users in 2013, density became a significant predictor of savings in 

2015 (because of mobile banking), though not for 2013 non-users, confirming the hypothesis that 

density impacts savings only through mobile money usage. I have also tried a wealth interaction in 

the first stage regression, trying to show that density, as a convenience factor, would predict mm 

usage mostly for poor households that tend to be more limited by services directly available around 

them, as they may not have the means to commute further or longer. This could have been an 
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empirical demonstration of the anecdotal evidence from the field that density of agents determines 

mobile money adoption mostly through convenience or access, two factors that are irrelevant to 

savings behaviors themselves. Yet, this test proved equally irrelevant because the density variable 

is defined at the county level, and thus doesn’t actually represent a distance. In fact, counties being 

fairly big, it doesn’t seem probable that even a very wealthy household travels thousands of miles 

across counties to have access to something as salient as financial services. Here again, with a 

distance measure or a more fine-grained geographical unit for the density measure, the test may 

have been easier to implement or interpret. 

In a nutshell, the instrument variable seems to work, but I can’t demonstrate for sure that it 

does, and I have reasons to believe (weakness, constructed exogeneity) that it may not be yielding 

exact, causal estimates. However, it is certainly one of the best instruments I could have come up 

with given the data available, and it yields results that are fairly consistent with previous non-

experimental literature and anecdotal evidence from the field. 

External Validity 

Apart from the causality question, it is important to remember the limits of the sample as a 

representative sample. 

(i) The sample only covers adult population (above 18) in Kenya, in a country where 

almost half of the population is under 18. Data on individuals aged 14-18 would be 

very interesting, as it is not uncommon for them to be financially active, and they 

may have very different mobile and savings behaviors than their older counterparts. 

Specifically, I anticipate they may be more active on mobile money, but less prone 

to save. Including them could further weaken the observed relationship between 

mobile money and savings. 
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(ii) Kenya is an outlier in matters of financial inclusion. M-Pesa has been a huge success 

there, and less so in other countries – or only more recently, including neighboring 

Tanzania, Rwanda, or Uganda. This, again, would push towards an even more 

conservative understanding of the results, knowing that they were calculated from 

the most successful example of mobile money adoption. It is interesting to note that 

even in the country where mobile money is so popular, and so widely used and 

praised, it doesn’t seem obvious that it has any sort of long-term impact on savings 

behaviors, outside of a more formal banking behavior. 

Future Research 

The limits highlighted give some space for possible future research endeavors: with panel 

data, with distance instead of density information, with more fine grained geographical analysis, 

more robust results could be calculated.  

Outside of experimental studies, it seems clear that it is a topic where special care has to be 

taken in producing exogenous results, given the strong two-way correlation between mobile money 

and savings behaviors. Experimental studies will give us behavioral responses to government 

programs and commercial nudges, but won’t give us the bigger picture of the market interactions, 

side-effects and long-term consequences of mobile money, which could help reveal its full potential 

and understand its policy pitfalls. More non-experimental research needs to be done on the topic. 

Instrument variables seem particularly suited for this exercise, but they are not always easy to 

identify. Another possible instrument, if the data existed, would be the mobile network operator of 

an individual in 2006 (which seems fairly exogenous to financial behavior in general) – because 

the first mobile money service that was launched, in 2007, was M-Pesa by Safaricom, I expect that 

use of Safaricom (or not) in 2007 would be a strong predictor of mobile money usage at this time 
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(not after 2009 when other operators had entered the market also), and that could be contrasted 

with later, long-term data on financial behaviors. 

CONCLUSION 

Mobile money represented a tremendous revolution in financial behaviors in Kenya over 

the past ten years. As it slowly evolves into a more comprehensive mobile banking service, it is 

important to understand to what extent it has, it will, or it could, influence financial behaviors way 

beyond the mere transaction services it started off as. Policymakers concerned with financial 

deepening, and strengthening savings capacities of the most vulnerable households, should build 

off existing mechanisms to encourage and develop positive financial behaviors.  

With an OLS analysis, it seems that mobile money usage doesn’t seem to substantially 

influence savings likelihood, though to the extent it does it has a much greater impact on the 

unbanked – suggesting that mobile money is indeed an unprecedented way to reach unbanked 

individuals. An instrumented relationship, using access to mobile money agents as instrument, 

measured by county density of agents, also shows there is no significant effect of mobile money 

usage on savings likelihood. This results reinforces the idea that saving, especially among the 

poorest household that face access issues, are not a very natural behavior (despite being a rational 

one) without specific nudges or targeted designs. The future evolutions of mobile banking products, 

and other regulators’ efforts to incentivize savings without undermining consumption, will 

determine the role mobile money will play in this field. 
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APPENDIX A: GAUSS-MARKOV ASSUMPTIONS 

 

Source: Wooldridge, J. M. (2012). Introductory econometrics: A modern approach. Nelson 

Education. 
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APPENDIX B: TREATMENT OF YEAR 2006 

Transformation of Data 

If 2013 and 2015 are fairly comparable survey years, the 2006 survey is very different and 

posed a certain number of challenges to be compared to other years. The main modifications I had 

to process were: 

(i) Recode the county variable as counties changed in 2010 after a reform of the 

Constitution. Fortunately, former districts (from 2006) were merged into new counties (and some 

remained identical), which enabled us to recode the 2006 districts into contemporary counties, as 

most of 2006 districts were included in (or identical to) a contemporary county. Only one district 

was exception to this rule, the Buret district that was split and not merged during the reform. It was 

impossible to track the 2006 population from Buret district into the correct contemporary county, 

so I dropped those 50 observations from the 2006 data.  

(ii) Harmonizing coding of variables over time. Most of the covariates had different 

categories or coding across the years. When I didn’t have precise enough information on the coding 

for specific covariates, I recoded them entirely to make sure they were consistent across the years. 

This is the case in particular for the wealth index, which is a factor analysis of several wealth 

questions in the survey that greatly evolved over time. 

Key Results 

Applying the identification strategy to a sample including years 2006, 2013, and 2015, the 

instrument doesn’t pass a relevance test. This confirms the intuition that the 2006 year biases the 

results by artificially adding a big amount of zero values in the mobile money variable. It seems 

reasonable to think that mobile money, and consequently mobile agents will be exogenous by 

construction, necessarily, in 2006, because they didn’t exist back then, so are effectively correlated 

with nothing.  
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In the simple OLS regression, interestingly enough, the R² on the restricted sample is higher 

than the R² on the larger sample, which confirms the assumptions that the year 2006 may produce 

noise as opposed to meaningful variation when appended to the 2013+2015 sample years.  
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