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Abstract

We provide evidence that violence reduces the adoption and use of mobile money
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mobile money transaction logs, we find that users exposed to violence reduce
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we show that subjects expecting violence are significantly less likely to respond
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1 Introduction

Approximately 20% of the world’s population lives in countries affected by fragility, violence

or conflict (World Bank, 2011), and up to two-thirds of the world’s extreme poor will soon be

in these settings (Corral et al., 2020). While a substantial literature documents the positive

relationship between conflict and poverty, investigations of the microeconomic mechanisms

by which violence impedes economic development are more recent.1 Such evidence indicates

that conflict destroys capital (Davis and Weinstein, 2002; Miguel and Roland, 2011), deters

investment (Besley and Mueller, 2012), changes economic decision-making (Voors et al., 2012;

Callen et al., 2014; Brown et al., 2019), and introduces new uncertainty over the future.

This paper examines the relationship between violence and the adoption of mobile money

in Afghanistan. We focus on this mechanism linking violence to economic development

because mobile money holds particular promise for expanding financial access and thereby

improving the lives of people, most of them poor, who do not use banks. Our main finding is

that violence dampens the adoption and use of mobile money. This conclusion is supported

by three sources of complementary empirical evidence.

The first set of results document how individuals exposed to nearby insurgent violence

retain lower balances and are less likely to transact on their mobile money accounts. These

results are based on analysis of the complete history of transactions made on Afghanistan’s

“M-Paisa” mobile money network over a 17-month period, which we spatially merge with a

geocoded database of over 96,000 violent events recorded by international and Afghan forces.

We find that M-Paisa users are less likely to use the mobile money system as a store of value

or a means of exchange when exposed to violence. Even when using individual fixed-effects

to control for unobserved and time-invariant heterogeneity, we find that the same individual

is less likely to use mobile money in the immediate aftermath of violent events.

To better understand why violence might affect the adoption and use of mobile money, we

1Blattman and Miguel (2010) and Rohner and Thoenig (2020) review the economic causes
and consequences of civil conflict.
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conducted a field experiment in Afghanistan that created random variation in an individual’s

propensity to adopt mobile money. In the experiment, employees of a large, Afghan-

staffed firm were randomly assigned to receive their monthly salary payments in mobile

money or remain in the status quo cash payment system. Treated individuals paid via

mobile money were significantly more likely to use mobile money as a store of value, even

though they could easily withdraw their entire salary on payday. However, the treatment

effect was heterogeneous by violence: whereas the average treatment effect of mobile salary

payments increased account balances by roughly 7,000 AFs., employees expecting violence

only increased balances by roughly half that amount.

Using high-frequency panel survey data from our experimental sample, we observe that

the decrease in mobile money balance is accompanied by a comparable increase in cash on

hand. This suggests that individuals exposed to violence prefer immediate liquidity over the

other possible advantages afforded by mobile money. This relationship appears to be driven

primarily by expectations of future violence: subjects who believe that future violence is

more likely hold lower mobile money balances and keep more cash, even when facing similar

objective levels of risk as proxied with strata controls. Importantly, these results are robust

to using only within-individual variation in beliefs after including employee fixed effects.

We corroborate the importance of future expectations of violence with a nationwide

household survey, collected for a separate study unrelated to the RCT. In this third independent

empirical sample, we observe a strong positive correlation between an individual’s subjective

expectations of future violence and the amount they save in cash relative to other assets, even

when controlling for local historical violence levels. By exploiting a rich set of covariates, we

find evidence inconsistent with several possible alternative explanations, for instance that

the correlations are driven by risk aversion, discounting factors or present bias.

In this way, the three empirical settings are meant to complement one another. The

administrative records highlight, using comprehensive nationwide data, the dampening effect

of violence on mobile money use. However, the data neither provide insight into allocations
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across the portfolio nor do they speak to mechanisms. The field experiment provides panel

survey data attempting to capture activity across participants’ entire financial portfolio,

and so allows us to check for substitution into cash when mobile money balances go down.

The third empirical exercise, which uses a large cross-sectional survey that includes data on

individual decision parameters, helps shed light on potential mechanisms linking violence to

savings.

While the three empirical exercises are complementary, we acknowledge that no single

approach offers watertight causal identification. The analysis of large-scale administrative

data relies on the identifying assumption that the precise timing of when an individual

is exposed to violence in the period covered by our data is random, conditional on that

individual’s general exposure to violence (individual fixed-effects), and the dynamics of the

local environment (which we approximate with time fixed-effects and regional time trends).

We believe this is plausible in our setting since the timing of insurgent violence is inherently

secretive and relies heavily on the element of surprise. On the other hand, because violence

is endemic in Afghanistan, and most of the individuals will have experienced violence

before the period we observe, this also means that our estimates, under the identifying

assumption, correspond to the effect of directly experiencing violence after having had some

prior exposure.2 The second exercise examines heterogeneous responses to a randomized

mobile money supply shock, and thus is not causal. The third exercise relies on cross-

sectional data, and so can only be interpreted as correlational. As the first and second

exercises examine populations enrolled on the mobile money platform, those estimates should

be considered as representative of mobile money users, not the full Afghan population.

Still, the picture that emerges from these three independent analyses suggests a common

underlying economic response to violence.

The evidence in this paper thus indicates that individuals experiencing – and expecting –

violence in Afghanistan appear to prefer cash to mobile money. The vast majority of Afghans

2We note that we test our main results controlling for previous exposure within our sample
period and our results remain robust.
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do not use formal financial systems: only 15% of Afghan adults hold bank accounts and only

4% save money at a financial institution (Demirguc-Kunt et al., 2018).3 The development of

financial systems requires broad participation and long time horizons from account holders.

This may be particularly true for mobile money, a technology with network externalities in

adoption and use (Mas and Radcliffe, 2011). Inspired in part by the success of mobile money

in Kenya, advocates point to the opportunity to build a new financial system with mobile

money that requires less investment into a brick-and-mortar bank-based financial system

(Dermish et al., 2011; Mbiti and Weil, 2015; Suri et al., 2012). Our results suggest, however,

that individuals may be reluctant to use mobile money if violence and instability remain

part of their daily lives.

We interpret our evidence using a framework, developed in Section 3, that emphasizes

two key properties of mobile money relative to cash that plausibly vary with levels of

violence. The framework predicts that as violence increases financial decision-makers will

reduce mobile money savings because it will be less liquid than cash, eventually outweighing

any benefits, including that it may be harder to steal. We posit that the practical reason

mobile money becomes less liquid when violence increases is that mobile money agents may

be less willing to operate in contested territory. This observation contrasts with policy

enthusiasm for how mobile money might leapfrog traditional financial institutions in fragile

settings like Afghanistan, as financial decision-makers may prefer the less secure but more

liquid alternative of cash.

Our findings complement a growing body of literature documenting the generally positive

effects of the proliferation of mobile phones and mobile money in developing countries (Aker

and Mbiti, 2010). Early work by Jensen (2007) and Aker (2010) showed how mobile phones

increased the efficiency of agricultural markets. Subsequent work by Jack and Suri (2014) and

3Aghabarari et al. (2018) use survey data to document that Afghan households facing
income uncertainty accumulate precautionary wealth reserves using livestock in low-conflict
areas and gold and silver in high-conflict areas, but lack detailed data on formal financial
portfolios of the type analyzed here.
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Blumenstock et al. (2016) linked mobile money use to more efficient risk sharing, and Suri

and Jack (2016) documented the potential for mobile money to reduce poverty, particularly

among women. Field experiments in Afghanistan and Niger suggest that mobile-linked salary

payments can create efficiencies for employees, firms and governments (Blumenstock et al.,

2015, 2018; Aker et al., 2016). Relative to this work, our results suggest how violence and

conflict might limit such benefits by reducing mobile money uptake and use.

The paper also relates to a substantial behavioral literature on the potential malleability

of decision parameters (cf. Malmendier and Nagel, 2011; Beine et al., 2020; Cameron and

Shah, 2015; Cassar et al., 2017; Chantarat et al., 2019; Hanaoka et al., 2018; Voors et al.,

2012).4 Our data do not allow us to conclusively identify why violence changes financial

decisions, or why those experiencing violence appear to prefer cash. It could be because it is

much more liquid, because it is more familiar, and has never been the subject of a dramatic

public failure, unlike the banking system. Mobile money, and indeed formal financial

institutions of any sort, are still not widely used in Afghanistan. Such an interpretation

is consistent with the result in Callen et al. (2014) that individuals prefer options that are

completely safe when reminded of the extreme uncertainty that characterizes much of life

in Afghanistan. However, the relationship between mobile money use and violence may be

different in countries where adoption is widespread or criminality is a greater concern than

the insurgent violence we study, possibly because mobile money is harder to steal.

The remainder of the paper is structured as follows. The next section reviews the

setting and provides institutional details. Section 3 provides a simple framework that

characterizes how violence can shape the decision to use mobile money. Section 4 provides

initial evidence on the relationship between violence and mobile money transactions from

two large administrative datasets from Afghanistan during 2010-2012. Section 5 presents

further evidence from the randomized experiment conducted in Afghanistan during 2012-

2013. Section 6 provides additional evidence from a nationwide household survey conducted

4Chuang and Schechter (2015) provide a comprehensive overview of this literature.
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in December 2010, and Section 7 concludes.

2 Violence and Financial Development in Afghanistan

2.1 Violence in Afghanistan

Afghanistan is poor and severely affected by conflict. Beginning with a communist coup

in 1978 and the Soviet invasion in 1979, the country has endured forty years of nearly

continuous civil war. After US and NATO military forces began operations to defeat the

Taliban regime in October 2001, the new Afghan government worked with international

aid donors to make significant progress in increasing primary school enrollment, reducing

child and maternal mortality, and increasing income per capita. But ever since the Taliban

insurgency gained strength starting in 2006, the civilian population’s exposure to violence

has continued to be a major issue. From 2009 to 2019, the United Nations documented

100,000 civilian casualties, with more than 35,000 killed and 65,000 injured (UN, 2020).5 As

shown in Figure 1a, violence during 2010-2012, the period covered by our data, was spread

across the country but particularly concentrated in the south and east of the country along

the border with Pakistan where the insurgency is based. At the time of writing, the Taliban

rapidly consolidated control of the country as American military forces exited, concluding

the military engagement that began in 2001.

2.2 Financial Development in Afghanistan

Afghanistan’s number of commercial bank branches per 100,000 adults is approximately 1.9,

which is less than a fifth of the South Asia regional average of 10.4 (IMF, 2019). Bank

branches are typically limited to major urban centers, such as provincial capitals, and rarely

operate in more remote areas of the country. The 2010 collapse of Kabul Bank, one of the

5In 2012, the United Nations recorded over 2,750 civilian deaths, with approximately 80%
of casualties attributed to the insurgency (UN, 2013).
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country’s largest financial institutions and the primary vehicle used to pay several hundred

thousand Afghan government salaries each month, further shook confidence in the formal

financial system (Filkins, 2011). With only 4% of Afghans saving with a formal bank account,

most rely on cash holdings and other informal savings vehicles (Demirguc-Kunt et al., 2018).

The money exchange network of hawala brokers offers a parallel system for domestic and

international payments, with limited functionality for long-term savings, but data on its size

and scope in Afghanistan is limited by its informal nature (Maimbo, 2003).

2.3 Mobile Money in Afghanistan

Mobile phone ownership in Afghanistan grew rapidly over the decade preceding the study

period, from approximately 25,000 subscribers in 2002 to over 18 million subscribers in 2012

(World Bank 2020). Roshan, the largest Afghan telecommunications operator, developed its

M-Paisa mobile money platform in late-2008 with the British multinational Vodafone, and

now boasts over 1.2 million M-Paisa subscribers, though the number of active users is far

smaller.6 The M-Paisa system was initially focused on micro-loan repayments, but it soon

expanded to include peer-to-peer transfers and airtime purchases. Starting in 2009, M-Paisa

expanded into the mobile salary payment space as the Government of the Islamic Republic

of Afghanistan began a pilot project to pay Afghan National Police officers through the

system, and Roshan began paying its own national employees via M-Paisa. Similar contracts

to provide mobile cash transfers to beneficiaries of humanitarian assistance soon followed.

While the M-Paisa platform can be accessed anywhere that Roshan cell coverage is

available, in-person deposits, withdrawals and purchases require the presence of registered

mobile money agents. These agents function as “human ATMs,” providing deposit and

6Four major mobile operators compete in Afghanistan: Afghan Wireless Communications
Company (AWCC), Etisalat, Mobile Telephone Network (MTN), and Roshan. In addition,
two minor operators are in the market: Afghan Telecom and Wasel Telecom, with each
covering less than 3% of the market. In 2012, Roshan had an estimated subscriber base of
over 5.6 million and an estimated market share of 32%, with coverage in all 34 provincial
capitals and 230 of Afghanistan’s 398 districts (Hamdard, 2012).
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withdrawal services to individual users interested in converting either their cash holdings

into mobile money or vice-versa. The study period marked a concentrated effort by Roshan

to significantly expand agent coverage outside of Kabul to include other major population

centers such as Herat, Mazar, Jalalabad, Helmand and Kandahar. Roshan also continued to

recruit agents in rural areas to service specific populations, such as recipients of mobile salary

payments or humanitarian assistance. Roshan faced considerable challenges recruiting agents

to work in remote and insecure locations. In 2013, a USAID-funded market research study

found that the typical Afghan mobile money user had been enrolled by their employer: of a

nationally representative sample of 1,070 SIM owners interviewed, 5% reported using mobile

money – 6% male and 4% female, and equal proportions of urban and rural respondents

(Altai, 2013). After the time period covered by our data, several of Roshan’s competitors

launched their own mobile money services.

As a 2011 market assessment noted, mobile money in Afghanistan faces “the challenge of

delivering services in a landscape with low levels of trust in formal institutions to consumers

with highly variable degrees of textual, financial and technological literacy” (Chipchase et al.,

2011). While M-Paisa enjoyed certain clear advantages of cost, time and privacy relative to

alternative financial transfer options such as banks, hawala or in-person exchange, potential

users also cited common concerns about penetration, accessibility and perceived risk as

deterring adoption.7 At the same time, brand recognition and public trust in major mobile

operators such as Roshan were among the highest of any firms in Afghanistan. Government

regulations in Afghanistan require mobile operators without a banking license to maintain

deposits in local banks equal to the entire value held on their mobile money system, creating

a significant connection between mobile money users and the existing financial system.

7Various financial systems also complement each other. For instance, customer-facing
M-Paisa agents often receive cash liquidity from “super-agents” such as local banks in urban
areas and hawaladars in more remote or insecure districts.
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2.4 Mobile Salary Payments

Given widespread adoption of mobile phones, mobile money provides a promising alternative

to bank or cash transfers for moving funds across large distances at low cost using a simple

SMS technology. In the particular case of mobile salary payments - wage transfers made by

an employer to an employee using mobile money - large firms are able to instantaneously

complete individual financial transfers to their employees. Individual users are notified of

a transfer into their account by SMS message, and can check their balance and complete

other functions using a simple interface that does not require smart-phone technology. For

the firm, mobile salary payments offer a means to address concerns around physical security,

logistics and corruption associated with cash salary payments by effectively outsourcing

cash management to the mobile operator’s network of mobile money agents. Individual

users can maintain a balance on their mobile money account, providing a means of storing

value.8 Individual users can also use the mobile money platform as a means of exchange:

to purchase pre-paid airtime directly from their mobile operator, to send and receive mobile

money with other mobile subscribers in the same country (either on the same mobile network

or on a competitor’s network), and to receive remittance transfers from outside their country

through partnerships with firms such as Western Union.9

3 Conceptual Framework

Mobile money’s usefulness as a store of value relates to violence in at least two key ways.

First, mobile money is less liquid than cash in violent and contested areas, in part because

mobile money agents are less likely to operate in such environments. For instance, in data

8As in the case of Afghanistan, local regulations may restrict the payment of interest on
mobile money accounts not linked to a bank account, and also impose maximum balance
limits on mobile money accounts.

9While deposits and airtime purchases are costless on Roshan’s M-Paisa platform,
other mobile money transactions such as withdrawals and peer-to-peer transfers involve
a graduated tariff structure. The mobile salary payments product includes the cost of one
withdrawal each month.
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collected for a separate project, we find that travel times to cash out mobile money salaries

are 37% longer in districts controlled or contested by the Taliban, relative to those under

government control. Second, while mobile money is much less liquid, a widely cited benefit

of mobile money is that it is also more challenging to steal because a password is required

to convert it to cash (Beck et al., 2018; Suri et al., 2021; Aron and Muellbauer, 2018).10

Therefore, it might provide a more useful way to save in areas where the rule of law has

broken down.

This section provides a simple framework that characterizes how violence can shape the

decision to use a formal financial technology, in this case mobile money, by focusing on these

two features. It assumes – consistent with the reality on the ground – that mobile money

will be less liquid where there is more violence, but that it will be safer. The model further

posits that eventually the illiquidity of mobile money in the face of violence will outweigh

the benefits from increased safety. Whether this is true in actual fact is an empirical matter,

and is the focus of the rest of the paper.

We model the decision to hold cash using a two-period approach. An individual is

considering how to store wealth w, which can be held either as cash, which offers no return,

or in mobile money, which offers a random rate of return R̃, which can be either positive

or negative. a is the amount kept in mobile money, and w − a is the amount kept as cash.

Decisions are made in period one, and returns are realized in period two.

Period two wealth is then:

w̃ = a(1 + R̃) + (w − a) (1)

The expected utility of holding a in mobile money is therefore u(a) = E(w + aR̃).

A standard result gives that, for strictly risk averse agents, a = 0 if and only if ER̃ < 0.

In other words, those who are risk averse will choose to hold a zero mobile money balance if

10To the extent that local violence might influence general perceptions of stability, it could
also influence beliefs that mobile money systems will continue to operate at all.

11



and only if the expected return to doing so is negative.

We model randomness in the rate of return, R̃, as coming from violence through two

channels. First, mobile money is less liquid than cash, depending on the availability of

agents and the difficulty accessing them. We therefore assume individuals lose a share of

their wealth equal to L(v) in order to find a mobile money agent and convert their mobile

money to cash. This, in turn, is a function of violence, which is a random variable v, where

L′(v) > 0. Second, mobile money is less subject to appropriation than cash. Individuals

therefore receive a positive return for a given realization of violence S(ṽ), where S ′(v) ≥ 0.11

The rate of return, therefore, is R̃ = S(ṽ)− L(ṽ).

We assume further that at low levels of violence S(v) > L(v); i.e., that individuals in

non-violent areas hold some positive amount of mobile money — a finding that is consistent

with our data. If L′(v) > S ′(v), such that the liquidity cost of mobile money increases faster

than the safety benefit, then it follows that ∃v∗ such that S(v) − L(v) < 0 and people will

switch to holding no mobile money. Correspondingly, as individuals’ expectations of violence

increase, their beliefs about the relative return to mobile money will decrease.12

This conceptual framework suggests two empirical regularities that are the twin foci of

our analysis: First, that local exposure to violence correlates negatively with mobile money

use (a pattern we explore in large-scale administrative data on mobile money use); and

second, that there is a corresponding substitution into cash (something we investigate using

experimental and survey data). Our data cannot, however, speak more than suggestively to

the precise mechanisms behind these trends. However, the fundamental dynamic, whereby

11Strictly, S(v) is positive only in the sense that less money is potentially extorted than if
cash were held. However, without loss of generality, we assume that the cost of holding cash
is zero.

12This framework could be generalized in several ways. For instance, if violence generates a
direct preference for certainty, as documented in Callen et al. (2014), then the expected level
of violence v∗ at which the return to holding mobile money is positive would be even lower.
In this case, increasing subjective beliefs about the future probability of violence would not
only reduce its perceived relative return, but it would also make individuals directly prefer
the asset that is less exposed to risk.
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cash is perceived to be more useful in contested, rural areas, is the key empirical question

of concern. We focus our model on these two channels because our descriptive data and

first-hand observations from Afghanistan strongly suggest that the main considerations

affecting the usefulness of mobile money in relation to violence are the availability of agents,

the potential safety that mobile money offers relative to cash, and the possibility that

experiencing violence may influence people’s beliefs about the tradeoffs between the two.

This highlights a fundamental challenge to mobile money adoption in contested, rural areas:

breakdown in the rule of law means that agents cannot operate safely (making mobile money

fundamentally illiquid), and so potential mobile money adopters need to recalibrate their

decisions as stability deteriorates.

4 Violence and Mobile Money: Administrative Data

Our primary focus is on understanding the effect of violence on financial decision-making in

Afghanistan. We begin by providing evidence that exposure to nearby violence decreases the

likelihood that an individual will use, and store balance in, a mobile money account. To do

this, we create a novel dataset that combines the complete history of M-Paisa transactions

over the period from December 2010-April 2012 with records of all violent incidents recorded

by international forces in Afghanistan. We obtain the M-Paisa data from Afghanistan’s

primary mobile phone operator, Roshan Telecom. These data contain the complete anonymized

and geo-tagged mobile phone call records of each M-Paisa user, which we then use to

approximate the location of each individual user on every day for which we have data.

Violence data are obtained from time-stamped and georeferenced records collected by

Afghan and International Security Assistance (ISAF) forces. The data include, among other

things, time (by the hour), geolocation (within meters), and the type of incident (e.g.,

direct fire, Improvised Explosive Device (IED)).13 In all, the combination of the M-Paisa

13We thank Andrew Shaver and Austin Wright for providing these data. Refer to Condra
et al. (2018) for a more detailed description of this dataset.
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transactions data with the violence data allows us to determine each M-Paisa subscriber’s

exposure to violence over time. The resultant dataset captures roughly 630,000 M-Paisa

transactions by 24,279 unique subscribers, and incorporates information on more than 96,000

violent events and roughly 3.5 million geolocated and timestamped mobile phone records.

Using methods described in greater detail in Appendix A, we create a panel of data that

captures, for each individual i in each time period t, several measures of M-Paisa use, which

we denote by Yit. The mobile phone records are then used to determine each individual’s

“Center of Gravity”, denoted as COGit. This is a weighted centroid of the locations from

which we observe the user originate phone calls, which provides an approximate location

for each individual in each time period. Figure 1b plots the location centroids for all

individuals within our sample period. Finally, we measure each individual’s exposure to

violence V iolenceit by assigning each known violent incident vlt at location l at each time t

to each individual who is within a fixed radius R of the incident, i.e.:

V iolenceit =
∑
vlt

[
distance(COGit, vlt) ≤ R

]
Our main results measure the effect of i being exposed to any violent event at time t,

using a binary treatment variable that takes the value 1 if V iolenceit ≥ 1 and 0 otherwise.

We also present results disaggregating the violence measure into the three most common

types of violence observed: direct fire attacks, indirect fire attacks, and IED explosions.

Direct fire refers to attacks on a target that is visible to the attacker. Examples include

small arms fire, rocket propelled grenades, or hand grenades. Indirect fire refers to attacks

where the attacker fires from a distance beyond line-of-sight and includes artillery, mortars

and rockets. Indirect fire and IED explosions are typically more indiscriminate and thus may

be more consequential to civilian bystanders than more targeted direct fire attacks.

We estimate the relationship between violence and M-Paisa use with a regression model

that includes individual fixed-effects πi, time fixed-effects µt, and district-specific linear time
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trends ηd.
14

Yit = β0 ∗ V iolenceit + πi + µt + ηdt+ ϵit (2)

The results we present below use a specification that attaches each violent incident to

any individual within a 10-kilometer radius, i.e. R = 10. To address potential data sparsity

related to individual locations, we aggregate violence exposure to the monthly level by using

the maximum value of V iolenceit over all days in a given month. Similarly, we average daily

M-Paisa balances and other M-Paisa transaction types at the monthly level, which is the

typical time frame for cycles of salary payments and withdrawals. We will further focus

our attention on: (i) users who have at least two days of recorded activity on the M-Paisa

platform - allowing us to ignore short term users who are automatically enrolled or who use

the platform very briefly, and (ii) users who receive salary payments via the platform, as we

observe limited evidence of deposits and peer-to-peer transfers in the general population of

users. These restrictions limit our sample to a total of 7,551 individual salary users during

the period from December 2010 to April 2012.

With this specification, unobserved time-varying individual characteristics (that are not

common across all individuals and that deviate from region-specific trends) could bias our

estimates in unforeseen ways. In particular, the key identifying assumption of model (2) is

that the precise timing of when an individual experiences violence is random, conditional

on time-invariant properties of the individual (captured by the individual fixed-effects πi),

seasonal characteristics that are common across all individuals in a given month (the time

fixed-effects µt), and regional trends in violence and mobile money use (the district-specific

linear time trends ηdt). We think this assumption is reasonable in Afghanistan, where the

timing of insurgent attacks is meant to surprise government forces.15 However, it is possible

14District time trends ηdt are given by the continuous time variable interacted with district
dummies.

15We also perform several econometric tests to assess whether violence can be predicted
beyond what is captured by our econometric specification. Specifically, Appendix Table A0
assesses whether residualized violence can be explained using recent trends in violence and
M-Paisa use, where residualized violence ξit is obtained by regressing violence on the fixed
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that individuals on the ground would be better able to predict idiosyncratic violence than

our econometric model; we return to this point below.

4.1 Administrative Data Results

Table 1 presents the results from the fixed-effects specification in Equation (2). Overall, we

document a robust negative relationship between violence exposure and M-Paisa usage. On

average, individuals exposed to violence significantly reduce their M-Paisa balance during

periods of heightened violence (column 1). More precisely, exposure to violence is associated

with a decrease in a user’s average M-Paisa balance of 134 Afghanis (approximately $2 USD)

(panel A). While not significant at conventional levels, this magnitude represents about a 6%

drop in the mean value of the dependent variable. When violence exposure is disaggregated

by violent event type (panel B), we uncover large and statistically significant effects on

M-Paisa balance of exposure to indirect fire and IED explosions. Specifically, exposure to

an indirect fire event or an IED explosion decreases average M-Paisa balance by 356 (15%

drop relative to mean value) and 263 (11% relative to mean value) Afghanis, respectively.

We note that while the effect of indirect fire attacks and IEDs is large and significant, the

effect of direct fire attacks on M-Paisa balance is not. This pattern is consistent with the

indiscriminate nature of indirect fire and IED events, which could make them plausibly more

consequential to the behavior of civilian populations.

Column 2 of Table 1 indicates violence has similar effects on the frequency of M-Paisa

use: violence exposure is associated with about a 24% reduction in the average number of

transactions.16 Columns 3-5 show results for the most common M-Paisa transaction types.

We find that violence exposure leads to a negative and significant drop in the average number

effects in Equation (2), i.e., V iolenceit = πi+µt+ηdt+ξit. Using a basic linear model as well
as a machine learning approach (i.e., a regression tree with 10-fold cross validation), we find
that characteristics such as lags and trends in violence and M-Paisa balance are consistently
unable (R2 ≤ 0.035) to predict residualized violence.

16Relative to a baseline average of 0.196 transactions per month.

16



of withdrawals (column 3), deposits (column 4), and peer-to-peer transfers (column 5).17

As discussed above, an important stylized fact in Afghanistan is that violence is quite

common, and most individuals in our sample have likely been exposed to violence prior to

our period of study. This can be seen in Figure 2a, which plots observed monthly exposure

to violence for the users in our sample using a 10-kilometer radius. The high frequency of

violence exposure limits our ability to use an event-study framework to measure the impact

of violence. It also implies that our results should be interpreted as measuring the impact of

current exposure to violence relative to an unknown degree of prior exposure. In addition,

we show that our results do not change significantly after controlling for past exposure to

violence measured during our sample period.18 Although we cannot condition on exposure

prior to our period of study, this exercise shows that the impact of contemporaneous exposure

to violence remains significant even after controlling for recent past exposure.

A key advantage of our data is that we can exploit its panel structure to account for time-

invariant individual characteristics. Appendix Table A5 highlights how these time-invariant

characteristics might otherwise bias our results by presenting variants of Equation 2 with and

without different fixed effects. When analyzing M-Paisa balance, the specification without

any fixed effects (column 1) indicates a negative correlation between violence exposure and

M-Paisa balance. However, we expect this estimate to be downward biased, since people who

more regularly experience violence are likely different (and less likely to use mobile money)

17In Appendix Table A1, our estimates are also similar when we include non-mobile salary
users in the sample. In Appendix Table A2, we show that estimates of the effect of violence
are similar to Table 1 when we define the impacted region as within 5 km or between 5-10 km
from the location of the violent event. In Appendix Table A3, we calculate an individual’s
estimated location using the location of the village closest to the Center of Gravity, using
information on village locations obtained from the Central Statistics Organization (CSO)
village location dataset. This robustness helps ensure that the estimated location is a
populated area. Our results using this alternative measure are almost identical to our main
results using the Center of Gravity. Appendix Figure A1 maps the daily estimated locations
using the village closest to the estimated Center of Gravity.

18Specifically, we estimate Equation (2) adding a control for the total number of violent
events within a 10-kilometer radius up to t − 1. These results are presented in Appendix
Table A4.
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than those who are more physically secure. This bias is evident as increasingly restrictive

fixed effects are added from columns 1 to 4. A similar, and more stark, pattern exists

when analyzing M-Paisa transactions: while the cross-sectional analysis (column 5) suggests

a positive correlation between exposure to violence and M-Paisa transactions, the effect

changes sign once we account for trends in M-Paisa transactions and district characteristics

(columns 7 and 8).

While the administrative data from the phone company contains rich information on

mobile money transactions, and the panel structure allows us to use fixed effects to control

for time-invariant individual factors, they do not contain any other information about the

subscribers (demographics, income, etc.). Thus, we cannot easily control for time-varying

individual factors in our regressions. Instead, as an additional test of the robustness of the

results in Table 1, we control for time-varying district characteristics using a quarterly survey

sponsored by the International Security Assistance Forces in Afghanistan (Condra et al.,

2019). Using the Afghanistan Nationwide Quarterly Assessment Research (ANQAR) survey,

we control for the following variables at the district-month level: average age; share of female

population; share of rural population; share of population with primary, and secondary

education; share of population receiving income from farming; average number of hours per

day with electricity; and the share of the population that is Pashtun. 19 Appendix Table A6

compares the estimated relationship between violence exposure and M-Paisa usage with and

without the ANQAR controls, estimated on the sample from Table 1 that overlaps with the

ANQAR data. Comparing Panel A with Panel C and Panel B with Panel D, our estimates

are not substantively changed by including these covariates in the specification.

19The primary purpose of the ANQAR survey is to track general attitudes and beliefs
among the Afghan population – see Data Appendix A.1.4 for details. ANQAR is a
repeated cross-section survey that is highly regarded by Afghan survey research experts.
Our specifications control for the main time-varying covariates available in ANQAR.
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5 Violence and Mobile Money: Experimental Results

The results above provide strong evidence that exposure to violence is associated with

reduced use of Afghanistan’s mobile money system, even when controlling for time-invariant

unobserved heterogeneity at the individual level. However, a causal interpretation of these

results is difficult, since we are unable to control for time-varying unobserved heterogeneity

that may explain why users join the mobile money platform. Moreover, the administrative

data provides limited insight into the mechanisms driving individual decisions to reduce

M-Paisa usage.

To address these concerns, we conducted a randomized controlled trial that created

random variation in an individual’s propensity to adopt mobile money. The experiment

was conducted in partnership with a large firm operating in some of the most violent

areas of Afghanistan. The firm had decided to switch their salary distribution platform

to use mobile money payments instead of cash payments. We partnered with them to

conduct an evaluation of this transition, using a staggered roll-out design that randomly

assigned the date on which each employee would make the transition from cash to mobile

money. We combine administrative transaction records with monthly survey data on both

the treatment and control group to develop a more nuanced understanding of the factors

driving individual decisions to reduce usage of M-Paisa. Blumenstock et al. (2015) reports

this field experiment’s results on mobile money adoption, employee welfare and firm cost-

savings, but does not analyze the relationship between mobile money usage and violence.

5.1 Experimental Protocol

The partner firm was the Central Asia Development Group (CADG), a private contractor

implementing the USAID-funded Community Development Program (CDP) in the conflict-

affected southern and eastern provinces of the country.20 In 2011, several CADG staff in

20CDP’s primary objective is to provide labor-intensive community development projects
to reduce the impact of economic vulnerability and increase support for the Government of
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Kabul and Kandahar entered a pilot of Roshan’s mobile salary payment program. Based

on the results of the pilot, in mid-2012 CADG made the decision to transition all of their

employees in the CDP program from cash to mobile salary payments. However, CADG did

not want to transition all employees at the same time, and instead planned to implement

the change over the course of several months.

After discussing their plans with our team, CADG agreed to randomize the dates on

which employees were enrolled in mobile salary payments. We note that our research team’s

involvement did not affect CADG’s decision to switch their CDP employees from cash to

mobile money; that decision was made prior to our team’s involvement, presumably because

of the cost savings and logistical advantages offered by mobile salary payments. Our research

team’s involvement was focused on evaluating the impact of this transition – including both

potential positive and negative impacts to employees – as CADG was interested in gathering

rigorous evidence on how their employees would be affected by the transition to mobile

money. Such information could be useful to CADG for a range of reasons, including future

development work under separate contracts.

In July 2012, CADG’s Community Development Program (CDP) employed approximately

three hundred seventy-five (375) employees based in eight offices located in the capital Kabul

and in the southern and eastern provinces of Afghanistan. The RCT was launched in August

2012 with 341 CDP employees operating in seven provinces: Ghazni, Helmand, Kabul,

Kandahar, Khost, Paktia and Paktika (see Appendix Figure A2).21 Throughout the analysis

that follows, we trim the top .5% of outliers in M-Paisa balances, which results in discarding

one extreme outlier observation in the treatment group with an average M-Paisa balance

the Islamic Republic of Afghanistan. The projects undertaken by the communities involved
reconstructing municipal infrastructure, irrigation systems and valued public facilities such
as schools and clinics. CDP’s main beneficiaries are at-risk populations including unemployed
men of combat age, internally displaced persons, those suffering from extreme poverty and
other marginalized segments of Afghan society.

21Employees in Zabul province could not be included due to a lack of reliable mobile
coverage on the Roshan network in their area.

20



10 standard deviations above the mean, leaving a final sample of 340 employees.22 The

experimental sample included all CDP employees who worked in office locations with Roshan

mobile coverage, and excluded CDP security staff who were paid through an alternative

system.

Half of the employees in the experiment were randomly assigned to the mobile salary

system, while the other half were paid by CADG’s existing cash-based system to provide

a valid comparison group during the study period. Employees in the control group receive

a basket of interventions that closely resembled those received by the employees in the

treatment group.23 The key difference between treatment and control groups is that members

of the treatment group had their salary distributed via the M-Paisa mobile money service,

while members of the control group continued to be paid in cash by their employer.

In addition to stratifying treatment within each province, the randomization protocol

included two further blocking variables: the share of monthly income transferred to a family,

and the level of monthly expenditure on phone airtime.24 While employees in five provinces

are able to withdraw their mobile salary funds by visiting a mobile money agent (typically a

teller at a local bank branch or a local merchant with significant turnover to enable regular

liquidity), employees in Paktia and Paktika received regular in-person visits from an agent

22We also consistently present results trimming the top .5% of outliers in self-reported
cash savings in order to address a handful of extreme values that appear to be enumerator
data collection errors.

23Both sets of employees received a group training on the use of the M-Paisa mobile
money system, including how to send, receive, deposit and withdraw funds, as well as how to
purchase mobile airtime using mobile money. Both sets of employees were given new phones,
identified as their new official work phones, and both sets of employees were given Roshan
SIM cards, identified as their personal property. As all phone usage is pre-paid, employees
were encouraged to use these new phones and SIMs for their personal calls as well, and they
are instructed not to remove the Roshan SIMs and replace them with other network SIMs.
Finally, both sets of employees were individually registered for the M-Paisa service, which
due to “know-your-customer” regulations requires the recording of biographical information
and copies of photos and a national ID card.

24In both cases, the variable’s distribution was divided into above and below the median,
and the stratification was implemented using that definition.
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to their office in order to address security concerns specific to those two provinces.25

To address the logistical challenges of registration team travel within Afghanistan, treatment

followed a staggered rollout plan in which Kabul employees received the intervention in July

2012, followed by employees in Paktia and Paktika in August 2012, employees in Ghazni

and Khost in September 2012, and employees in Helmand and Kandahar in October 2012.

Before each group received new phones, training and M-Paisa registration (or notification

of their treatment status), a first wave of face-to-face interviews took place to collect more

detailed baseline information. Following the in-person baseline, monthly phone surveys were

conducted with employees at all sites. A second wave of face-to-face endline surveys took

place at each province based on availability.26

The randomization assignment protocol was implemented with 100% compliance, meaning

all 171 employees assigned to receive mobile salaries were in fact paid by mobile salaries, and

the remaining 169 employees in the control group continued to be paid by cash payments for

the duration of the research study.27 Baseline administrative and survey data summarized in

Appendix Table A8 indicates balance on employee observables such as age, marital status,

25Our results are robust to excluding employees from both of these provinces from the
analysis.

26The Paktia and Paktika province offices were permanently closed in December 2012,
necessitating endline surveys in November 2012. Ghazni province office was closed in January
2013, allowing for an endline survey in December 2012. All remaining provinces had their
endline face-to-face survey conducted in February 2013, followed by one additional month of
phone surveys prior to the end of the study. Due to the staggered rollout of the intervention
and office closures, the number of monthly survey waves varies by provincial office location,
from two phone survey waves in Ghazni, Paktia and Paktika to seven phone survey waves in
Kabul; all offices had two in-person survey waves. We attempted a total of 2,049 individual
surveys, or an average of 6 waves per employee. Of these, 1,711 (83.5%) were successfully
conducted, resulting in a pooled survey non-response rate of 16.5% – or roughly 2.75%
attrition per survey wave.

27As a reminder, all payments were implemented by CADG, significantly reducing the
likelihood of non-compliance. The randomization pool included additional employees who
had their employment terminated after assignment but before treatment was implemented,
so they are excluded from this analysis. We also exclude from our analysis approximately
one dozen CADG employees who had participated in the mobile salaries pilot project prior
to the research study.
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number of children, ethnicity, tenure, salary, and usage of formal banks and hawala system.

5.2 Experimental Results

Administrative and survey data summarized in Table 2 shows monthly M-Paisa account

usage, violence exposure and expectations, and other economic survey data. M-Paisa account

usage data includes monthly average account balance, monthly total transaction counts,

and self-reported travel time and costs to M-Paisa agents. Employees report high-levels of

violence exposure with 21% of monthly survey responses affirmative to the question “Has

the neighborhood in which you currently live experienced an attack in the previous calendar

month?” We measure violence expectations using the following survey question, which was

collected from individual respondents on a monthly basis: “In your opinion, please tell us how

likely you think it is that insurgent-related violence will occur in your neighborhood. Is this

extremely likely, very likely, somewhat likely, not very likely, or extremely unlikely?” When

coded on a Likert scale, where 0 is extremely likely and 4 is extremely unlikely, this variable

takes on an average value of 1.66 with a standard deviation of 1.13. For our analysis, we

define a dummy variable Expects Violenceit that equals one if respondent i answered either

“extremely likely” or “very likely” in month t.28 Additional monthly survey data reported

in this table includes monthly cash savings, expenditures, bank savings and cash transfers

to friends and family members. We also aggregate our administrative transaction data to

the monthly level.

We estimate treatment impacts using variants of the following specification:

Yit = β1 ∗ Treat x Postit + β2 ∗ Treati + γt + ηi + ϵit (3)

where Yit is the outcome of interest for individual i in month t, Treati is a dummy equaling

28This violence expectations variable is strongly correlated with our violence exposure
variables, particularly Attack Last Month (=1), even when including employee and month
fixed effects. We interpret it as a violence forecast based on a combination of updated priors
based on recent exposure, private information and other subjective beliefs.
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one for individuals receiving mobile salary payments, Postt is a dummy variable equaling

one after treatment begins, γt is a month fixed effect, and ηi is an employee fixed effect.

Estimates in columns (1) - (3) of Panel A of Table 3 indicate that treatment increased

mobile money balances. Estimates do not change much when adding either strata or

individual fixed effects. Our preferred specification in column (3) indicates that treatment

increased mobile money balances by 6,118 AFA or about 2,095% of the control mean. This

substantial treatment effect estimate is consistent with the program providing first-time

access to mobile money.

We next extend this regression framework to check whether treatment effects vary by

participants’ expectations of future violence in columns (4) - (6) of Table 3.29 This analysis

reveals that treatment effects are considerably larger in months when participants do not

expect violence. We also note that estimates remain stable across all of the estimated

specifications. Treatment still induces mobile money use for those expecting violence, but

their balances are about 4,489 AFA below those who do not expect violence (column 6).30

In Panel B of Table 3, we check for substitution from mobile money into cash savings in

the treatment group by estimating the same specification as in Panel A with self-reported

cash savings as the dependent variable. In columns (1) - (3), we see that cash savings also

increase as a result of treatment, though these estimates are imprecise. In columns (4)-(6),

we also find positive, but very imprecise, estimates for the triple-interaction term. Thus,

the evidence for direct substitution from mobile money into cash savings is not conclusive.31

29This analysis uses a fully-saturated triple difference version of Equation (3); i.e., we
interact Treat x Post X Expects Violence, and control for all two-way interactions and
uninteracted variables.

30As Table A9 shows, our results in column (4)-(6) are qualitatively similar when
separating the violence expectations variable into each answer, though grouping them
improves power. In Table A10, we restrict the sample of Panel A to match estimation
sample in Panel B and observe qualitatively similar results. In Table A11, we find that
our results from Panel A of Table 3 are robust to including time-varying confounds such as
household shocks, salary problems, salary satisfaction and expectations of future government
control.

31In Appendix Table A12, we do not find a robust relationship between mobile salary
treatment, violence expectations and other economic measures such as bank savings,
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Separately, when focusing only on within-employee variation in column (6), we note that

the uninteracted coefficient on violence expectations is positive, large in magnitude and

statistically significant, suggesting that subjects increase cash savings in months where they

expect violence. We explore this relationship further in the next section.

Figure 3a presents a graphical representation of average daily M-Paisa balances in the

treatment and control groups. While mobile money balances are slowly rising in the control

group over time, they are not statistically distinguishable from zero during the period of the

experimental study. By contrast, consistent with estimates in Table 3, the M-Paisa balances

in the treatment group are large, even after cash withdrawals immediately following each

pay period. Figure 3b depicts M-Paisa balances when participants are divided according

to baseline expectations of violence. In this figure, groups are fixed over the full period for

each individual using the value of Expects Violence in the baseline survey wave. On average,

individuals in our treatment sample with higher baseline expectations of violence appear to

maintain lower mobile money balances over time.

5.2.1 Panel Data Estimates - Violence Expectations, Cash Savings, and Mobile

Money Balances

The data obtained during this experiment enable further examination of how subjects adjust

financial decisions when thinking violence is more likely. Study participants report violence

expectations every month, and the extent autocorrelation across months is low (ρ = 0.12;

s.e. = 0.03), consistent with a constantly shifting security situation in Afghanistan. This

variation permits us to estimate regressions of the form:

Yit = ϕ1 ∗ Expects Violenceit + γt + ηi + ϵit (4)

where Yit is either cash savings or mobile money balances for individual i in month t. Table 4

reports corresponding estimates for the complete sample in panel A, only for participants in

individual transfers and expenditures.
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the treatment group in the post period (who have mobile wallets and so face a meaningful

choice) in Panel B, and for the control group in Panel C.

Looking at the complete sample in Panel A, we see that M-Paisa balances are smaller

(columns 1 - 3) and cash savings are larger (columns 4 - 6). The estimate for ϕ1 in column 3

is not significant, likely because very few participants in the control group use mobile money.

We report results for the treatment group in the post-treatment period in Panel B. This

group is particularly helpful for evaluating the model in Section 3, in that this group faces

a real trade-off between saving using mobile money and cash because treatment provides

them with regular deposits into their mobile wallet. For this group, there is evidence of

substitution away from mobile money and toward cash in periods when subjects expect

violence, although estimates in columns 5 and 6 are not significant at conventional levels.

We also note that the reduction in mobile money is of similar magnitude to the increase in

cash.

Last, looking at the control group in panel C, there is no obvious relationship between

mobile money and violence (columns 1 - 3), primarily because very few individuals in this

group use mobile money. However, as with Panels A and B, the control group in Panel C

exhibits a similar preference for cash in periods when participants expect violence (columns

4 - 6) as observed in Panels A and B.

In Appendix Table A13, we restrict the sample of columns (1)-(3) to match the estimation

sample in columns (4)-(6) for which self-reported cash savings data is available and observe

qualitatively similar results on M-Paisa balances.32

5.3 Discussion

Why do we observe individuals responding to violence by reallocating their financial portfolios

to cash from mobile money? In examining this question, we consider the precautionary

32In Table A14, high violence beliefs are characterized by faster withdrawals following pay
day, consistent with an interpretation of substituting from mobile savings to cash savings
when violence expectations rise.
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motive (Keynes, 1936). If current conflict portends a more unstable future, the experience

of violence may cause individuals to update their beliefs. Correspondingly, the ability to

respond flexibly to changing circumstances may feel more urgent, creating a preference for

liquidity. To consume from mobile money, it must first be converted to cash from an agent.33

By this logic, violence should increase the relative demand for cash.

On the other hand, mobile money offers potential security advantages over cash. There

are at least three reasons that these may not be enough to compensate for the reduction

in liquidity. First, the violence (and corresponding expectations) we measure relate to

insurgency and thus political instability. We do not observe direct predation from theft or

bribery or other forms of violence that are associated with a risk of carrying cash. Second,

eruptions of violence in Afghanistan have historically driven outward migration, usually to

Pakistan and Iran.34 Mobile money users tend to be wealthier, especially in our CADG

sample, and may be considering whether to leave Afghanistan, but mobile money is not

convertible outside of Afghanistan. Third, the liquidity of mobile money might be a function

of levels of violence. Mobile money operators based in insecure regions receive a premium

from the mobile operator to transact mobile money and refuse to operate altogether in highly

unstable regions. If employees are concerned about agent coverage during periods of violence,

this could trigger a liquidity run that becomes self-fulfilling.35

33An exception to this is a small number of locations in Kabul that directly accepted
mobile money as payment during this period. In results available on request, we replicate
our administrative data results from Table 1 restricting the analysis to Kabul. We still find
a negative and significant relationship which is consistent with the fact that this is a small
number of locations.

34According the United Nations High Commissioner for Refugees (UNHCR), from 2002-
2013, 3.8 million Afghans, about 12.75 percent of Afghanistan’s total population, have
repatriated from Pakistan alone, with roughly 1.6 million Afghan refugees remaining there
(United Nations High Commissioner on Refugees, 2014).

35In Blumenstock et al. (2015), we examine employee welfare outcomes from this
experiment using self-reported data on salary satisfaction, economic behaviors, and
corruption and security perceptions. While we document large cost savings for the employer,
we find little consistent evidence that mobile salary payments had a significant impact on
employee well-being.
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6 Violence and Cash Savings: Survey Data

We test the relationship between violence expectations and cash savings in an independent,

national sample from Afghanistan, as described by Callen et al. (2014). These data, collected

in December 2010, reflect 468 different primary sampling units (election polling center

catchments) across 19 provincial capitals.36 Three features of these data provide a means

of testing whether our results might generalize beyond our experimental sample. First,

they afford much greater geographic coverage. Second, they reflect a period two years prior

to the mobile salary experiment. Last, they contain nearly identical savings and violence

expectations modules as the experimental data discussed in the preceding section.37 A

natural drawback of these data are that they comprise only one cross-section, limiting our

ability to control for time-invariant confounds.

We use a subset of the Callen et al. (2014) data to investigate whether violence expectations

per se, rather than several other factors – such as risk aversion, present bias, time discounting,

and optimism – are related to the decision to hold cash. These data come from 12 less

conservative provinces among the 19 covered in the survey, and they cover 287 polling center

precincts. As discussed in detail in Callen et al. (2014), questions involving risk and games

that resemble gambling are potentially sensitive for Muslims.38 Of the 2,027 respondents

36Enumerators were told to begin at the coordinates of the polling center and survey
either 6 or 8 subjects. Surveys were conducted in individuals’ homes. Enumerators adhered
to the right-hand rule random selection method and respondents within houses were selected
according to a Kish grid (Kish, 1949). Keeping with Afghan custom, men and women were
interviewed by field staff of their own gender.

37Both modules used identical text for the expectations elicitation question: ‘In your
opinion, please tell us how likely you think it is that insurgent-related violence will occur in
your neighborhood.’ The 2010 survey (from Callen et al. (2014)) used an 11-point Likert
scale for responses, while the 2013 survey (from Section 5 above) used a 5-point scale. To
facilitate comparison between these two scales, we define the independent variable Expects
Violence (=1) as an indicator for responses above the median value in the corresponding
sample (4 on the 11-point scale in this section, and 3 on the 5-point scale in Section 5). The
results are qualitatively similar using alternative thresholds.

38The provinces covered in the survey are Badakhshan, Balkh, Bamyan, Daikondi, Faryab,
Herat, Juzjan, Kabul, Kapisa, Panjshir, Parwan, and Samangan. In additions, before
measuring risk and time preferences, we had our interviewers read a fixed informed consent
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contacted in these polling precincts, only 1,127 respondents consented to participate in the

experimental component of the survey (of which, 1,122 responded to the question measuring

violence forecasts and only 972 also responded to the Holt-Laury risk task). Estimates using

the 19-province sample are reported in Table 5 and estimates using the 12-province sample

are reported in Table 6.

Table 5 presents estimates using this 2010 sample, where all columns include demographic

controls and province fixed-effects. Column (1) reports the relationship between cash savings

and an indicator variable for exposure to violence (defined as a violent attack recorded in

the SIGACTs database in a 1km radius of the polling center within the past 3 years).39

Column (2) reports the relationship between cash savings and an indicator variable for

violence expectations, where the indicator equals one for an above median value on the ten-

point Likert scale. Consistent with our earlier results, both violence exposure and violence

expectations are associated with higher cash savings. Column (3) shows that the relationship

between cash savings and individual expectations of violence is robust to controlling for

violence exposure. Column (4) shows that the interaction term between exposure and

expectations is negative but not significant at conventional levels while the direct effects of

both variables remain significant, and column (5) demonstrates that results are qualitatively

similar when not trimming the top .5% of outliers in cash savings from the sample.

Our violence expectations question asks subjects to directly state their subjective beliefs

in the likelihood of a particular state of the world: “insurgent-related violence will occur in

your neighborhood.” A substantial literature discusses the elicitation of future probabilities

script, asking individuals if they were willing to answer a few questions about uncertain
outcomes. Of the 2,027 respondents contacted, 1,127 respondents consented to participate
in the experimental component of the survey. The complete consent script is reported in the
appendix to (Callen et al., 2014).

39Unfortunately, this survey does not provide similar fine-grained individual location data
as available from cell phone records in Section 4, though we exploit the same geocoded
violence data. For consistency with Callen et al. (2014), our measure of violence exposure
employs a narrower 1km radius around the coordinates of a common landmark, in this case
the polling center. Reported results are robust to alternative radius specifications, as well
as to the exclusion of demographic controls and province fixed effects.

29



and a large number of studies use Likert scale responses about a future event as a means of

obtaining a proxy for subjective beliefs about future events. Delavande et al. (2011) provide

a review of efforts to elicit subjective probabilities in developing countries, arguing that point

estimates of the probability events may afford some advantages over using a Likert scale,

but that Likert scale measures provide valid proxies. More relevant to our study, Delavande

and Kohler (2009) show that individuals’ Likert scale responses about the probability that

they have HIV successfully predicts their actual status.

In practice, survey measures of violence forecasts could also reflect a number of confounds

including: (i) general optimism; (ii) risk aversion; (iii) discount factors; and (iv) present

bias. Table 6 includes measures of each of these confounds as an additional regressor.40

Reassuringly, the magnitude of the coefficient is stable and remains significant, providing

additional evidence that the Likert scale measure of violence expectations contains additional

information beyond that available in the set of potential confounds.

7 Conclusion

The main finding in this paper is that when people expect violence, they are less likely to

adopt and use mobile money and more likely to hold cash. This conclusion is supported by

three separate, but complementary, research designs: one based on a large administrative

dataset of mobile money transactions; one using panel survey data from a randomized control

trial; and one from a cross-sectional household survey.

We focus on mobile money because it has the potential to be a transformative financial

technology in developing economies (cf. Suri, 2017). The vision is that it can leapfrog

40Table 6 includes fewer observations than Table 5 for the reasons described above.
Appendix Table A15 demonstrates that Table 5 is qualitatively similar when restricted to the
sample of 1,122 respondents from columns 1-4 of Table 6, though the Attacks variable is no
longer statistically significant at conventional levels. Appendix Table A16 demonstrates that
columns (1) - (4) of Table 6 are also robust to restricting to the sample of 972 respondents
used in columns (5) - (7) of Table 6.
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traditional brick-and-mortar banking institutions in the same way that mobile phones eliminated

the need for poor countries to develop landline-based communications infrastructure. This,

in turn, could speed up the process for providing unbanked populations access to a formal

financial accounts.

Nonetheless, despite many years of focused effort both by international aid agencies

and domestic telecommunications companies, mobile money has not yet seen widespread

adoption in Afghanistan. The resounding message from our three empirical exercises is that

people will want cash when they expect instability. Cash is the only financial technology

that is guaranteed to provide a means of exchange during crises. It does not depend on a

network of mobile money agents, who will not work when they fear for their safety, nor the

corresponding regulatory, technological, or financial architecture that can seize up during

local or national crises.

Afghanistan recently experienced just such a crisis. When the Taliban entered Kabul on

August 15th, 2021, citizens rushed to banks to empty their accounts; months later, banks

continue to impose capital controls that largely restrict access to deposits. These events

resonate with our analysis of how violence and instability affect the functioning of financial

systems. For people to rely on such systems, they must believe that they will continue to

operate in the future. Violence, in contexts like Afghanistan, can undermine that belief.
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Figure 1: Administrative Dataset: Spatial Distribution of Violence & M-Paisa Users

(a) Violent Incidents in Afghanistan (Dec 2010 - April 2012)

(b) Daily Center of Gravity (Dec 2010 - April 2012)
Notes: Top figure plots all violent incidents recorded by Afghan and International Security
Assistance (ISAF) forces from December 2010-April 2012. Bottom figure plots the estimated
daily Center of Gravity for each M-Paisa user in the sample over the period December 2010-
April 2012. Refer to Section 4 for a description of the violence data and to Appendix A for
a description of the Center of Gravity estimation methodology.
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Figure 2: Administrative Dataset: Trends in Violence Exposure & M-Paisa Transactions

(a) Trends in Violence Exposure (Dec 2010 - April 2012)

(b) Trends in M-Paisa Transactions (Dec 2010 - April 2012)

Notes: Panel (a) plots the share of M-Paisa account users experiencing at least one violent
incident (direct fire, indirect fire, and IED incidents) within a 10-kilometer radius of their
Center of Gravity location. Panel (b) plots average M-Paisa mobile money account balance
in Afghanis (left axis) and average number of M-Paisa transactions, number of withdrawals,
number of deposits, number of airtime purchases, and number of peer-to-peer mobile money
transfers (right axis). Refer to Section 4 for a description of the violence and M-Paisa
transaction data and variable definitions.
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Figure 3: Experimental Dataset: Mobile Salary Treatment Effects & Violence Heterogeneity

(a) Mobile Salary Treatment Effect on M-Paisa Balance

(b) Mobile Salary Treatment Effect By Baseline Violence Expectations
Notes: Figures plot average daily M-Paisa balances in experimental sample described in
Section 4. Top figure plots treatment and control groups, where the treatment group (red
line) was randomly assigned to receive mobile salary payments and control group (blue
line) did not. Bottom figure divides the treatment group by survey respondents coded as
Expects Violence (=1) (i.e. reported insurgent-related violence was either “Very Likely” or
“Extremely Likely” in the next month) in their baseline survey wave (dashed red line) and
those with Expects Violence (=0) in their baseline survey wave (dot-dash green line).
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Table 2: Experimental Dataset: Summary Statistics

Variable Mean Std. Dev. N

M-Paisa Usage (admin data):
M-Paisa Balance (Afs) 3153.96 12279.34 1418
Transactions (#) 1.62 2.36 1418
Deposits (#) 0 0.03 1418
Deposits (Afs) 0.35 13.28 1418
Withdrawals (#) 0.38 0.53 1418
Withdrawals (Afs) 11440.85 22415.48 1418

M-Paisa Agent Accessibility (survey data):
Travel Time to M-Paisa Agent (minutes) 90.06 69.82 1407
Travel Cost to M-Paisa Agent (Afs) 74.62 137.61 1398

Violence and Expectations (survey data):
Attack Last Month (=1) 0.21 0.40 1414
Expects Violence (=1) 0.24 0.43 1418

Savings and Expenditure (survey data):
Cash Savings (Afs) 5014.36 18600.82 1341
Bank Savings (Afs) 6185.45 42859.18 1352
Transfers (Afs) 8143.14 18896.36 1418
Expenditure (Afs) 27185.80 50755.75 1418

Notes: Summary statistics for administrative and survey data from
experimental sample as discussed in Section 5. Unit of observation is an
employee-month. Sample includes 340 employees who are surveyed multiple
times; see Section 5.1 for more details. Sample restricted to observations
with Expects Violence (=1) variable non-missing and and trimming top .5%
of cash outliers; some variables have fewer than 1418 observations due to
survey non-response.
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Table 5: Household Survey Dataset: Violence and Cash Savings

Dependent Variable: Cash Savings (Afs)
(1) (2) (3) (4) (5)

Attacks (=1) 221.39** 222.24** 246.94** 408.84**
(88.39) (88.19) (110.69) (164.36)

Expects Violence (=1) 143.59* 145.20* 165.58* 196.19
(86.39) (86.82) (100.00) (119.33)

Attacks x Expects -50.63 -100.48
(157.46) (214.59)

Constant 600.28*** 623.27*** 546.72*** 538.91*** 617.87***
(137.88) (138.24) (140.10) (139.87) (172.48)

Sample Trimmed Trimmed Trimmed Trimmed All
Mean Dep Var 903.33 903.33 903.33 903.33 990.42
# Clusters 468 468 468 468 468
# Observations 3033 3033 3033 3033 3047
R-Squared 0.148 0.146 0.149 0.149 0.114
Demographic Controls YES YES YES YES YES
Province FE YES YES YES YES YES

Notes: Dependent variable is self-reported cash holdings in Afghanis, and observation
is an individual respondent in a 19 province survey during 2011 (see paper text for
more details). Average exchange rate was approximately 50 Afghanis to the dollar
during survey period. Robust standard errors in parentheses, *** p<0.01, ** p<0.05,
* p<0.1. The Attacks variable records whether a polling center had experienced an
attack within 1km radius in the previous 3 years as recorded in the SIGACTs dataset
(see paper text for more details). The Expects Violence subgroups correspond to
responses to the question “In your opinion, please tell us how likely you think it is that
insurgent-related violence will occur in your neighborhood.” Respondents were given a
0-10 point likert scale where 10 represented a certainty of violence forecast; responses
above the median (corresponding to a 5 or higher on the scale) are coded as Expects
Violence. Demographic controls include age, gender, education, employment, and risk
attitudes. Trimming top .5% of outliers in cash savings in columns (1) - (4).
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