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Abstract

In this thesis, I study topics in development economics and finance, focusing on the ef-

fects of policies in the digital payments’ market and regulation of immigration. The thesis

comprises three distinct papers that explore financial behavior, technological adoption,

and economic policy impacts in developing contexts.

The first paper examines the impact of substituting bank deposits with digital cur-

rency on banks’ lending behavior in developing countries. Using an unexpected tax on

Mobile Money in Uganda as a natural experiment, the study finds that the tax led to

decreased mobile money usage and increased bank deposits and ATM withdrawals. This

influx of new deposits allowed banks to increase their lending. However, the nature of

new liquidity resulted in shorter loan repayment terms and a shift of credit from high-risk

to low-risk borrowers. Consequently, low-risk borrowers received larger loans at lower

interest rates.

The second paper investigates the trade-off between competition and financial inclu-

sion due to vertical integration of mobile network and money operators in Africa. By

analyzing data on mobile money fees, network coverage, and financial performance, the

study finds that platform interoperability policies lowered fees and reduced fee dispari-

ties across operators. However, this benefit was offset by a reduction in mobile towers

and network coverage, particularly in rural and poor areas, leading to decreased financial

inclusion. The study suggests that combining interoperability with rural telecommunica-

tions subsidies can reduce fees without compromising coverage.

The third paper explores the effects of restrictive immigration policies on technology

adoption in migrant-sending countries. Analyzing the dramatic drop in Italian emigra-

tion to the United States following the 1921 Emergency Quota Act, the study uses a

difference-in-differences approach to show that reduced emigration hindered technology

adoption and capital investment. This is consistent with the theory that increased labor

supply decreases firms’ incentives to adopt labor-saving technologies. Data indicates that

districts more exposed to migration restrictions saw significant increases in population

and manufacturing employment due to the “missing migrants” who could not emigrate.

These essays provide insights into the complex dynamics of financial behavior, tech-

nology adoption, and policy impacts in developing economies, highlighting the trade-offs

and interconnected outcomes that policymakers must consider to foster inclusive and

sustainable economic development.
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Abstract

We study the consequences of substitution between bank deposits and digital cur-

rency on banks' lending behavior in developing countrie. Leveraging an unexpected

tax on Mobile Money in Uganda and using an exclusive dataset on the universe of

mobile money transactions, we show a drop in mobile money usage and an increase

in the 
ow of bank deposits and ATM withdrawals. The high turnover of new de-

posits helps us uncover unique insights into banks' hedging against liquidity risk:

we show a general decrease in loans' repayment terms, and a transfer of rent from

high-risk borrowers lacking credit history to low-risk borrowers. Consequently, the

latter group experiences relatively higher loans and lower interest rates.
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1 Introduction

The dynamic landscape of digital payments is undergoing a transformative phase, with

implications reaching far beyond transactional convenience. Within this context, we ex-

plore the intricate interactions between digital and traditional payment systems, focusing

on the repercussions for bank lending and �nancial inclusion.

A pivotal catalyst for our investigation is the ongoing debate on the potential intro-

duction of Central Bank Digital Currencies (CBDCs), with raising questions about the

ambiguous e�ects on the credit market (Andolfatto (2021), Agur et al. (2022)). The

global interest in CBDCs highlights the need for empirical investigations into their poten-

tial repercussions on the banking sector. While theoretical frameworks, as exempli�ed by

Chiu et al. (2023), o�er diverse perspectives on the consequences of CBDC introduction,

empirical validations remain scarce.

Our research aims to bridge this gap. We exploit an unexpected tax on Mobile Money

introduced by the Ugandan government in July 2018 to study how a shock to the cost of

digital currencies induces substitution with cash and bank deposits, eventually a�ecting

banks' liquidity and credit provision.

From a policy perspective, we also provide empirical evidence on the unintended con-

sequences of digital currency taxation in developing countries (Okunogbe and Tourek,

2024). Indeed, the palpable tension surrounding Mobile Money taxes across African na-

tions1 underscores a broader concern about the trade-o�s inherent in the adoption of

digital currencies. Mobile money has emerged as one of the most widespread digital pay-

ment systems (Demirguc-Kunt et al., 2018), and its di�usion resulted in tangible changes

in various economic and �nancial indicators like risk-sharing (Jack and Suri (2011); Blu-

menstock et al. (2016)), remittances (Riley (2018); Aker et al. (2020)), lending (Suri

et al., 2021) and savings (Breza et al., 2022), among others. Despite these signi�cant de-

velopments, research on the functioning and regulation of this technology remains limited

1In the last few years, taxes on mobile money transactions have increasingly been implemented in
various African countries, with Uganda, Zimbabwe, Côte d'Ivoire, Kenya and the Republic of the Congo
having implemented this tax prior to the Covid pandemic in 2020, while Tanzania, Cameroon and Ghana
have done the same since.
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(Brunnermeier et al., 2023).

Positioning Mobile Money in competition with both cash for transactions and bank de-

posits for money storage, our conceptual framework elucidates its comparative advantages.

Factors such as accessibility, cost-e�ectiveness, and ease of account opening underscore

the potential dominance of Mobile Money in speci�c contexts. The Mobile Money tax

introduced by the Ugandan Government in July 2018 a�ected the convenience of Mobile

Money with respect to other systems, resulting in an abrupt drop in its usage. In Figure

1 we show that in the �rst quarter following the tax users withdrew the equivalent of 40

million US $ from the Mobile Money network. With our analysis, we support evidence

that this money was (partly) moved to the banking sector for its storage as deposits,

inducing a positive liquidity shock to banks, that in
uenced their lending behavior.

Figure 1: Mobile Money customer balance

Notes: This �gure plots the quarterly customer balance of mobile money, expressed in US$. It represents
the value of mobile money detained by users. We show that in the trimester after the implementation of
the tax, the value of mobile money detained by users decreased of about 40 million US$.

As outlined in our model in Appendix C - Theoretical Framework, the tax-induced

shock triggers a shift in payment systems usage, depending on users' responsiveness to

the increased cost of digital currency. To empirically investigate the outlined mechanisms,

our research leverages an exclusive dataset on the universe of Mobile Money transactions

8



in Uganda, allowing us to track individual users. We employ a quasi-experimental design,

leveraging the temporal variation introduced by the Mobile Money tax and the variation

at geographical level coming from the heterogeneous access to Mobile Money alternatives,

proxied by the density of ATMs. Di�erence-in-di�erences and event-study approaches

form the backbone of our empirical methodology.

We exploit the same identi�cation to provide evidence of increased bank deposits

and cash usage in districts where access to banks is made easier by the pervasiveness

of ATMs. We show that the mobile money tax triggers the adoption of a new bank-

related technology, called banking agents, that facilitates the opening of bank accounts

and the deposit of cash, and we provide evidence that bank deposits grow through this

new technology. These results are in line with previous literature on complementarity

of network technologies, such as Crouzet et al. (2019). Indeed, being the presence of

Points of Sales (POS) still underdeveloped, and hence being it di�cult to pay with credit

and debit cards, consumers need to use cash for day-to-day payments. While the new

banking technology facilitates the opening of bank accounts and the deposit of money, the

presence of ATMs is the facilitator through which people can easily access the money they

store into banks. There is hence complementarity between this new banking technology

and ATMs. Our results on increased ATMs withdrawals and cash issuance support our

hypothesis that mobile money competes with bank deposits for money storage and with

physical cash for payments.

Eventually, we leverage the transition from mobile money to bank deposits for money

storage and its subsequent positive impact on bank liquidity to examine its e�ects on the

credit market. Our study unveils novel insights into the lending behaviors of banks amidst

increased deposit volatility. We observe heightened deposit 
ows and ATM withdrawals

post the tax implementation: our evidence however reveals a signi�cant change only in

the stock of demand deposits at the bank level. This suggests the precarious nature of

the newfound liquidity, which banks cannot depend on for long-term and secure credit.

The data indicates a widespread reduction in the repayment term of new loans, re
ect-

ing the imperative for banks to cope with the continual cash withdrawals. Additionally,

9



there is a discernible shift in rent from high-risk borrowers lacking credit history to low-risk

borrowers with established credit records. These �ndings imply a shift in banks' strategies

as they hedge against the risk of liquidity shortages. The anticipated outcomes encompass

varied e�ects on banks, resulting in modi�ed credit provision and potential rent transfers

to speci�c borrower subgroups (Agarwal et al. (2018), Beck et al. (2018)). We exploit

the methodology proposed by Khwaja and Mian (2008) within our di�erence-in-di�erence

setting to isolate the bank lending channel.

Our research project intersects with multiple literature streams, each o�ering valuable

insights into the multifaceted dimensions of digital payments, banking competition, and

�nancial inclusion.

The recent surge in Central Bank Digital Currencies (CBDCs) research, exempli�ed

by Chiu et al. (2023), Andolfatto (2021), and Agur et al. (2022), o�ers varied perspectives

on the potential impact of CBDCs on �nancial sector competition. Concerns about dis-

intermediation raised by Keister and Sanches (2023) underscore the critical backdrop for

our study on real-world consequences (Meaning et al. (2018), Brunnermeier et al. (2019),

Brunnermeier and Niepelt (2019), Piazzesi and Schneider (2020), Du�e (2019), Sockin

and Xiong (2023)). While the extensive theoretical literature has no clear agreement on

the e�ects of the introduction of CBDCs, we try to provide empirical evidence to �ll

this gap. The most recent evidence that can be found in the literature is Di Maggio

et al. (2024), who reveal that policies which increase transaction costs for current digital

payment methods catalyze a substitution e�ect, bolstering CBDC adoption.

Exploring the evolving FinTech landscape, Buchak et al. (2018) and Erel and Lieber-

sohn (2022) examine technology's role in traditional banking decline and FinTech's re-

sponse to �nancial service demand. These insights contextualize the coexistence of digital

and traditional payment systems (Beaumont et al. (2022), Ferrari et al. (2010)).

In the literature on the economic e�ects of instant payment systems, Parlour et al.

(2022), Di Maggio and Yao (2021), and Babina et al. (2022) link payment systems to lend-

ing decisions and �nancial inclusion. This stream of literature enriches our understand-

ing of the interconnectedness of digital payments and broader �nancial services (Higgins
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(2020), Bachas et al. (2018), Duarte et al. (2022), Sarkisyan (2023), Balyuk and Williams

(2021), Dubey and Purnanandam (2023), Bian et al. (2023), Dupas et al. (2018)).

Drawing parallels with the literature on demonetization, our investigation into the

Mobile Money tax-induced shock �nds resonance with studies exploring policy changes

that induce shifts in currency use. Chodorow-Reich et al. (2020) examine the consequences

of demonetization, noting relative reductions in economic activity and shifts towards

alternative payment technologies. Similarly, Crouzet et al. (2019) document how a cash

contraction spurs the adoption of new payment technologies.

The extensive literature on the e�ects of Mobile Money provides a foundational under-

standing of its role in �nancial inclusion and transactional behavior. Pioneering studies

by Jack and Suri (2011), Jack et al. (2013), and Jack and Suri (2014) highlight the trans-

formative impact of Mobile Money on access to formal �nancial systems. Our research

builds on this foundation, acknowledging the dual role of Mobile Money as both a facili-

tator of �nancial inclusion and a potential disruptor of traditional banking systems (Suri

and Jack (2016), Suri (2017), Suri et al. (2021), Brunnermeier et al. (2023)).

The literature on liquidity, credit supply, and the impact of shocks on �nancial markets

o�ers a theoretical and empirical foundation for our exploration. Khwaja and Mian (2008),

Limodio (2022), and Choudhary and Limodio (2022) delve into the intricacies of liquidity

shocks and their e�ects on credit provision. These insights inform our investigation into

how shocks to the cost of digital currency might in
uence banks' credit supply. Choudhary

and Jain (2022) study the distributional impacts of bank credit rationing. We di�erentiate

from this paper showing the e�ects of volatile liquidity on credit.

Eventually, a rich body of literature explores the relationship between information

asymmetries, credit provision, and the implications of data portability in the �nancial

sector. Agarwal et al. (2018), Banerjee et al. (2021), and Beck et al. (2018) provide

insights into the bene�ts of data portability and its role in enhancing credit provision.

Our research contributes to this discourse by examining how shifts in payment systems

might in
uence established relationships between banks and borrowers (Berlin and Mester

(1999), Sette and Gobbi (2015)).

11



The rest of the paper is as follows. Section 2 o�ers details about the institutional

aspects of the Ugandan mobile money tax, and provides an insight on a new bank-related

technology, banking agents, that allow easier access to banks' services. Section 3 describes

the data we use, comprehensive of a unique dataset on individual transactions of the whole

Ugandan population of Mobile Money users, a dataset on individual banking agents, a

dataset on the Central Bank's issuance of cash at local level, and a dataset on the universe

of loans granted by private banks. Section 4 provides evidence on the substitution of

Mobile Money with traditional payment and money storage systems. In Section 5 we

show the e�ects of the Mobile Money tax induced positive liquidity shock to banks on the

credit market. Section 6 concludes.

2 Institutional framework

In this section we provide insights on the Ugandan mobile money market and the in-

troduction of the tax, which was unexpected by the public. We also give details about

banking agents, a new bank-related technology that facilitates cash deposits. Indeed, this

technology had a pivotal role in driving the shift from mobile money to bank deposits:

while banking agents had never taken over before the introduction of the tax, the increased

cost of mobile money spurred their adoption.

2.1 Mobile Money Tax

Mobile money services were �rst introduced in Uganda by MTN in 2009 and, since then,

the sector has seen signi�cant growth. During the �rst year of operation, the number

of registered accounts grew to 770,000 and the total value of transactions amounted to

approximately UGX 133 billion (US$ 36 million) over the year.

After MTN, other mobile network operators (MNOs) soon introduced similar services.

Within a decade, the number of registered, active accounts had surpassed 16 million and

the total annual value of transactions had grown to UGX 73 trillion (US$ 20 billion). 2

2Source: Bank of Uganda, 2021

12



This growth is due, in part, to the accessibility of mobile money, enabled through a na-

tional network of roughly 212,500 registered mobile money agents who are markedly more

prevalent than more traditional �nancial service providers, such as commercial banks.3

As the sector, and its turnover, has grown, governments are increasingly viewing mobile

money as a convenient tax handle. This is especially true for governments facing pressures,

both domestic and external, to increase domestic revenue mobilisation and reduce the

reliance on aid and borrowing to fund public services. The resulting tax measures are

often controversial and have drawn sharp criticism from those who fear that they will

undermine the growth of nascent digital �nance sectors and the development gains that

(digital) �nancial inclusion is claimed to enable.4

Uganda presents an interesting case study of this trend. On 1 July 2018, the gov-

ernment introduced an especially contentious new tax of 1%5 on the value of all mobile

money transactions, aimed at mobilising more revenue from the telecommunications and

�nancial sectors (Lees and Akol, 2021).

The mobile money tax legislation was initially drafted such that every stage of a mobile

money transfer was taxed { depositing, sending, receiving, and withdrawing the money.

These were identi�ed as separate, and thus individually taxable, transactions. In e�ect,

one transfer between two users might have been taxed up to four times.

Uganda currently has the foundations of a strong, well-structured system for policy

development, providing for an orderly progression from an idea for change to the im-

plementation of a �nal tax measure (Wales and Lees, 2020). Tax policy development

in Uganda follows a series of distinct phases, closely linked to the annual budget cycle

However, unanticipated expenditure requirements, and the rejection of several revenue-

raising tax proposals, created pressure to �nd new sources of revenue late in the budget

cycle. This led to surpass the standard steps required by the Ugandan legislation for law

promulgation. These resulted in the introduction of a Mobile Money tax strongly advised

3Surveys have indicated that whereas 54% of the population had a mobile money point-of-service
within one kilometer of their home, just 16% per cent of the population had a point-of-service for a
traditional bank (Bank of Uganda 2017).

4See link
5After widespread public outcry and signi�cant challenges in implementation, the tax rate was ad-

justed to 0.5 % and restricted to withdrawals in November 2018.
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by Ugandan President Yoweri Museveni6. The faster than usual process for the approval

of this tax led to a lack of widespread citizen engagement and the tax proposal seemed

largely absent from the general public discourse at the time. Indeed, the tax was unex-

pected by citizens, and as an indication of this, Figure B.1 shows Google search interest

from Uganda in the terms \tax" and \mobile money" throughout 2018. Search interest

for \tax" and \mobile money" peak in the week starting 1 July 2018.

The introduction of the mobile money tax triggered immediate public outcry, with

concerns about double taxation, �nancial inclusion, job losses, and the impact on the poor.

Civil society, journalists, students, and activists organized protests, gaining international

media attention.7 In response, the President requested Parliament to amend the tax on

July 12. Cabinet limited the tax to withdrawals, halving the rate. Despite delays, the

Finance Committee supported the amendment for budgetary reasons. The Amendment

Bill was implemented on November 17 As shown in Figure 1, the tax had a huge impact

on the usage of mobile money.

2.2 Agent Banking

In July 2017 (one year before the mobile money tax), Bank of Uganda passed a new

regulation aimed at establishing a new tool through which commercial banks can operate:

Agent Banking8. Agent banking is a banking model that involves the use of third-party

agents, such as retail shops, to provide banking and �nancial services on behalf of tra-

ditional banks. This approach is particularly relevant in regions with limited access to

physical bank branches, as it enables �nancial institutions to expand their reach and of-

fer their services to underserved or remote areas. In Uganda, agent banking has gained

momentum in recent years as a means to enhance �nancial inclusion and improve access

to banking services, especially in rural and underserved areas. Agent banking services

typically include cash deposits, cash withdrawals, balance inquiries, fund transfers, utility

6The President wrote on his blog that the informal sector is \never taxed" and a tax on mobile money
would ensure a \modest contribution"

7A public opinion survey of nearly 3,000 people conducted in the second week of July found that 98%
of respondents did not support or were strongly opposed to the mobile money tax (?).

8The Financial Institutions (Agent Banking) Regulations, 2017
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bill payments, and sometimes even account opening. The key feature of Agent Banking is

that it does not require the opening of a bank account in order to perform operations such

as depositing, withdrawing or transferring money. When depositing money, for example,

the banking agent releases a receipt to the customer, who will use it to withdraw the

money later on. While this tool has been long used by banks, in 2017 it was formalized

through the creation of an inter-banks agency. The Agent Banking Company (ABC) was

established in 2017 by Uganda Banker's Association (UBA) the umbrella organization

for commercial banks in Uganda and Eclectics a pan-African technology company. Simi-

lar to the Mobile Money model, Agent Banking empowers commercial banks to appoint

agents to provide banking services such as deposits, withdrawals and more on their behalf.

Agents can be the local shopkeeper, kiosk owners, supermarket attendant or anyone in

your community who has been authorized by your bank. The �nancial services currently

o�ered through the ABC platform include cash deposits, cash withdrawals, bill payments

and money transfers. The platform enables commercial banks to enhance customer ex-

perience, reduce the cost to serve and increase coverage while avoiding duplication of

investment and e�ort. As at the end of 2021, there were 22 commercial banks with

20,108 agents enrolled on the platform. Between 2017 and 2021, agents on the platform

cumulatively processed over 12 million transactions worth$ 4.3 billion.

In the analysis, we show the spur of banking agency after the introduction of the

Mobile Money tax. We claim that this shock to the cost of digital currency triggers the

adoption of this new banking-related technology that drives the registered increase in the


ow of bank deposits.

3 Data

This section describes the datasets employed in the analysis.

1. Mobile Money transaction data. We have access to the universe of mobile money

transactions from one of the two major companies in Uganda. MTN and Airtel share

the mobile money market equally, have similar coverage and set extremely similar prices
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on mobile money transactions. We expect no major di�erences in individual level usage

between the two comapnies, indeed it is estimated that at least 30% of the Ugandan

population with access to a a mobile phone has a SIM subscription with both operators.9

For the only year 2018, we have access to more than 50 million transactions, divided by

person-to-person transfers (P2P), cash-in (deposits) and cash-out (withdrawals). We are

able to access both the sender, the receiver or the mobile money agent identi�er, hence

allowing us to reconstruct the whole network of mobile money transactions. We have

access to the type of transaction, to its value in Ugandan Shillings (UGX), to the fees

applied on the transactions, as well as on the time and day it was performed.

2. Mobile Money user location. Out of the 5.5 million mobile money users active

before the introduction of the tax, we are able to identify the district of residence for a

random sample of about 1.5 million users. This allows us to present evidence of hetero-

geneity in mobile money usage elasticity between di�erent district, depending on local

characteristics.

3. Issuance of physical cash. The Central Bank of Uganda has also provided daily

data on the issuance of cash by local private banks' branches for the years 2017-2022.

Bank of Uganda has 10 o�ces spread throughout the Ugandan territory. Each of these

o�ces provide cash on a daily basis to the major branch of private banks present in that

area. We hence have a bank-location panel of cash issued. We use these data as a proxy

of cash demand at the local level. Indeed, the only reason why banks issue physical cash

is to meet the demand of depositors withdrawing money.

4. Credit registry loan-level data. Our study employs detailed data on the commercial

and household lending activities of banks. Uganda has a fully functional and comprehen-

sive credit register that is maintained by the private credit bureau Compuscan Uganda

CRB Ltd. under the supervision of the Bank of Uganda. The credit register collects data

on all new originated loans based on monthly reports from all commercial banks, micro-

�nance deposit-taking institutions, and other credit institutions. We have access to the

full dataset covering the period 2017-2023. For each granted loan we are able to identify

9National IT Survey Uganda (NITA), 2018. See link.
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both borrower-speci�c and loan-speci�c variables. We observe: i) the nature of the bor-

rower, wether individual or business; ii) the type of loan (secured or unsecured); iii) the

credit risk of the borrower); iv) the purpose of the loan (business, mortgage, school loan,

house restructuring, land purchase); v) for credit to individuals, we are able to identify

the income of the borrower and her professional activity; for businesses, we are able to

identify the sector of activity; vi) for all borrowers we identify the district of residency;

vii) the day on which the loan was granted; viii) the rate of repayment as stated on the

day of the granting; ix) the term/maturity of the loan.

5. Bank-level data on deposits. The Bank of Uganda provides monthly data on

private institutions deposits. We are able to identify di�erent types of deposits (bank

owned, demand, saving, time and cash deposits).

6. Agent Banking Company individual agent's data. The Bank of Uganda has provided

the details of deposits and withdrawals for each banking agent. We aggregate data at the

district level. Data are available since April 2018.

7. Ugandan National Panel Survey. We employ household-level panel microdata from

the Uganda Bureau of Statistics. These data provides information of a wide range of

topics on households' income, savings, entrepreneurial activity, mobile money usage.

8. Geographical data on urban development and nighttime light intensity. We exploit

the dataset introduced by Cattaneo et al. (2021) to create a district's measure of urban

development.

9. Individual Bank's ATMs and branches location. We obtained data for the location

of all ATMs and branches of each bank. We exploit these data to create a district-level

proxy of access to mobile money substitutes, namely bank deposits and cash. We will use

this measure in our identi�cation strategy presented in Section 4

4 Results on Mobile Money, bank deposits and cash

We develop our analysis adopting two empirical approaches. For our main results, we

�rst develop an event study design meant to test for pre-trends and to investigate the

17



dynamics of the treatment e�ect. Second, we implement a di�erence-in-di�erences speci-

�cation using two-way �xed e�ects regressions. Our main assumption is that individuals

substitute mobile money with other means of payment and money storage (namely cash

and deposits) depending on the conveniency or the easiness of access to them. We ra-

tionalize these results through a simpli�ed model of currency choice in Appendix C -

Theoretical Framework. For our identi�cation strategy, we employ a quasi-experimental

design, leveraging the temporal variation introduced by the Mobile Money tax and the

variation at geographical level coming from the heterogeneous access to Mobile Money

alternatives, proxied by the density of ATMs.

We provide evidences at the user's, district's and bank's level.

In the �rst subsection we show that mobile money usage dropped for individuals

residing in districts where access to banks is made easier by a higher density of ATMs.

We provide evidence both using adminstrative level data on the universe of Mobile Money

transactions and the panel survey data from the Ugandan National Panel Survey.

In the second subsection, we show that the take up of a new technology (agent banking)

that facilitates bank deposits is signi�catively starker in those districts with higher density

of ATMs. We also show that banks' with a higher market share of ATMs are the ones

witnessing the highest surge in banking agents. Hence the higher adoption of this new

technology is not only district-speci�c, but also bank-speci�c.

In the third subsection we show the e�ects of the tax on bank deposits. We �rst

show that deposits made through the new banking technology, banking agents, increase

relatively more in districts with higher ATM density. We then show that bank deposits

increase relatively more for banks with higher ATM market share. We di�erentiate be-

tween di�erent types of deposits: indeed, we show signi�cant and positive e�ects only for

demand deposits and for the amount of cash detained by banks.

In fact, in the last subsection we eventually show that the request for cash becomes

higher in districts with more access to ATMs and that those �nancial institutions who

detain a higher share of the ATMs market register a higher increase in customers' cash

withdrawals.
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This is in line with our narrative. These pieces of evidence suggest that mobile money

is substituted by banks' deposits for money storage and by cash for transactions. The fact

that the we register an increase only in demand deposits and cash deposits is due to the

fact that the new liquidity is highly volatile, as customers use bank deposits only for safe

storage of money, but withdraw it constantly in order to use it for payments. Banks are

hence facing the constant request for cash from customers. After showing these results,

in the last section we will show how this new liquidity impacts the provision of credit by

banks.

4.1 Mobile Money

Our assumption is that mobile money users are di�erentially a�ected by the introduction

of the tax depending on the possibility of access to other means of payments. We exploit

the density of ATMs in a given district as measure of access to mobile money alternatives.

At the intensive margin, i.e. conditional on keeping using Mobile Money, the drop in

the growth of value transacted is of more than 10% for individuals in those high-ATM-

density districts.

The di�erence-in-di�erences design we exploit is the following:

Yidt = � i + � t + � Post Taxt � I [High ATM density]d + � idt (1)

where we de�ne individuali in district d in the pre or post policy period de�ned byt.

The dummy I [High ATM density]d indicates whether the individual resides in a district

in the upper quartile of the ATM density distribution. We assign to each user the ATM

density (calculated as number of ATMs over the districts area) of the district where she

resides. We de�neI [High ATM density]d as a dummy indicating whether the usersi in

district d is in the highest 25 percentile of the users' distribution of ATM density. We

use the subscriptd as there are no users in the same district assigned to a di�erent value

of the dummy variable. We interact it with a post tax dummy. We include individual � i

and time � t FEs.

We collapse data over four months before and after the introduction of the tax (respec-
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tively February, March, April and May, and August, September, October, November). We

do not include June and July due to the serious limitations of the observations in those

months, as several glitches made it impossible to the mobile money company to collect

the data. However, even including the available data from those two months, the results

remain qualitatively and quantitatively similar. We are hence using two observations for

each user: at time 0 (before the tax) and at time 1 (after the tax). This allows us to ease

the interpretation of results.

We instead use the following event study approach for testing for pretrends:

Yidt = � i + � t +
TX

� =1 ;� 6=5

� � Month � � I [High ATM density]d + � idt (2)

where we use May as the baseline category and again exclude June and July from the

analysis due to data limitations. In this case, we use observations at the monthly level.

We control for individual � i and time (month) � t �xed e�ects.

4.1.1 User-level data

We here presents results of the same speci�cation of Eq. 2, using as outcome variable

the individual's average daily amount of a given type of transaction, the number of times

and the share of days in which that type of transaction was performed in a given month.

We express all outcomes in log. We however restrict the sample to those users that

perform a given type of transaction both in the pre-tax and the post-tax period. The

� coe�cient estimates the di�erential e�ect on users in high ATM density districts that

keep using mobile money after the tax. Long story short, zeros are hence excluded. Table

1 present the results on the log average daily value of transactions. We hence interpret

the coe�cients as percentage change.

Table 1 shows that, conditional on keeping performing a transaction, high-ATM-

density users reduce the average amount transacted daily by between 4% and 12%. These

results are further con�rmed in Appendix A - Additional Tables, Tables A.1 and A.2,

where we present results for the daily average number of transactions and for the share

of days in which a type of transaction is performed. High-ATM-density users decrease
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Table 1: Intensive margin: performed transactions

Sent Received Deposits Withdrawals

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

Post tax dummy -0.103��� -0.117��� -0.040��� -0.060���

� High ATM density d (0.017) (0.014) (0.008) (0.005)

User FE Yes Yes Yes Yes
Time FE Yes Yes Yes Yes
Users 285044 450730 1171380 1382856
Adj. R sq. 0.438 0.349 0.407 0.448

Notes: In this table, we use the speci�cation presented in Eq. 1 and we show how mobile money users in
high ATM density districts respond to the introduction of the mobile money tax at the intensive margin,
relatively to users in low ATM density districts. High-ATM-density users transact between 4% and 12%
less with respect to low-ATM-density users, after the tax. We estimate the e�ect on the sample of users
that performed transactions of a given type before and after the tax. Column (1) show the e�ects on the
amount of mobile money sent, column (2) on the amount received, column (3) on the amount deposited,
column (4) on the amount withdrawn. For columns (1)-(4) outcome variables are the log of the average
daily amount. Standard errors are clustered at the district level. ��� , �� and � indicate signi�cance at
the 1%, 5% and 10% level, respectively.

signi�catively their usage at all levels.

We complement the analysis on the intensive margin adopting a di�erence-in-di�erences

and an event study approach using monthly level data at the individual level. So, in this

case,t will identify a month. In Appendix A - Additional Tables, Tables A.3, A.4 and A.5

we respectively show the results for the average daily value of transactions in a month,

the log average daily number of transactions in a month, and the share of days in which

a transaction is performed in a month. In practice, we are exploiting Eq. 1 without

collapsing observations over two periods pre and post policy.

Below, in Figure 2 we show results for the event study on the log average daily value

transacted in a month.

These two last speci�cations come with no ease interpretation. Hence, it is worth-

while to spend a few words describing the structure of the dataset and the meaning

of the estimated coe�cients. Also in this case we are estimating the intensive margin,

this means that we observe no value (missing) for when no transaction is made by the

user. Users can however potentially transact every month. The �rst issue hence derives

by the fact that users might be di�erent in the timing of their transactions (i.e. user

i might transact in April and August, while user j might transact in May, September

and November). Including individual �xed e�ects hence controls for patterns of trans-
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actions: we are hence estimating the e�ect within individuals that make transactions in

the same months. Months �xed e�ects instead clear out month speci�c di�erences. For

the di�erence-in-di�erences, the � represents the average e�ect of the tax on otherwise

similar high-ATM-density users with respect to low-ATM-density users. The� � 's in the

event study, instead, represent the average di�erence in the outcome of otherwise similar

high-ATM-density users with respect to low-ATM-density users within a given month,

with respect to the reference month, which is May. Figure B.2 also shows results for the

average number of transactions and the share of days. In both �gures, we already express

the y-axis in percentage change.

Figure 2: Di�erential e�ect of the tax on users in high ATM density districts

Notes: This �gure plots the coe�cients � of the event study described in Eq. 2. We use as outcome

variable the log of average daily value of mobile money transactions in a month at the individual level.

We di�erentiate between type of transactions. We already express the y axis in terms of % change. We

use May as the baseline month. Data for June and July are excluded due to issues with data collection.

Standard errors are clustered at the individual level, and the �gure reports 95% con�dence interval.

4.1.2 Survey data

To further con�rm our previous results, we analyzed data from the Ugandan National

Panel Survey (UNPS). The UNPS is carried out by the Ugandan Bureau of Statistics
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over a twelve-month period (a \wave") on a nationally representative sample of indi-

viduals/households, for the purpose of accommodating the seasonality associated with

the composition of and expenditures on consumption. The UNPS set out to track and

interview more than 5'000 individuals.

We employ data from the 2018/2019 wave, focusing on the outcomes related to mobile

money usage. We adopt the identi�cation proposed by Bassi and Rasul (2017), where the

identi�cation comes from the timing of the interview, before or after the tax. Controlling

for individuals' characteristics, district and time FEs. To notice, as the authors propose,

we cluster standard error at the week level. This clustering re
ects that identi�cation in

our research design is based on time variation.

We provide further evidence of the drop of mobile money usage in districts with high

ATM density after the introduction of the tax, and exploit the following:

Yidt = � d + � t + � I [High ATM density]d + 
 X i + � idt (3)

where the outcome is referred to individuali in district d at time t. We control for

the individual's characteristics, and include district and time FEs. Since during one wave

individuals cannot be tracked (as they answer questions on mobile money just once),

our source of variation comes from the timing of their interview, before or after the

introduction of the tax. In Table 2 we report the results of the linear probability model

described in Eq. 3, where outcome variables are dichotomous as they indicate whether the

individual used a given mobile money service or not in the last week. For all measures,

we �nd that individuals in high ATM density areas are up to 9% less likely to use mobile

money.

4.2 Banking agents: Adoption of a new banking technology

The introduction of the tax lowered the conveniency of Mobile Money with respect to

other technologies that facilitate the exchange of money. Corroborating the �ndings of

Crouzet et al. (2019), consistent with the predictions of a technology adoption model with

complementarities, we show that the adoption of Banking Agents increased persistently
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Table 2: Mobile Money usage - Survey data

Send Transfer cash Withdraw Pay utilities Pay school

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

Tax dummyt � I [High ATM density] h -0.061� -0.019� -0.093��� -0.036�� -0.019�

(0.034) (0.010) (0.030) (0.015) (0.010)

District FE Yes Yes Yes Yes Yes
Date FE Yes Yes Yes Yes Yes
Obs. 5044 5047 5060 5043 5044
Adj. R sq. 0.224 0.117 0.246 0.160 0.046
Mean Dep. Var. 0.336 0.021 0.320 0.030 0.010

Notes: This table reports the coe�cients of Eq. 3. The outcome variables are dummy variables taking
value 1 if the individual used a given mobile money service in the past week. We control for individual's
characteristics such as gender, age and marital status. Time and district FEs are included. Standard
errors are clustered at the week level, as suggested by Bassi and Rasul (2017).��� , �� and � indicate
signi�cance at the 1%, 5% and 10% level, respectively.

as a response to the contraction registered by mobile money after the tax. As explained,

banking agents are a technology that allows the execution of bank-related activities, such

as deposits, in the fashion of branchless banking. The adoption of this technology is

highly demand driven: indeed, it is not the bank who decides where to open a new

banking agents. Like mobile money agents, it is merchants or individuals themselves who

decide whether to start o�ering this service. While they bear the �xed costs needed to

start such activity, they earn a fee on each transaction they perform.

In this subsection, we present evidence that the spread of banking agents spurred after

the introduction of the mobile money tax. This is particularly true in districts with high

ATM density and for banks with a high ATM market share. These results are justi�ed

by the complementary that arises between banking agents and ATMs. Indeed, banking

agents have more incentive to start their activity where the users are already acquainted

to the banking system or where there is a pervasive access to ATMs, that facilitate the

withdrawal of deposited cash. Moreover, banking agents also have an incentive to provide

the service for banks which are more pervasive: being the �xed costs of becoming a banking

agent the same for any bank (consisting it in learning how to use the technology, which

is shared between all banks), agents surely want to serve the highest possible number of

customers. Similarly, we will also show that the number of banking agents grow relatively

more for those banks who have a higher market share of ATMs.
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4.2.1 District level

We �rst propose an event study to show the di�erential increase between high and low

ATM-density districts in the number of new banking agents. In Figure 4 we show the

results of the following:

Ydt = � d + � t +
10X

� = � 6;� 6= � 1

� � Month � � I [High ATM density]d + � dt (4)

whereI [High ATM density]d indicates districts in the top quartile of the ATM density

distribution. We include district, � d, and time, � t , FEs.

Figure 3: Banking agents: high- vs low-ATM density districts

Notes: In this �gure we plot the coe�cients of Eq. 4, where we use as outcome variable the log number of
banking agents at the district level. The plotted coe�cient represents the di�erential between high- and
low-ATM density district, with respect to the reference period. We use as reference the month before the
introduction of the mobile money tax. Standard errors are clustered at the district level and we report
95% con�dence intervals.

4.2.2 Bank level

Similarly, we show an increase in the number of banking agents at the bank level. We

exploit quarterly data on the number of banking agents that decide to provide the service

for a given bank. We exploit the following:
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Ybt = � b + � t +
10X

� = � 6;� 6= � 1

� � Quarter� � I [High ATM market share]d + � dt (5)

where I [High ATM market share]d indicates banks in the top quartile of the ATM

market share distribution. We include bank,� b, and time, � t , FEs.

Figure 4: Banking agents: high- vs low-ATM market share banks

Notes: In this �gure we plot the coe�cients of Eq. 5, where we use as outcome variable the log number
of banking agents at the bank level. The plotted coe�cient represents the di�erential between high- and
low-ATM market share banks, with respect to the reference period. We use as reference the quarter
before the introduction of the mobile money tax. Standard errors are clustered at the bank level and we
report 95% con�dence intervals.

4.3 Bank deposits

In this subsection, we present evidence at the district level on the deposits made through

banking agents. As outcome we will use the in
ow of new money deposited through

banking agents. We will then present evidence on the increase of deposits using as outcome

the stock of deposits from the banks' balance sheets. In this case, we will di�erentiate

between di�erent types of deposits. Indeed, we will show that the stock of deposits will

increase only for demand deposits and cash withheld by banks: these are deposits that
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banks keep to face the demand for money by customers.

4.3.1 In
ow of deposits through Banking Agents

We �rst show evidence that the new banking technology, banking agents, was the mean

through which bank deposits increased. We show that districts with a higher ATM density

register a relatively higher increase in the in
ow of money deposited through banking

agents.

In Table 3 we present results from the following di�erence-in-di�erences:

Ydt = � d + � t + � Post Taxt � 1 [High ATM density]d + � dt (6)

where the observations are at the districtd, month m in year y level. The outcomeY

is either the volume and value of new deposits to banking agents. We use three di�erent

speci�cation outcome variable in order to overcome the issue related to the presence of

zeros as described in Chen and Roth (2023): as suggested in the paper, we express the

outcome variable in level, log, or as a dummy indicating values above and below the

median.

Table 3: Banking agents deposits

Volume Value

� Level ('000)
(1)

� Log
(2)

� Pr > median
(3)

� Level ('000)
(4)

� Log
(5)

� Pr > median
(6)

Tax dummyt � High ATM density c 0.323�� 2.164��� 0.390��� 0.098� 6.748��� 0.395���

(0.142) (0.369) (0.064) (0.050) (1.271) (0.066)

Time FE Yes Yes Yes Yes Yes Yes
District FE Yes Yes Yes Yes Yes Yes
Obs. 1495 1495 1495 1495 1495 1495
Adj. R sq. 0.484 0.683 0.528 0.500 0.664 0.539
Mean Dep. Var. 0.076 1.098 0.146 0.023 4.863 0.157

Notes: This table reports the coe�cients of Eq. 6. The outcome variables are the number and the value
of deposits made by customers to Banking Agents. They are expressed in level, log, or as a dummy
indicating whether the value is below or above the median as proposed in Chen and Roth (2023). Time
and district FEs are included. Standard errors are clustered at the district level. ��� , �� and � indicate
signi�cance at the 1%, 5% and 10% level, respectively.

We then exploit the event study speci�cation de�ned in Eq. 5 to ensure the absence

of pretrends. We use as outcome variable the probability that the the value or volume of

deposits in a given district is above the median of the distribution of deposits (outcomes
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in columns 3 and 6 of Table 3), as suggested by Chen and Roth (2023).

Figure 5: Di�erential e�ect of the tax on the in
ow of deposits at district level

Notes: This �gure reports the coe�cients of Eq. 4. The outcome variable is the probability that the
volume (left) and value (right) of deposits to banking agents in a given district is above the median of
the distribution. The unit of observation is the district. The reference period is the month before the
introduction of the tax. We include district and time FEs. Standard errors are clustered at the district
level. We include indicate signi�cance at the 95% con�dence interval.

4.3.2 Stock of deposits at bank level

We further con�rm the results in the previous subsection, by showing the e�ects on the

stock of deposits at the bank level using the bank's balance sheets.

We estimate an equation as the following:

Ybt = � b + � t + � Post Taxt � 1 [High ATM market share]b + � bt (7)

where we use as outcome variable the (log) value of the stock of deposits at the bank

level. We use monthly data on deposits. We di�erentiate between savings, time, bank

owned, demand and cash deposits. We register a positive and signi�cant increase of more

than 10% on demand and cash deposits. This is in line with our hypothesis that the new

in
ow of liquidity into banks cannot be used for payments, but need to be withdrawn

every time by users. Banks, on the other side, need to keep the cash in order to face

the continuous demand of cash. In the next subsection, we show that banks in the upper

quartile of the distribution of ATM market share also register a signi�cant increase in the

value of ATM withdrawals. Table 4 shows the results of Eq. 7.

28



Table 4: Bank deposits

Bank owned
deposits

Time
deposits

Savings
deposits

Demand
deposits

Cash
stored

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

Post Tax � I [ATM Market share] -0.039 -0.109 0.104 0.131��� 0.191��

(0.199) (0.155) (0.068) (0.044) (0.071)

Bank FE Yes Yes Yes Yes Yes
Time FE Yes Yes Yes Yes Yes
Obs. 831 831 831 831 831
Adj. R sq. 0.442 0.949 0.997 0.992 0.984
Mean Dep. Var. 1.848 31.439 30.504 60.233 5.874

Notes: This table reports the coe�cients of Eq. 6. The outcome variable is the (log) value of the stock
of deposits at the bank-monthly level. Time and district FEs are included. Standard errors are clustered
at the district level. ��� , �� and � indicate signi�cance at the 1%, 5% and 10% level, respectively.

4.4 ATM Withdrawals and Cash

In this last subsection, we show evidence of the increased usage of cash. We provide two

levels of analysis, at the district and at the bank level. We �rst show that the request

for cash at the district level increases relatively more in districts with high ATM density

after the tax. Then, we also provide evidence that banks in the top quartile of the ATM

market share distribution witness a signi�cant increase in cash withdrawn through ATMs.

Again, this corroborates our thesis that users use cash for payments, and hence constantly

withdraw the cash deposited in banks through ATMs.

4.4.1 Withdrawal of cash at district level

We present evidence that district with high ATM density present an increased demand

for physical cash. These results further corroborates the hypothesis that mobile money is

substituted by bank deposits and cash after the introduction of the tax: banks are used

for money storage through banking agents, ATMs register an increase in withdrawals, and

physical cash is now used for transaction.

We use data from total issuance of physical cash. While data on cash withdrawals at

the individual branch do not exist, we exploit data at the bank-district level. We use data

from 26 banks in 10 di�erent districts. We de�ne the bank-district pairs as branches. We

29



use monthly data spanning from 2017 to 2022.

We exploit the following di�erence-in-di�erences speci�cation, where we include the

interactions between the post tax dummy and a dummy identifying those districts in the

highest quartile of the ATM density distribution. This means that all branches within the

same district will be assigned the same ATM density. We exploit the following di�erence-

in-di�erences:

Ybdmy = � bd + � my + � Post Taxmy � I [High ATM density]d + � bdmy (8)

where the outcome variable is the log value of notes issued by bankb in district d.

Our preferred speci�cation contains district-month FE that account for seasonality and

bank-district FE that allow comparison of the same branch.

Table 5: Cash issuance

Log cash withdrawn

(1) (2)

Post Taxt � High ATM density d 0.304��� 0.231���

(0.061) (0.055)

Branch FE Yes Yes
Time FE Yes Yes
District � Month FE Yes
Obs. 2622 2622
Adj. R sq. 0.543 0.542
Mean Dep. Var. 21.745 21.745

Notes: This table reports the coe�cients of Eq. 8. The outcome variable is the log value of cash issued
by the Central Bank to private banks. The unit of observation is the private bank-district pair, that
we de�ne as branch. We control for branch and time FEs in column (1), and add branch-month FEs in
column (2) to account for seasonality. Standard errors are clustered at the district level. ��� , �� and �

indicate signi�cance at the 1%, 5% and 10% level, respectively.

Figure 6 shows the di�erence in the log of cash issued at the bank-district level. We

plot the coe�cients of an equation of the type:

Ybdqy = � bd + � qy +
4X

i =1

� i I i [ATM density quartile] d � Post Taxqy + � bdqy (9)

The coe�cients represent the change in log cash withdrawn after the policy at the
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branch level after, with respect to the group of branches in the districts in the lowest

quartile of ATM density distribution.

Figure 6: Di�erential e�ect of the tax on cash issued in urban branches

Notes: This �gure reports the coe�cients of Eq. 9. The outcome variable is the log value of cash issued
by the Central Bank to private banks. The unit of observation is the private bank-district pair, that we
de�ne as branch. We include branch FE and quarter FE. Standard errors are clustered at the district
level. We include 95% con�dence interval.

4.4.2 ATM withdrawals at bank level

Eventually, we provide evidence of the increased ATM withdrawals for those banks in the

higher quartile of the ATM market share distribution. We use quarterly data at the bank

level on the value of ATM withdrawals.

We estimate the following:

Ybqy = � b + � qy + � Post Taxqy � I [ATM market share]b + � bqy (10)

where the unit of observation is bankb in quarter q in year y. The coe�cient � express

the di�erential change in the outcome after the tax for banks in the highest quartile of

the ATM market share. The independent variable ATM market shareb is de�ned at the

bank level in the pre-policy period. It is interacted with a post-policy dummy. Bank and
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time FEs are included, hence all individual terms are absorbed. We report the results

in Table 6, and also include the results when using as independent variable the ATMs

market share of the bank.

Table 6: ATM withdrawals and number of agents

ATM withdrawals

Log
(1)

Log
(2)

Post Tax � I [ATM Market share] 0.029��

(0.012)
Post Tax � Market share of urban ATMs 0.003���

(0.000)

Bank FE Yes Yes
Time FE Yes Yes
Obs. 263 263
Adj. R sq. 0.984 0.992
Mean Dep. Var. 0.025 0.025

Notes: This table reports the coe�cients of Eq. 10. The outcome variables are the value of ATM
withdrawals (in billion UGX) and the number of banking agents. The unit of observation is the private
bank at quarterly level. We control for bank and time FEs. Standard errors are clustered at the bank
level. ��� , �� and � indicate signi�cance at the 1%, 5% and 10% level, respectively.

Eventually, we also provide event study evidence exploiting the following:

Ybt = � b + � qy +
6X

� = � 6;� 6= � 1

� � Quarter� � ATM Market shareb + � bqy (11)

We show the results in Figure 7. We interpret the coe�cient as the di�erential change

in the log outcome for 1% higher ATM market share, with respect to the quarter before

the introduction of the mobile money tax. In Figure B.3 we propose the same event study,

where we use as independent variable the dummyI [ATM market share]b as in Eq. 10.

5 Credit and transfer of rent

The imposition of the mobile money tax has engendered a multifaceted economic trans-

formation. The discernible outcome of the tax has been a substantial reduction in the

usage of mobile money services, precipitating a noteworthy exodus of funds from the

mobile money system. Users, reacting strategically to the tax burden, have exhibited
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Figure 7: Bank's ATM market share & ATM withdrawals

Notes: In this �gure we plot the coe�cients of Eq. 11, where we use as outcome variable the log value
of ATM withdrawals at the bank level. The plotted coe�cient represents the di�erential change in the
outcome for 1% higher ATM market share, with respect to the reference period. We use as reference the
quarter before the introduction of the mobile money tax. Standard errors are clustered at the bank level
and we report 95% con�dence intervals.

a pronounced reduction of the usage of mobile money, likely in favor of other means of

payment, such as cash, and means of money storage, such as bank deposits.

The consequence of this shift has been twofold: a surge in traditional banking activities

and heightened liquidity within the banking sector. As shown in Section 4.2, the surge

in banking agents has emerged as a pro�table alternative to mobile money services. This

has led to a discernible increase in both the number of banking agents and volume/value

of deposits to banking agents.

However, the newfound liquidity within the banking system is likely to be exception-

ally volatile. Individuals, while utilizing banking agents for secure fund storage, over-

whelmingly favor cash for transactions, a behavior validated by a concurrent rise in ATM

withdrawals. This liquidity volatility has prompted banks to adopt risk management

strategies in their lending practices.

Our results show that banks have selectively increased lending to established cus-

tomers with a demonstrated low risk of default. Conversely, lending to new customers,
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particularly those perceived as high risk, has contracted. To mitigate the potential risk

of defaults, banks have raised interest rates for high-risk borrowers and shortened repay-

ment terms. This cautious lending approach aligns with theoretical frameworks outlined

in Berger and Bouwman (2015), illustrating how banks adapt their lending behavior in

response to external shocks.

This intricate interplay between taxation, user behavior, and banking dynamics high-

lights the nuanced challenges within the �nancial ecosystem. Furthermore, the ongoing

public discourse surrounding the mobile money tax introduces an element of uncertainty.

The prevailing uncertainty in tax policy may in
uence user behavior (Gulen and Ion,

2016) and potentially lead to a reversion to mobile money. This complex landscape un-

derscores the need for adaptive �nancial policies that can navigate the evolving dynamics

of user preferences and regulatory frameworks.

In this section, we exploit data from the Uganda credit registry to study the behavior

of banks in lending. We �rst show that in the �rst year and a half following the mobile

money tax, lending from banks who were more exposed to liquidity shock increases by

the equivalent of US$ 100 million. We identify these banks as the ones with the highest

ATM market share. We identify as high-ATM those banks in the top quartile of the

ATM market share distribution. As shown in previous results in Section 5, banks with

the highest share of ATMs are also the ones experience the highest increase in banking

agents, and hence in banking agents' deposits. Figure 8 plots the log of the credit granted

by banks with high and low ATM market share, in the six quarters before and after the

introduction of the mobile money tax. We see an increase in the total level of lending in

the quarters following the tax for banks with high ATM share.

We propose an analysis adopting the methods proposed by Khwaja and Mian (2008)

for estimating the bank-lending channel. Our data have the following structure: for each

bank, district and quarter we manage to identify those loans provided to customers with

or without credit history and who are de�ned are low or high risk.10 The credit registry

is comprehensive, and banks share customers' information. Hence, we manage to identify

10Banks de�ne �ve levels of customer's risk: Substandard, Watch, Doubtful, Loss, Normal. We de�ne
as low risk those customers identi�ed as \Normal".
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Figure 8: Di�erential e�ect of the tax on cash issued in urban branches

Notes: This �gure reports the coe�cients of Eq. 9. The outcome variable is the log value of cash issued
by the Central Bank to private banks. The unit of observation is the private bank-district pair, that we
de�ne as branch. We include branch FE and quarter FE. Standard errors are clustered at the district
level. We include 95% con�dence interval.

those customers who had previous credit relations with any bank. We hence study the

distributional e�ect of the tax on credit by banks using the following regression:

Ybdt = � b + � dt + Post Tax t � I [ATM market share]b + � bdt (12)

where Ybdt is the outcome variable de�ned at bankb in district d at time t. The

independent variable is the interaction between a post-policy dummy and an indicator

variable taking value 1 for those banks in the upper quartile of the distribution of ATMs

market share. We include bank and district-time FEs.

The regression is run for di�erent groups of borrowers separately. In Table 7 we report

the results for the log amount of loans provided by banks

We then provide evidence for the interest rate in Table 8 and the term of repayment

in Table 9. In this case, the estimation weights for the number of loans of that given type

provided by bank b.

We interpret these results as a transfer of rent from high-risk customer with no credit
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Table 7: Log amount lent

w/ Credit history w/o Credit History

Low risk
(1)

High risk
(2)

Low risk
(3)

High risk
(4)

Tax dummyqy � I [ATM share]b 0.152�� -0.027 -0.023 -0.043���

(0.063) (0.037) (0.026) (0.013)

Bank FE Yes Yes Yes Yes
District-Time FE Yes Yes Yes Yes
N. of banks 26 22 26 21
Adj. R sq. 0.372 0.329 0.357 0.141
Mean Dep. Var. 0.251 0.059 0.189 0.034

Notes: This table reports the coe�cients of Eq. 12. The outcome variable is the log amount lent by
private banks. Observations are de�ned at the bank, district, time level. We include bank and district-
time FEs. Standard errors are clustered at the district level. ��� , �� and � indicate signi�cance at the
1%, 5% and 10% level, respectively.

Table 8: Interest rate on loans

w/ Credit history w/o Credit History

Low risk
(1)

High risk
(2)

Low risk
(3)

High risk
(4)

Tax dummyqy � I [ATM share]b 0.681 5.130�� -2.966 3.588���

(4.063) (1.905) (2.004) (0.699)

Bank FE Yes Yes Yes Yes
District-Time FE Yes Yes Yes Yes
N. of banks 26 22 26 21
Adj. R sq. 0.892 0.725 0.831 0.750
Mean Dep. Var. High ATM 22.690 26.240 23.460 26.964

Notes: This table reports the coe�cients of Eq. 12. The outcome variable is the interest rate applied on
loans provided by private banks. Observations are de�ned at the bank, district, time level. We include
bank and district-time FEs. Standard errors are clustered at the district level. ��� , �� and � indicate
signi�cance at the 1%, 5% and 10% level, respectively.

history to low-risk ones with credit history. Indeed, we show that banks more a�ected by

the positive liquidity shock increase their lending to low risk customers with credit history

by 15%, while decreasing lending to high risk customer with no credit history by 4%. High

risk customers register an increase in the interest rate by more than 3 percentage points.

Eventually, repayment terms decrease for all customers, indicating the need for the bank

to deal with possible abrupt shortages of liquidity due to the possible shortages of liquidity

that might derive by the nature of new deposits: as these are considered mainly a way to

safely store money between transactions performed by individuals.
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Table 9: Log term of repayment

w/ Credit history w/o Credit History

Low risk
(1)

High risk
(2)

Low risk
(3)

High risk
(4)

Tax dummyqy � I [ATM share]b -2.240��� -0.875��� -2.223��� -0.803��

(0.654) (0.543) (0.638) (0.327)

Bank FE Yes Yes Yes Yes
District-Time FE Yes Yes Yes Yes
N. of banks 26 22 26 21
Adj. R sq. 0.923 0.719 0.907 0.691
Mean Dep. Var. 5.966 5.874 6.138 6.179

Notes: This table reports the coe�cients of Eq. 12. The outcome variable is the log term of repayment
of loans provided by private banks. Observations are de�ned at the bank, district, time level. We include
bank and district-time FEs. Standard errors are clustered at the district level. ��� , �� and � indicate
signi�cance at the 1%, 5% and 10% level, respectively.

6 Conclusions

Our research delves into the dynamic landscape of digital payments, exploring the intricate

interactions between digital and traditional payment systems and shedding light on their

implications for bank lending and �nancial inclusion. The examination is contextualized

within the ongoing debate on Central Bank Digital Currencies (CBDCs), emphasizing

the necessity for empirical investigations into their potential repercussions on the banking

sector.

Exploiting a quasi-experimental design and leveraging a comprehensive dataset encom-

passing the universe of Mobile Money transactions in Uganda, we study how competition

between payment systems a�ects the credit market. In particular, our study investigates

the consequences of an unexpected Mobile Money tax. We show that the increased cost

of Mobile Money triggers the adoption of a new bank-related technology that facilitates

deposits and that banks' deposits substitute Mobile Money for cash storage: we document

that in those districts where the access to the banking system is made easier by the per-

vasiveness of ATMs, the 
ow of deposits and withdrawals increases after the introduction

of the tax.

We leverage the transition from mobile money to bank deposits and its subsequent

positive impact on bank liquidity to examine its e�ects on the credit market. Our study

unveils novel insights into the lending behaviors of banks amidst increased deposit volatil-
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ity. In line with the heightened deposit in
ows and ATM withdrawals post the tax imple-

mentation, our evidence reveals a signi�cant change in demand deposits and cash deposits

at the bank level, but no e�ect on other types of deposits such as savings and time de-

posits. This suggests the precarious nature of the newfound liquidity, which banks cannot

depend on for long-term and secure credit.

The data indicates a widespread reduction in the repayment term of new loans, re
ect-

ing the imperative for banks to cope with the continual cash withdrawals. Additionally,

there is a discernible shift in rent from high-risk borrowers lacking credit history to low-

risk borrowers with established credit records. These �ndings imply a shift in banks'

strategies as they hedge against the risk of liquidity shortages. This mechanism is par-

ticularly relevant for �nancial inclusion, as reduced credit provision and higher interest

rates to customers with no credit history might hinder local development of more fragile

areas.

We contribute empirically to the debate on digital payments, banking competition,

and �nancial inclusion. This research intersects with the literature on CBDCs, providing

insights into how the introduction of digital payment systems may in
uence competi-

tion in the �nancial sector. Additionally, it aligns with literature exploring the impact

of FinTech on traditional �nance, emphasizing the expansion of �nancial services in re-

sponse to evolving demands. Our empirical �ndings not only contribute to the ongoing

dialogue surrounding the adoption of digital currencies but also unveil a novel mechanism

that elucidates how volatile liquidity within banks can lead to discernible shifts in credit

provision, impacting di�erent customer segments.

Last but not least, we provide empirical evidence of a widely discussed topic develop-

ing countries, Mobile Money taxation, and contribute to the extremely scarce literature

studying the e�ects of Mobile Money regulation. We highlight the possible negative impli-

cations of increased digital currency cost in developing countries, leading to both a drop

in the usage of such system and to a drop in bank lending to more fragile households.

In conclusion, our empirical investigation o�ers nuanced insights into the complex in-

terplay between digital and traditional payment systems, presenting implications for the
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credit market and �nancial inclusion. As the �nancial ecosystem continues to evolve,

our research contributes valuable perspectives to the ongoing discussions surrounding the

adoption of digital currencies and their impact on the broader �nancial services land-

scape.
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Back to Bank



A Appendix A - Additional Tables

A.1 Mobile Money

A.1.1 Intensive margin: individual level

Table A.1: Intensive margin: average daily number of transactions

Sent Received Deposits Withdrawals

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

Tax dummyt � High ATM density d -0.086��� -0.092��� -0.015��� -0.048���

(0.005) (0.004) (0.003) (0.002)

User FE Yes Yes Yes Yes

Time FE Yes Yes Yes Yes

N. of users 142522 225365 585690 691428

Obs. 285044 450730 1171380 1382856

Adj. R sq. 0.429 0.318 0.408 0.447

Notes: In this table, we use the speci�cation presented in Eq. 1 and we show how urban mobile money

users respond to the introduction of the mobile money tax at the intensive margin, relatively to rural

users. Urban users perform between 2% and 6% less daily transactions with respect to rural users, after

the tax. We estimate the e�ect on the sample of users that performed transactions of a given type before

and after the tax. Column (1) show the e�ects on the number of transactions sent to another user,

column (2) on the number of transactions received, column (3) on the number of deposits, column (4) on

the number of withdrawals. Outcome variables are the log of the average daily amount. Standard errors

are clustered at the individual level. ��� , �� and � indicate signi�cance at the 1%, 5% and 10% level,

respectively.

41



Table A.2: Intensive margin: share of days for transaction

Sent Received Deposits Withdrawals

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

Tax dummyt � High ATM density d -0.010��� -0.006��� -0.005��� -0.006���

(0.000) (0.000) (0.000) (0.000)

User FE Yes Yes Yes Yes

N. of users 156967 237653 601693 707320

Time FE Yes Yes Yes Yes

Obs. 313934 475306 1203386 1414640

Adj. R sq. 0.552 0.402 0.476 0.538

Notes: In this table, we use the speci�cation presented in Eq. 1 and we show how urban mobile money

users respond to the introduction of the mobile money tax at the intensive margin, relatively to rural

users. Urban users transact about 0.5% less days with respect to rural users, after the tax. We estimate

the e�ect on the sample of users that performed transactions of a given type before and after the tax.

Column (1) show the e�ects on the share of days in which the user sent mobile money, column (2) on

the share of days in which the user received mobile money, column (3) on the share of days in which

the user deposited mobile money, column (4) on the share of days in which the user withdrew mobile

money. Outcome variables are the log of the average daily amount. Standard errors are clustered at the

individual level. ��� , �� and � indicate signi�cance at the 1%, 5% and 10% level, respectively.
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Table A.3: (Log) average daily value of transactions

Sent Received Deposits Withdrawals

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

Tax dummyt � High ATM density d -0.034��� -0.037��� -0.034��� -0.037���

(0.006) (0.005) (0.003) (0.003)

User FE Yes Yes Yes Yes

Time FE Yes Yes Yes Yes

N. of users 434262 663043 1145494 1192352

Obs. 1667485 2398051 5797682 6327527

Adj. R sq. 0.494 0.408 0.452 0.446

Notes: In this table, we use the speci�cation presented in Eq. 1 and we show how urban mobile money

users respond to the introduction of the mobile money tax at the intensive margin, relatively to rural

users. In this case, we are using individual-month level data, and we are exclusively employing observed

transactions, i.e. we are excluding zeros and hence estimating the intensive margin. Are outcome variable,

we are using the log of the average daily value transacted in a month at the individual level. Urban users

transact about 3.5% less with respect to rural users, after the tax. Column (1) show the e�ects on the

value of transactions sent to another user, column (2) on the value of transactions received, column (3)

on the value of deposits, column (4) on the value of withdrawals. Outcome variables are the log of the

average daily amount. Outcome variables are the log of the average daily amount. Standard errors

are clustered at the individual level. ��� , �� and � indicate signi�cance at the 1%, 5% and 10% level,

respectively.
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Table A.4: (Log) average daily number of transactions

Sent Received Deposits Withdrawals

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

Tax dummyt � High ATM density d -0.039��� -0.027��� -0.024��� -0.028���

(0.003) (0.002) (0.002) (0.001)

User FE Yes Yes Yes Yes

Time FE Yes Yes Yes Yes

N. of users 434262 663043 1145494 1192352

Obs. 1667485 2398051 5797682 6327527

Adj. R sq. 0.449 0.308 0.491 0.397

Notes: In this table, we use the speci�cation presented in Eq. 1 and we show how urban mobile money

users respond to the introduction of the mobile money tax at the intensive margin, relatively to rural

users. In this case, we are using individual-month level data, and we are exclusively employing observed

transactions, i.e. we are excluding zeros and hence estimating the intensive margin. Are outcome variable,

we are using the log of the average daily number of transactions in a month at the individual level. Urban

users transact about 3.5% less with respect to rural users, after the tax. Column (1) show the e�ects

on the number of transactions sent to another user, column (2) on the number of transactions received,

column (3) on the number of deposits, column (4) on the number of withdrawals. Outcome variables

are the log of the average daily amount. Outcome variables are the log of the average daily amount.

Standard errors are clustered at the individual level. ��� , �� and � indicate signi�cance at the 1%, 5%

and 10% level, respectively.
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Table A.5: Share of days in a month in which transaction type is made

Sent Received Deposits Withdrawals

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

Tax dummyt � High ATM density d -0.007��� -0.003��� -0.005��� -0.005���

(0.000) (0.000) (0.000) (0.000)

User FE Yes Yes Yes Yes

Time FE Yes Yes Yes Yes

N. of users 434262 663043 1145494 1192352

Obs. 1667485 2398051 5797682 6327527

Adj. R sq. 0.498 0.377 0.520 0.474

Notes: In this table, we use the speci�cation presented in Eq. 1 and we show how urban mobile money

users respond to the introduction of the mobile money tax at the intensive margin, relatively to rural

users. In this case, we are using individual-month level data, and we are exclusively employing observed

transactions, i.e. we are excluding zeros and hence estimating the intensive margin. Are outcome variable,

we are using the share of days in a month in which the individual perfomed a given type of transaction.

Urban users transact about 3.5% less with respect to rural users, after the tax. Column (1) show the

e�ects on the share of days in which the user sent mobile money, column (2) on the share of days in

which the user received mobile money, column (3) on the share of days in which the user deposited mobile

money, column (4) on the share of days in which the user withdrew mobile money. Outcome variables

are the log of the average daily amount. Standard errors are clustered at the individual level.��� , �� and

� indicate signi�cance at the 1%, 5% and 10% level, respectively.
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A Appendix B - Additional Figures

B.1 Mobile Money and Tax

Figure B.1: Google Trend for Mobile Money Tax

Notes: Google Trends gives the relative popularity of a search query for a de�ned location and time

period. The data is indexed to 100, where 100 indicates the maximum search interest across the terms,

time period, and geographical area. We assume that search indicators provide representative information

about the behaviours of the literate and internet-enabled segment of the population (who may be more

likely to be mobile money users). There is relatively limited interest in these terms before July, even in

May when the Mobile Money tax proposals were discussed in Parliament.
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B.2 Mobile Money

Figure B.2: Di�erential e�ect of the tax on users in high ATM density districts

Notes: This �gure plots the coe�cients � of the event study described in Eq. 2. We use as outcome

variable the log of the average number of mobile money transactions in a month at the individual level

(left panel) and the share of days in which a given type of transaction is performed by the individual

(right panel). We di�erentiate between type of transactions. In the left panel, we already express the

y axis in terms of % change. We use May as the baseline month. Data for June and July are excluded

due to issues with data collection. Standard errors are clustered at the individual level, and the �gure

reports 95% con�dence interval.
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B.3 Banking agents

Figure B.3: Bank's ATM market share & ATM withdrawals

Notes: In this �gure we plot the coe�cients of Eq. 11, where we use as outcome variable the log value of

ATM withdrawals. In this case, we use as independent variable a dummy indicating whether the bank

is in the highest quartile of the ATM market share distribution. The plotted coe�cient represents the

di�erential change in the outcome for banks with high relatively to banks with low ATM market share,

with respect to the reference period. We use as reference the quarter before the introduction of the mobile

money tax. Standard errors are clustered at the bank level and we report 95% con�dence intervals.
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A Appendix C - Theoretical Framework for currency

substitution

We propose a �nite-horizon model where we include mobile money, cash and bank deposits

as means of payment and money storage in order to rationalize the empirical analysis. We

di�erentiate between two types of household: rural and urban ones. Urban household can

use all three types of payments/money storage, while rural households have no access to

bank deposits (lacking, in their case, access to the banking system). This setting mirrors

our assumptions in the empirical model.

To keep the model simple, we assume that there are only two means of payment and

money storage, cashB and mobile moneyM . Households can decide whether to pay for

their consumption using cash or mobile money. Households can also decide how to store

their money, in cash on mobile money. We assume that neither money storage system pays

interest (as it actually happens in Ugandan economy). We assume that money stored in

cash is subject to a known depreciation rate. This re
ects the access to safe cash storage

systems, such as banks and ATMs. The more pervasive ATMs are, the less cash is subject

to theft (for example, a high density of ATMs allows you not to carry cash around). For

simplicity, we assume it to be �xed.

We base our model on Sarkisyan (2023), however allowing households to buy any good

with both type of currencies, cash and mobile money. We solve the partial equilibrium

for the household only, providing a hint for guiding our empirical results.

C.1 The Model

Households de�ned on the continuum [0; 1] are denoted byi . Households decide on their

consumtpionCt , the quantity of mobile moneyM t and of cashB t to hold. They maximize

their utility function

U i
0 =

TX

t=0

logC i
t (C.1)
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and they are subject to two constraint. An intertemporal budget constraint:

C i
t + M i

t+1 + B i
t+1 � Y i

t + M i
t + B i

t � (C.2)

where � is a certain depreciation rate that household know to face when deciding to

keep money as cash, and it is such� 2 [0; 1). This re
ects the fact that cash is easily

subject to theft. A higher � implies a safer cash storage: we can think of it as the easy

access to ATMs or banks, that allow households not to carry cash around and withdraw

it near the point where the make the purchase. The model is qualitatively the same if

we introduce bank deposits as mean of storage of cash. The implicit assumption in this

simpli�ed model is that households always store cash in banks, but they are subject to

theft is banks are not widespread. We do not include any interest rate paid on cash or

mobile money, as this would not change the model implications.

The second constraint is written in the fashion of a liquidity-in-advance constraint in

the fashion of Lucas Jr (1982), Lucas Jr and Stokey (1985) and Svensson (1985). We

however allow households to be able to purchase any consumption good with both cash

or mobile money. While households pay no additional cost in using cash for consumption,

they might incur in an additional cost ui
t when using mobile money. This re
ects changing

fees applied to mobile money, and we include it as an i.i.d. shock with mean �u and support

[0; uupper ).

C i
t � B i

t + ui
tM

i
t (C.3)

This model hence re
ects the decision of households as follows: (i) the shockut
i is

realized and household decide their consumption; (ii) households choose how to store

their money for the next period, whether in cashB i
t+1 or in mobile moneyM i

t+1 .

If the support of of ui
t is large enough, households will keep precautionary savings in

cash, in order not to have to face extreme negative shocks to their consumption.
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C.2 Solving the model

In order to solve the model, we �rst write down the Lagrangian as:

L (Ct ; M t+1 ; B t+1 ; � t ; � t ) =
TX

t=0

� t

�
logC i

t +

� t
�
Y i

t + M i
t + B i

t � � C i
t � M i

t+1 � B i
t+1

�
+

� t
�
M i

t u
i
t + B i

t � C i
t

�
�

(C.4)

and we obtain the following F.O.C.:

Ct :
1
Ct

� � t � � t = 0 (C.5)

M t+1 : � �� t � 1 + �� t + �� tE t � 1ui
t = 0 (C.6)

B t+1 : � �� t � 1 + �� t � + �� t = 0 (C.7)

We proceed by combining Eq. C.6 and Eq. C.7, obtaining:

� t (1 � � ) = � t
�
1 � E t � 1ui

t

�
(C.8)

From this equation conclude that, sinceE t � 1ui
t 6= 1, then � t 6= 0. This implies that

the constraint of Eq. C.2 binds. Similarly, also the constraint in Eq. C.3 binds: if it were

not so, we would have that� t = 0, implying that � = 1. This would reduce our model to

have no conveniency in mobile money, as cash would be completely safe.

Since the constraints bind, we can equate consumptionCt from both Eq. C.2 and C.3,

to obtain:

I i
t = M i

t (1 + ui
t ) + B i

t (1 � � ) (C.9)

whereI i
t = Y i

t � M i
t+1 � B i

t+1 . Starting from this equation, we can rewriteB t and M t as:
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B i
t =

I i
t � M i

t (u
i
t � 1)

1 � �
(C.10)

M i
t =

I i
t � B i

t (1 � � )
ui

t � 1
(C.11)

In order to obtain the consumtpion expressed as function ofM t or B t we combine one

of the two binding constraints (Eq. C.2 or Eq. C.3) respectively with the second F.O.C.

in Eq. C.10 and with the third F.O.C. in Eq C.11, to obtain:

C i
t =

M i
t (1 � �u i

t ) + I i
t

1 � �
(C.12)

C i
t =

B i
t (�u t � 1) + ui

t I
i
t

ui
t � 1

(C.13)

C.3 Equilibrium

From now on we drop the superscripti to ease notation.

C.3.1 Obtaining � t as function of M t and � t � 1

What we need to do now is the following: we need to combine the consumption expressed

in term of M t in Eq. C.12 with the �rst F.O.C. in Eq. C.5 and then with the F.O.C.

obtained deriving by B t+1 in Eq. C.7.

By combining Eq. C.12 with Eq. C.5 we �rst obtain:

� t =
1 � �

M t (1 � �u t ) + I t
� � t (C.14)

Then combining Eq. C.14 with Eq. C.7 we get:

� t =
�
��

1 � �
M t (1 � �u t ) + I t

� � t � 1

�
� � (� � 1) (C.15)

Similarly, we proceed for obtaining the same expressed in terms ofB t . We combine

the consumption expressed in term ofB t in Eq. C.13 with the �rst F.O.C. in Eq. C.5
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and then with the F.O.C. obtained deriving byM t+1 in Eq. C.6.

C.3.2 Obtaining � t as function of B t and � t � 1

By combining Eq. C.13 with Eq. C.5 we �rst obtain:

� t =
ut � 1

B t (�u t � 1) + ut I t
� � t (C.16)

Then combining Eq. C.16 with Eq. C.6 we get:

� � t � 1 + �
�

ut � 1
B t (�u t � 1) + ut I t

� � t

�
+ �� tE t � 1ut = 0 (C.17)

Notice that we need to get rid of the expectation term� tE t � 1ut . We can do this by

combining Eq. C.17 with Eq. C.8, and substituting� tE t � 1ut with � t (1 � � ), obtaining:

� � t � 1 + �
�

ut � 1
B t (�u t � 1) + ut I t

�
= �� t (1 � � ) (C.18)

Now we need to subtitute� t again with Eq. C.16, �nally obtaining:

� t =
�
��

ut � 1
B t (�u t � 1) + ut I t

� � t � 1

�
� � (� � 1) (C.19)

C.3.3 Equilibrium

Now that we obtained � t expressed in terms of� t � 1 and rispectively in terms ofM t in

Eq. C.15 and in terms ofB t n Eq. C.19, we can equate these two equations to obtain:

1 � �
M t (1 � �u t ) + I t

=
ut � 1

B t (�u t � 1) + ut I t
(C.20)

and simplifying further this equation we obtain:

M t (1 � ut ) = B t (1 � � ) + I t (C.21)

Let us suppose to be in the simplest case in whichYt == 0 for t! = 0. At T � 1 the

households will choose to allocate no money neither to cashBT or mobile moneyMT .
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We can extremely simplify the model to a two-period model, at time 0 and 1. Indeed

households will have to choose onlyC0, M 1, B1 and C1, sinceB2 = 0 and M 2 = 0. If we

assumeY1 = 0, we get:

B t

M t
=

1 � ut

1 � �
(C.22)

Let us suppose a shock tout , the ratio between cashB t and M t would change by:

@u
B t

M t
= �

1
1 � �

it is clear that a higher conveniency of storing cash� leads to a higher elasticity of

substitution between cash and mobile money.
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This paper investigates the tradeo� between competition and �nancial inclusion re-

sulting from the vertical integration between mobile network and money operators.

Joining newly assembled data on mobile money fees through the WayBack machine,

with sources on network coverage and �nancials, we examine the staggering across

African operators and countries of platform interoperability { a policy that promotes

transactions and competition across mobile money operators. Our results show that

interoperability bene�ts users by lowering mobile money fees and their dispersion

across operators. However, these positive e�ects are o�set by a decrease in mobile

towers and network coverage, especially in rural and poor districts, which, in turn,

leads to a lower �nancial inclusion. We note that combining interoperability with
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Matthieu Bouvard, Emily Breza, Konrad Burchardi, Daniel Timothy Chen, Jonathan de Quidt, Mitchell
Downey, Joshua Gans, Alessandro Gavazza, Jean-Pierre Landau, Rocco Macchiavello, C�esaire Meh,
Nikita Melnikov, Stelios Michalopoulos, Don Noh, Elias Papaioannou, Paolo Pinotti, Helene Rey, Emma
Riley, Nicolas Serrano-Velarde, Tavneet Suri, Tommaso Valletti and seminar participants at Bocconi Uni-
versity, Cornell University - Charles H. Dyson School, Halle Institute for Economic Research, Institute
for International Economic Studies, London Business School, Oxford University - Sa•�d Business School,
NBER SI 2023 Digital Economics and AI, 2nd WEFIDEV CEPR Workshop in Finance and Development,
46th BREAD & MIT Conference and other conferences, seminars and workshops. Edoardo Cattaneo,
Camilla Cherubini, Ilaria Dal Barco, Daniele Go�, Falilou Kebe, Hannah Moreno and Beatrice Romag-
nolo provided excellent research assistance. All errors are our own.



1 Introduction

Mobile money has emerged as one of the most widespread digital payment systems

(Demirguc-Kunt et al., 2018). Its di�usion resulted in tangible changes in various eco-

nomic and �nancial indicators like risk-sharing (Jack and Suri (2011); Blumenstock et al.

(2016)), remittances (Riley (2018); Aker et al. (2020)), lending (Suri et al., 2021) and sav-

ings (Breza et al., 2022), among others. Despite these signi�cant developments, research

on the functioning and regulation of the corresponding �nancial institution, the mobile

money company, remains limited.

This paper investigates the role of competition on the behaviour of mobile money

companies and its corresponding e�ects on �nancial inclusion. Speci�cally, we examine

the e�ects of a competition-promoting policy, platform interoperability, which facilitates

transactions between users of di�erent mobile money operators. By mitigating the barriers

to exchange payments, this regulatory intervention can impact the pro�t margins of mobile

money operators and in
uence their pricing, network, and infrastructure investment.

Our paper proposes conceptually and explores empirically a novel tradeo� between

competition and �nancial inclusion in the context of mobile money. It is crucial �rst to

introduce the typical structure of this market, which comprises two main players: mobile

network companies that o�er phone and internet services; and mobile money companies

that focus on payment exchanges. Typically, these two actors are vertically integrated as

discussed by Bourreau and Valletti (2015), which creates a limited competitive environ-

ment (Williamson (1979); Grossman and Hart (1986); Hart et al. (1990)) and results in

higher fees charged to mobile money users. At the same time, this lack of competition may

also provide incentives for mobile network companies to extend their reach to underserved

locations, enhancing �nancial inclusion. Consequently, low levels of competition may in-

crease the size of the mobile network, which may be labelled as the extensive margin of

�nancial inclusion. Nonetheless, this scenario may harm the poorest users within covered

areas due to high transaction fees, which weakens the intensive margin of inclusion.

To guide our empirical analysis, we build a compact theoretical framework inspired
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by the work of La�ont et al. (1997) and Bianchi et al. (2022). These papers examine

respectively the role of competition in the telecommunication market and the mechanics

of interoperability in mobile money. Our contribution lies in introducing the margin of

infrastructure via tower installation. We show that interoperability breaks the possibility

for platforms to exercise monopoly power by inducing competition on fees. At the same

time, this reduction in the pro�t margin of the mobile company leads to a decline in tower

installation and network provision. One central aspect of this paper is the role of mobile

network towers. We model this via the tower infrastructure that moves with economic

incentives and is not necessarily �xed and unresponsive to the underlying economic char-

acteristics. This assumption, which we validate empirically, is inspired by the market

structure of mobile towers in Africa, which we describe in detail in Section 2.3. In short,

mobile towers in Africa present high variable costs given that most are disconnected from

electricity and powered through expensive power-generating commodities, such as diesel

fuel. This cost structure implies that companies respond by reducing their tower network

in response to a negative shock to mobile revenue, since towers in this setting are not a

sunk cost.

The empirical challenge is to identify a source of quasi-experimental variation, which

increases the competition between mobile money companies and a�ects the extent of the

money-phone integration. To do this, we exploit a unique natural experiment taking place

in Africa: the staggered introduction of interoperability across operators and countries

that has been taking place between 2010 and 2020. In this context, interoperability is

a policy that induces mobile money companies to permit and facilitate the exchange of

payments with mobile money users that operate on a di�erent platform. The introduction

of interoperability does not appear to be related to speci�c conditions of the mobile money

industry. It is instead a reform initiated by the central bank, which expands the country

infrastructure of payment systems involving banks, merchants and correspondingly mobile

operators. This fact is documented in the paper appendix and validated by the presence

of balanced economic characteristics in our country sample and parallel trends in the

pre-period across our empirical speci�cations.
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We combine this source of variation with numerous novel datasets. Our innovative

contribution in terms of data is to construct a panel dataset on mobile money fees per

company, which covers 129 operators across 42 countries in Africa from 2010 onward.

Building this data was particularly challenging, since this information is not publicly

available and retrospective surveys asking users for fees tend to be inaccurate. To address

these gaps, we used the \Wayback Machine": an online archive that routinely scans

most websites and takes screenshots of their pages. We digitized this information and

created the panel, which reveals some original descriptive �ndings on the functioning of

this market.

Mobile money fees in Africa are high and penalize small transactions, which are gen-

erally used more extensively by poorer people (Yao et al., 2022). The average cost of

sending a transfer to another user on the same mobile money company accounts for an

average of 4% of the total, if the user has a di�erent company this fee levitates at 10%.

As presented in the paper, small payments are particularly hit by high fees, which exceed

30% of the transferred amount for amounts placed in the smallest brackets. Beyond their

level, fees are also highly dispersed across operators, with small payments exhibiting the

most intense variation.11

To join a measure of prices with quantities and network, we partnered with the GSM

Association (GSMA), the leading organisation grouping mobile telecommunications oper-

ators to access various datasets on mobile network companies. First, we employ data on

the second-generation cellular network technology (also referred to as 2G) used for mo-

bile money transactions across the entire African continent through rasters of 250� 250

meters, containing information on the presence of mobile signal and number of companies

operating. This information is then aggregated at the district level for all countries in

Africa, using maps from the Database of Global Administrative Areas (GADM). Second,

we received access to a source of operator-speci�c information on �nancials as well as other

statistics (towers, market penetration, price for other services). In addition, we use the

11In evaluating fees, we refer to the nominal cost of a transaction, which in this setting transcends from
misconducts of �nancial intermediaries, who may overcharge speci�c demographics beyond the nominal
expenses as noted by Annan (2022).
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World Bank Global Findex Survey and IMF Financial Access Survey to shed additional

light on the e�ects of interoperability on �nancial inclusion.

Our results validate the existence of a tradeo� between �nancial inclusion and com-

petition. In terms of prices, an event study setting shows that the fees of companies

operating in di�erent countries lie on parallel trends prior to the introduction of interop-

erability and sharply fall thereafter. A di�erence-in-di�erence speci�cation quanti�es the

decline in fees after interoperability to be at 0.3 percentage points for on-network trans-

actions, which are transactions between users on the same network (20% of the mean)

and at 1.3 percentage points cross-network transactions, which are transactions between

users across the di�erent networks (35% of the mean). This decline is almost entirely

due to small payments that become substantially cheaper, with fees falling by 20% for

on-network transactions and more than 45% for cross-network ones. At the same time,

we show that the dispersion of mobile money fees drops by more than 50% with the

introduction of interoperability, with small payments presenting the strongest decline.

We exploit the granularity of our data and the ability to measure the network coverage

for each operator across multiple districts to study the impact of interoperability at the

operator-district level. We document that interoperability induces an overall decline in

coverage and probability that a district is covered by a company. These results are

con�rmed by a di�erent dataset on operators and their yearly �nancials. Companies

operating in countries where interoperability was implemented experienced a decline of

18% in share of population covered, 22% in market penetration, 29% in revenue and 12%

in the number of towers. The pro�ts of mobile network companies seem to be negatively

a�ected as well, though the estimates are imprecise.

In addition to this evidence at the operator-district level, we also present results re-

garding network availability within districts to understand the overall e�ects of this policy.

We �nd that the arrival of interoperability lowers various measures of network coverage.

In all cases, we present event study speci�cations showing the existence of parallel trends

before the treatment and use a di�erence-in-di�erence speci�cation to quantify the aver-

age e�ects. We �nd that districts in countries that introduce interoperability experience

59



a 5% drop in the share of the district covered by mobile network coverage (almost 8%

of the mean), a 3.4% decline in the probability of presenting any coverage (4% of the

mean) and a 19% lower number of mobile network companies operating in the geographic

unit. Furthermore, districts that may present high ex-ante costs of tower installation

and therefore be marginal for mobile companies (rural, poorer) before the policy are the

ones presenting the strongest hit. In fact, the relative decline in their telecommunication

access is severe both in terms of coverage and the number of operators. These �ndings

highlight that the lack of competition and untargeted regulation can shape the geographic

access to goods and services, both �nancial and non-�nancial, and promote within-country

inequality (Alesina et al., 2016).

To investigate the e�ect of interoperability on �nancial inclusion, we take advantage

of the Global Findex dataset and �nd that individuals in countries introducing interop-

erability see a reduction in the likelihood of sending and receiving remittances, and in

the likelihood of saving for their own business activity. At the same time, the IMF FAS

dataset reveals that as interoperability is launched, countries experience a reduction in the

aggregate number of mobile money transactions, agents and users. We show that these

e�ects are driven by those countries with a stronger pre-existent mobile money network:

these results can be seen as the consequences of a reduction in mobile network coverage

both at the extensive margin (i.e. in terms of geographical outreach) and the intensive

margin (i.e. in terms of signal quality) following the introduction of interoperability. We

further validate our results using also data from the DHS surveys.

In terms of policy implications, our study focuses on a source of market imperfection

behind the competition-inclusion tradeo�: the prevalence of uniform pricing across dif-

ferent locations. As discussed by (DellaVigna and Gentzkow, 2019), it is common for

businesses to apply uniform or nearly-uniform prices across various locations, regardless

of the local demographic characteristics and competitive landscape. While such pricing

scheme may be good since it potentially alleviates economic di�erences between groups

coexisting in the same country (Alesina et al., 2016), it also presents some signi�cant side

e�ects. In fact, if mobile companies were able to discriminate their fees based on the
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local cost of providing connection services, increased competition would reduce mark-ups

without a�ecting service provision. Although such mechanisms of price discrimination do

not exist in telecommunications, neither in Africa nor elsewhere, we draw a close anal-

ogy from a policy that creates de facto heterogeneous fees: the presence of subsidies to

promote rural telecommunications. These policies result in price discrimination between

urban and rural locations once the subsidy is combined with the fee. To investigate this

further, we collected data on policies aimed at promoting access to telecommunication

services in remote areas and note a crucial heterogeneity of our key �ndings to these

policies. Our empirical results validate that the combination of interoperability and these

subsidies presents a promising opportunity to lower fees for users while maintaining the

scale of the mobile network.

We conclude our paper with a set of the robustness tests of our results through di�erent

approaches. First, we use the methods for dynamic treatment e�ects in event studies with

heterogeneous treatment e�ects proposed by Sun and Abraham (2021) and the framework

for di�erence-in-di�erences designs with staggered treatment adoption and heterogeneous

causal e�ects proposed by Borusyak et al. (2021). Second, we replicate our main results

weighting for the district's population, and also using alternative clustering methods for

the standard errors. In addition to this, we explore several other tests: for example, we

verify that the introduction of interoperability does not a�ect operations of Mergers and

Acquisitions between mobile network operators, we provide several heterogeneity analysis

using di�erent measures of local urban development, and we test the robustness of our

results to the inclusion of time-varying country-speci�c characteristics.

The main contribution of this paper is to provide evidence that a higher level of compe-

tition between mobile money providers has mixed e�ects on consumers and infrastructure

investment. This intuition applies more broadly to telecommunications and tower installa-

tion technology, and to digital payment systems and the underlying server infrastructure.

Our work is in line with studies that highlight the mixed e�ects of competition on con-

sumers and infrastructure, for example Ferrari et al. (2010) show that banks underinvest

in their ATM network in Belgium due to the prohibition to charge additional fees on
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users of other banks, which resembles the concept of interoperability that we study in

this paper. Genakos et al. (2018) study the tradeo� between market power and e�ciency

in the OECD telecommunication industry, showing that a higher market concentration is

associated with both higher mobile telecommunication fees and investment. Through a

study of the Rwandan network, Bj•orkegren (2022) relates the role of competition to the

intrinsic networked nature of mobile networks to study welfare and investment, �nding

that the free interconnection of systems can lower the incentives to invest. Brunnermeier

et al. (2022) show that enforcing interoperability in the digital money market reduces

ledger controllers' rents, but also lowers credit extension in the economy. Related to this

literature, there are two important review articles: Bourreau and Valletti (2015) o�er a

comprehensive analaysis of the economic features of mobile payment systems in develop-

ing countries, while Bianchi et al. (2022) connect various streams of academic literature

to shed light on how the degree of interoperability in mobile payments a�ects market

outcomes and welfare. This paper advances this literature by combining granular and in-

novative data on the mobile market with an empirical design exploiting a plausible source

of variation.

At the same time, our paper is related to the growing literature on mobile money. Jack

and Suri (2011), Jack et al. (2013) and Jack and Suri (2014) have pioneered this stream

of research, by using survey data to understand the role of mobile money in attenuating

the e�ect of negative income shocks by fostering risk sharing. Blumenstock et al. (2016)

also studies the response to shocks (in the context of an earthquake in Rwanda) using

administrative data on mobile phone records, airtime purchases, and transfers of airtime.

Suri and Jack (2016) show that increased access to mobile money has increased long-term

consumption in Kenya and reduced the number of households in extreme poverty. Riley

(2018) underlines how developing countries have gained increased access to remittances

through the introduction of mobile money services. Suri et al. (2021) study how a new

digital loans system operating over the rails of mobile money helps households in facing

negative income shocks. Breza et al. (2022) �nds that a �nancial technology that allows

individuals to automatically receive their wage on their mobile money account leads to
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higher savings and stronger resilience. Our paper brings a perspective focusing on the

supply of mobile money, exploring their functioning and corresponding regulation. This

paper is also related to the literature studying how access to mobile networks can foster

economic development.12

The rest of the paper is as follows. Section 2 presents a theoretical framework of

competition in the mobile money sector, o�ers details about the institutional aspects

of mobile money interoperability, and provides an insight on how the telecommunication

infrastructure works in Africa. It describes the data we use, comprehensive of a newly self-

collected dataset on mobile money fees across African operators, and o�ers insights on the

the identi�cation strategy that exploits the staggering of interoperability across African

countries. Section 3 investigates the e�ects of interoperability at di�erent levels. It �rst

provides evidence on operators' fees, �nancials and network coverage. It then presents

aggregate results at geographical level, by also showing the implications for �nancial

inclusion. Eventually, it provides several heterogeneity analyses and a set of robustness

checks. Section 4 concludes.

2 Theoretical framework, Data and Identi�cation

The aim of this section is twofold. We �rst present a theoretical framework relating

mobile money interoperability, competition between operators and �nancial inclusion. We

then introduce the institutional changes experienced in the mobile money industry across

African operators and countries, by also providing an insight on the relation between

phone cell towers and network coverage. In the remaining part of the section, we describe

the data we use, comprehensive of a newly collected dataset on mobile money fees across

African operators. We eventually o�er insights on the identi�cation strategy, that exploits

12Among the prominent contributions in this literature is the work of Jensen (2007), which shows
how mobile network and towers can improve market allocation e�ciency and lead to uniform prices in
the �shing industry in India. Aker and Mbiti (2010) explore the main channels through which mobile
phones can a�ect economic outcomes and appraise current evidence of its potential to improve economic
development. Blumenstock et al. (2020) present experimental evidence on the economic impacts of mobile
phone access: the introduction of mobile phones had large and signi�cant impacts on household income
and expenditure, particularly for wage workers. Riley (2022) shows that providing micro�nance loan in
a private mobile money account positively impacts the businesses of female micro�nance borrowers.
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the staggering of interoperability across African countries.

2.1 Theoretical Framework

2.1.1 Economic Environment

This theoretical framework is built on the work of Bianchi et al. (2022) and La�ont et al.

(1997), it is a simpli�cation meant to guide our empirical analysis and provide a compact

and original setting to think about the role of competition in the mobile money sector.

The market for mobile customers is composed by a continuum of locations on a unit

line, and each point is populated by a household engaging in a set of mobile money

transactions. The mobile company decides how many towers to open,m 2 [0; 1], which

is costly, but allows it to reach a new locus and to interact with agents. Ifm = 1,

then all locations are reached, whereas withm = 0, no towers are operating. When a

tower is installed, the mobile company interacts with a client and decides on a feef

for transactions. This model presents the following two stages: (1) the mobile company

invests in �nancial inclusion, deciding on the number of towers,m; (2) the company

decides on its feef given the user demand for mobile services. The game can be solved

by backward induction.

2.1.2 Setting

2.1.2.1 Consumer Utility

The utility function of users reached by a mobile tower can be described byU = � + �m � f ,

in which � expresses a taste parameter,� is a parameter capturing the network externality

of the overall number of connected households andf is the fee to make mobile money

transfers.

In principle, users can also keep the same mobile network services, while choosing an

alternative provider only for the mobile money service. The utility function in this case

can be described byU = � + �m � f other as users in this case need to pay a fee to the

other company,f other , to continue to use their mobile network and use the mobile money
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service from the new company.

2.1.2.2 Mobile Company Pro�ts

The pro�t function of the mobile money company in a location conditional on this being

reached by a towerm is given by� (m) = f � c in which the pro�t margin of the company is

given by the di�erence between its fee,f , minus the marginal cost of the communication,

c, for those on network.

2.1.2.3 Mobile Tower Installation

In the �rst period, the mobile company decides how many mobile towersm to install,

given the pro�t margin in each location � , the fee f and some convex cost of tower

installation c(m). Its convexity is due to the fact that further towers are worse connected

to the electricity grid and present higher costs of energy supply and maintenance, as

documented in Section 2.3.

This �nancial inclusion problem can be written as maxm� 0 � = � (m) � � m2

2 . Note that

in this setting, we introduce a new parameter� : this is a tower-installation technology

parameter a�ecting both the average and marginal cost of branch opening.

2.1.3 Solution

In this subsection, we solve this problem for two cases: 1) the case without interoperability,

in which the mobile company is a monopolist; 2) the case with interoperability, in which

the mobile company faces competition.

2.1.3.1 No Interoperability

This setting can be interpreted as one in which there is no alternative mobile money

platform available. This market structure gives the mobile company the possibility to

extract all rents from consumers by setting their utility function to zero, making their

participation constraint binding, which de�nes f M as the monopoly fee:f M
on = � + �m . In

this case the company appropriates not only the utility from using the service, expressed

65



by � , but also the network externalities reported by�m . As a result, the tower-installation

problem simpli�es to maxm� 0(� + �m )m � � m2

2 leading to the following solution for the

decisions of the mobile companymM = �
� � 2� and f M = � � � �

� � 2� this relies on the assumption

that the costs of tower installation exceeds the network externalities in the utility,� > 2� ,

otherwise the problem simpli�es to a full installation of towers in all cases and unde�ned

fees.

2.1.3.2 Interoperability

We model interoperability as a policy allowing individuals to operate an alternative mobile

money service, without switching the mobile network service. In our setting, this is

modelled as a competing company, which o�ers transactions at a feef other = � .

This changes the competitive nature of the market, since the former monopolist can

no longer extract all rents from this market and will have to compete on prices. Suppose

that individuals pay an individual switching cost � in moving exclusively their mobile

money services from the former monopolist to the new company (i.e. cost of infrastruc-

ture, account opening). Then the fee of the former monopolist emerges from solving the

following incentive compatibility constraint: � + �m � f � � + �m � � � � stating that the

utility of the user remaining on the network of the former monopolist is higher or equal

to the utility of an individual switching network and paying a fee� and a switching cost

� . Under the plausible assumptions that this fee exceeds the marginal cost of operating

in an area, � + � > c , and that competition bene�ts consumers,� + � < � , then this

change in the competitive structure leads to a decline in fees and in availability of mobile

network, since the optimalf and m are now: mC = � + �
� and f C = � + � . Therefore

the arrival of interoperability leads to lower fees since� + � < � and � � �
� � 2� > 1 but also to

lower mobile tower installation for the same reason. The proposition below summarizes

these results and presents an additional heterogeneity.
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Proposition

In the presence of a mobile company that decides on fees and tower installation, the

introduction of interoperability leads to lower mobile money fees and a reduction in tower

installation and signal. One central heterogeneity emerge from this setting: locations with

higher costs of tower installation experience a stronger decline in towers and coverage. In

Appendix C - Theoretical Framework we provide the derivation of this proposition.

2.2 A new dataset on mobile money fees

The literature on mobile money lacks information on the fee structure of operators. A

comprehensive dataset on mobile money operators' tari�s does not exist,13 and hence for

the purpose of this paper we are the �rst to introduce such a dataset, comprehensive

of most mobile money service providers operating in Africa. We collected monthly data

on each operator's fees, spanning the year 2010-2021, calculated as a share of the paid

amount. The main source of our data is the website of each Mobile Money provider, as the

tari� plans are usually available not only to the agent o�ces but also online. However,

operators rarely keep their past fees structure publicly available on their website: to

overcome this issue, we rely on the Wayback Machine, which is a tool that enables the

recovery of web pages that are no longer available. For instance, as shown in Figure B.1

of Appendix B - Additional Figures, if we want to �nd all the previous \versions" of the

Telma (the �rst operator launched in Madagascar) webpage, we can type the URL of

today's webpage in the search bar and choose the year/month we are interested in.

In most cases, the web pages are available and the tari� plans published, so it is

possible to browse the archived website and �nd the information needed. However, �nding

the rates for each year is not easy: di�erent problems can hamper our search, such as

images or documents not visible/downloadable, absence of screens for entire years, issues

in loading pages, fees not present on the web pages, etc. For this reason, we rely on

additional sources to �ll in the gaps. Secondary sources are 1) providers' pages in di�erent

13See the article on IPA's two-year pilot by Blackmon and Pizatella-Haswell (2022): www.poverty-
action.org/blog/tracking-real-cost-mobile-transactions-ipas-new-two-year-pilot.
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social networks like Facebook, Twitter, or Linkedin, where photos of tari� plans are often

published, 2) articles concerning Mobile Money fees published in newspapers online or

blogs. In Data Appendix D - Fees & Interoperability, we provide a detailed description

of how data on Mobile Money fees are built. Figure B.2 in Appendix B - Additional

Figures shows the complexity of the structure of mobile money tari� plans, which are not

constant across transaction values. We build two main datasets, containing the mobile

money fees charged by each operator over time. We di�erentiate between fees charged

to transfer money to subscribers to the same operator (\on-network") and fees charged

to send money to subscribers of other operators (\cross-network"). The �rst output is a

panel data set that includes the operator name, country, year, and the yearly fees' median

value for on-network and cross-network ransactions. The second data set is more detailed,

because it includes tari�s for all transaction ranges (\brackets") de�ned by companies'

tari� plans. To this aim, we take the most disaggregated fee structure in the country and

adjust all operators' rates (in that country) accordingly, as explained in Data Appendix

D - Fees & Interoperability. Figure 1 shows how fees change across brackets: we plot

the mean yearly fees for a mobile money transfer between two users belonging to the

same company, i.e. on-network transaction. This is plotted for each operator and is

di�erent depending on the amount of the mobile money transaction. In particular we

document that higher fees are applied to lower transactions: Figure 1 shows that the

�rst and second bracket of lowest-value payments experience the highest fee, on average

30% and 10% respectively, with such fees declining progressively and regressively as the

underlying value of the transaction increases. In Figure 7 and Table A.37 we show how

the introduction of interoperability decreases the dispersion of transaction fees across

and within brackets. The top left and right panels of Figure 7 show the distribution

of operators' on net fees, across brackets, before and after interoperability, respectively.

From the two �gures it comes out that after interoperability the dispersion of fees in the

lowest transaction brackets decreases. This is con�rmed by Table A.37, where we regress

the standard deviation of fees across interoperable and non-interoperable operators in a

given year and a given bracket, on a dummy taking value 1 for interoperable operators.
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We show that the standard deviation of on net fees is lower for interoperable operators.

In Table A.37 we also con�rm that the dispersion of fees is higher for lower transaction

brackets. These results hint at the convergence of prices across markets and can be

rationalized throught the law of one price.

2.3 Mobile network coverage and infrastructures

Mobile money services are vertically integrated with the network operator providing the

service. This means that the mobile money service can be used exclusively where a

given mobile network operator's connection covers the area (Bourreau and Valletti, 2015).

Therefore, it is important to understand the infrastructure enabling the network coverage,

and in particular the economics behind the installation and maintenance of towers. It

is key to clarify that mobile network towers are not necessarily a sunk and long-term

investment, as they present sizeable operating costs.

The towers used for the commercial transmission of mobile signals are typically pow-

ered through an electrical connection: they are \on-grid", as they receive power from the

electrical grid as an input and release signal as an output. However, there are instances

in which it is impossible to operate on-grid towers, because the grid may be unreliable or

the tower may be in a remote location. In this case, the technology for transmitting the

mobile signal is through an \o�-grid" system: The electricity supply is provided through

the installation of a diesel-powered generator, which is used as the main or backup source

of electricity.

As a result, mobile operators in Africa face challenges to power their mobile networks,

because of unavailable or unreliable power supply and consequential heavy reliance on

expensive diesel power generators. Major infrastructural and operational challenges make

it extremely costly for mobile network provider to expand their coverage or to keep it

active in marginal areas. The most common costs faced by mobile operators as pointed

out by Kumar (2014) are due to: limited or no road access infrastructure which increase

Operation and Maintenance (O&M) costs of sites, higher cost of security and monitoring

systems to protect assets and infrastructure to prevent diesel theft, equipment theft and
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vandalism of site equipment, lack of local skilled technical resources that causes a further

increase in the costs of operations. These infrastructural impediments translate in the lack

of economic incentives for mobile network operators to provide their services in remote

areas.

The limited reach of grid infrastructure and inadequate power generation capacities

has greatly a�ected the availability and quality of electricity supply to mobile network

sites, and therefore impacted the con�guration and geographic spread of mobile networks

in Africa. The majority of telecom tower sites in Africa are deployed in either o�-grid

areas or problematic grid areas with unreliable power supply (Ahmad et al., 2015). This

observation is in line with the fact that the growth in mobile networks has tremendously

outpaced the local expansion of grid infrastructure across countries in Africa. As a result,

the majority of the tower sites are deployed in o�-grid areas. The necessity for diesel

generators, and increasingly battery backups, is not limited to o�-grid towers in Africa,

but includes also a large share of on-grid towers. This is due to the fact that energy

provision planning was traditionally ignored by the network expansion teams during the

aggressive network roll-out (Kumar, 2014). The limited reach of grid infrastructure and its

snail-paced expansion further widened the demand-supply gap and have adversely a�ected

the availability (with more frequent/longer power cuts) as well as quality of power supply.

In this respect, energy costs constitute a major chunk of network operational expendi-

ture (OPEX) for mobile operators in Africa. As reported by Kumar (2014), for a typical

tower site in Africa, the share of energy costs is as high as 40% of the overall network

OPEX, and the power consumption from diesel is about a factor 10-20% higher than the

power requirements of the cell base stations.

2.4 Data

We employ several di�erent and novel sources of data. We do not only provide new

self-collected datasets on mobile money fees and mobile money institutions, but also a

new dataset on individual network operators' coverage, as well as their �nancial and

non-�nancial information. The main databases employed in this research are listed as
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follows:

1. Mobile Money fees. As explained in Section 2.2, we introduce a new panel dataset on

mobile money fees for all mobile money operators providing their service across African

countries. We collected yearly data for 129 mobile money operators, operating in 42

African countries, in a time span of 12 years, from 2010 to 2021. To make the panel

reliable and usable, we spell the mobile money tari�s as percentage of the total transaction,

and then de�ne the median transaction across brackets to make fees comparable across

operators, countries and years. We provide a comprehensive dataset including fees for all

types of transactions and for all transaction brackets harmonized at the country level.

2. Mobile network operator coverage. We use a new dataset on mobile network

coverage by operator over the years 2010-2021. This is a novel use of data collected by

Harper Collins and the Global System for Mobile Communications (GSMA) for research

purposes. The collection of this dataset works as follows: every year GSMA collects

coverage data from each mobile network operator worldwide. We are hence able to see

the development of individual operators' coverage over the last decade. Data are detailed

for di�erent kind of connections (1G, 2G, 3G, 4G and, now, 5G) and are provided at a

raster level of approximately 250 squared meters. This means that we observe for the

entire African continent the presence of mobile network signal for each raster by each

operator and over time. For our empirical analysis, we aggregate this data for each

operator at the smallest administrative unit in each country, as de�ned by the Database

of Global Administrative Areas (GADM).14 We use data on 2G coverage only, as this is

the mobile technology that enables the usage of mobile money.

3. GSMA Intelligence Mobile Network Data. This is the most comprehensive source

of mobile industry insights, forecasts and research, available. GSMA collects data on

every mobile network operator (MNO) in every country worldwide. They provide yearly

data on several �nancial, usage and performance indicators of MNOs. We exploit data of

253 mobile network operators, operating in 57 African countries over a period of 22 years

14The Database of Global Administrative Areas is a comprehensive database of country administrative
units, published with the objective of standardizing and uniforming information across countries and time
periods.
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spanning from 2000 to 2021.15 In the analysis, outliers above the 99th percentile and

below the 1st percentile are excluded.

4. Interoperability data. As later explained in Section 2.5, we also construct and pro-

vide a novel dataset on the introduction of mobile money interoperability across African

countries. We register each policy change regarding interoperability, i.e. the possibility

to exchange mobile money between di�erent mobile money operators introduced in each

African country. We are also able to identify whether mobile money interoperability was

initiated by the local Government, or whether interoperability was introduced by the

operators themselves, without the presence of a clear institutional framework.

5. Global Findex World Bank data. We exploit the Global Findex dataset provided by

the World Bank, based on nationally representative surveys and containing updated indi-

cators on access to and use of formal and informal �nancial services and digital payments.

We exploit this dataset to investigate the e�ects of the introduction of interoperability

on �nancial inclusion. Data are taken from about 150'000 surveyed adults, in 48 African

countries, for the years in which the survey was conducted (2011, 2014, 2017, 2021).

6. IMF Financial Access Survey. To further study the e�ect of interoperability on

�nancial inclusion, we exploit country level data on measures of �nacial access in Africa

provided by the IMF. The IMF FAS contains yearly data on access to and use of �nancial

services, including mobile money. Our dataset covers 57 countries spanning more than 10

years. In order to avoid our results being driven by outlier, the observations above the

99th percentile and below the 1st percentile are excluded.

7. Geographical data on urban development and nighttime light intensity. We exploit

the dataset introduced by Cattaneo et al. (2021) to create a district's measure of urban

development. In this dataset, raster pixel are assigned a value ranging from 1 to 30, where

1 identify most urban areas and 30 most rural areas. The district's measure of urban

development is hence constructed as the average of the pixel values in the district's itself.

15While this dataset does not contain information on contribution of mobile money services to the
network operators' �nancials, in Data Appendix E - Mobile Network Operators Balance Sheets we provide,
as an example, balance sheets (�nancial statements and revenue breakdowns) from selected MNOs also
reporting revenues and costs of their mobile money service. In this restricted sample, the revenue from
mobile money services lies between 7.7% for the overall Airtel group to 38.3% for Safaricom both in 2021.
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We then divide our districts into rural and urban following the classi�cation proposed by

Cattaneo et al. (2021). We also exploit the data on nighttime light intensity provided

by the National Centers for Environmental Information. They provide pixels with value

ranging from 0 (no light) to 63 (maximum light intensity), all over the globe. We construct

a district's measure of light intensity by averaging nighttime light intensity across all pixels

contained in the district.

Table 1 reports summary statistics for the main variables used in our analysis. Panel

A presents two variables with a subscriptit , which labels a variable that varies by mobile

money operatori during year t: Fees on networkdescribes the average yearly fee ap-

plied to transaction between users of the same operator over the transaction value;Fees

cross network, instead, represent the relative cost of the transaction when this is done

between users of di�erent mobile money networks. Panel B present summary statistics

for performance and usage indicators of mobile network providers taken from the GSMA

Intelligence dataset. Variables are expressed in log and vary by mobile network operator

i over yeart. Panel C and Panel D summarize the coverage variable at operator-district

level and at district level, respectively. Variables in Panel C vary by operatori in dis-

trict d over year t, while variable in Panel D vary by district d over year t. These two

panels also report summary statistics forInteroperability, an indicator of the presence of

interoperability in the mobile money market. In Panel C an operator-speci�c measure of

interoperability is reported (which takes value 1 when the operator e�ectively became in-

teroperable), while Panel D reports a country-speci�c measure of interoperability (which

takes value 1 when the national legislation starts requiring mobile money operators to

be interoperable). Panel E reports the summary statistics for the World Bank Global

Findex Survey: we report three variables that we use as a proxy of �nancial inclusion and

resilience. Variables vary by individualj in country c in year t. Panel F reports summary

statistics for the IMF Financial Access Survey, that contains country-level data on mobile

money usage. In Panel F, variables are reported in log, and vary by countryc in year t.
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2.5 Identi�cation: the staggering of Interoperability

In line with Naji (2020), we de�ne Interoperability as the possibility given by Mobile

Money Operators to transfer money between two accounts in di�erent mobile money

schemes. While mobile money was born as a stand-alone service, in which transfers

were allowed only within the same network, in the following years, it experienced an

integration process that brought the connection of operators between themselves and

other payment services. While we are aware that di�erent types of interoperability exist

depending on the level of integration of systems, as explained in Data Appendix D - Fees &

Interoperability we focus on the case of wallet-to-wallet interoperability, i.e. the possibility

to transfer mobile money between users of di�erent operators. Indeed, as we document,

institutional regulations about interoperability and bilateral agreements between mobile

money providers in African countries always request this level of integration between

mobile money systems. In recent years, various development organizations, industry

bodies, and regulators have embarked on enabling mobile money interoperability between

digital �nancial services providers in di�erent markets across the globe.16 We exploit the

staggered deployment of mobile money interoperability across African countries as main

source for our identi�cation scheme.

In the legal system of African countries, in fact, mobile money is generally settled to-

gether with other payment instruments. This means that mobile money interoperability

is de�ned and enacted within the regulatory framework of �nancial operators. However,

discrepancies between the regulatory framework and the actual adoption of interoper-

ability by mobile money operators might arise. This is due to several causes, that di�er

across countries. Indeed, we might observe both countries where interoperability is intro-

duced by the regulator but not yet adopted by operators, and countries where operators

allow interoperable transactions even in the absence of a institutional regulation. The

�rst case might arise when the new regulatory framework concerning the introduction of

interoperability is not clear and does not specify the details through which this policy

16In September 2014 the mobile �nancial services industry in Tanzania signed its �rst agreement
on interoperability, making Tanzania one of the �rst countries in the world with an industry-agreed
interoperable market for mobile �nancial services (Naji, 2020).
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should be enacted.17 The second case might instead arise when operators themselves see

potential bene�ts from the introduction of interoperability or when they want to precede

a regulation that, soon or later, will be enacted by the regulator.18 We are able to iden-

tify both cases. By collecting information coming from national law bulletin and from

operators' websites, we are able to di�erentiate whether in a given country the regime

of interoperability is introduced by the law or if it is the operator itself that makes its

system interoperable. In some cases, in fact, bilateral agreements between mobile money

providers precede the formal introduction of interoperability by the local political in-

stitution. In Data Appendix D - Fees & Interoperability we provide details about the

introduction of mobile money interoperability for each African country in which such

policy was enacted.

Figure 2 presents the staggering of interoperability until 2021. Up to date, 20 African

countries and 58 mobile money operators have introduced mobile money interoperability.

Our empirical strategy revolves around three di�erent empirical speci�cations, which all

rely on the economic characteristics of countries adopting and not-adopting interoperabil-

ity to be balanced both at baseline and over time, as shown respectively in Tables A.1

and A.2 in Appendix A - Additional Tables.

3 Empirical Model and Results

We develop our analysis adopting three main empirical approaches. First, we develop an

event study design meant to test for pre-trends and to investigate the dynamics of the

treatment e�ect. Second, we implement a staggered di�erence-in-di�erence speci�cation

using two-way �xed e�ects regressions. The staggered di�erence-in-di�erence provides

compact estimates of the average treatment e�ect under the assumptions of no pretrends.

17For example, the Bank of Botswana in 2019 published the \Electronic Payment Services Regula-
tions", where it was stated that \the resources shall be a system which is interoperate with other payment
system within Botswana": this regulation requires payment systems to be interoperable, but no technical
standards for interoperability are prescribed, hence leaving to the operators too much discretion about
how and when to enact interoperability.

18This is the case of Airtel Money and Safaricom's MPESA in Kenya, which in January 2018 undertook
a pilot phase, enabling the seamless transfer of funds between mobile accounts on di�erent networks. In
April 2018, in a press release, the Central Bank of Kenya welcomed the implementation of interoperability
of mobile �nancial services, stressing its bene�ts and importance to Kenya's mobile money market.
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Third, we test the heterogeneities described by our proposition by studying the e�ect

of interoperability in rural and poor districts. This allows us to draw speci�c policy

implications and bring more clarity in the debate about the e�ects of mobile money

interoperability (Bourreau and Valletti, 2015).

Following the structure of the paper, this section is divided into four subsections. In the

�rst, we study the e�ect of interoperability introduced at the operator level. We �rst show

how an interoperable system fosters competition between mobile money operators. We

show that mobile money operators lower their tari�s, reduce their coverage, and register a

decrease in revenues and investments. We conclude this subsection with an instrumental

variable approach. The second subsection provides aggregate results on the e�ect of

interoperability at the district and at the country level, and shows the negative e�ects of

interoperability on �nancial inclusion. In the third subsection we provide heterogeneity

analysis, which con�rm previous results on �nancial inclusion. In the last subsection, we

present several robustness checks.

3.1 Evidence at the operator level

3.1.1 Fees

We exploit the staggering of interoperability by African operators to study its e�ect on

the fee structure of mobile money services. Our main variables of interest are:On Net

Feesit , the median fee over transaction values for transactions between users of the same

operator,Cross Net Feesit , the median fee over transaction values for transaction between

users of di�erent operators.

The �rst exercise that we propose is an event study as de�ned in the following equation:

Yict = � i + � t +
5X

k= � 5


 k I f K ict = kg + " ict (1)

whereYict represents the dependent variable for operatori in country c in year t; � i

and � t are operator and year �xed e�ects. The observation window is 2010{2021, while

we restrict the event window to be the interval [� 5; +5] from the year of the adoption of

76



interoperability by operator i . K ict is the relative year from the adoption of interoper-

ability by operator i in country c. We set the year before the adoption of interoperability

as the baseline category, as is standard in the literature. Standard errors are clustered

at the operator level. Figure 3 reports the results of Equation 1, in particular those of

coe�cients 
 j for j = � 5; ::; 5. The left panel refers to on net fees, i.e. fees of transactions

between users of the same operator, and shows no pre-trends; this means that before the

introduction of interoperability, the point estimates are close to zero, and none of them

are statistically signi�cant. The coe�cients become negative and statistically signi�cant

when interoperability is introduced. In particular, we observe an immediate jump, where

the on-net fees register a decrease of 0.5%, followed by a similar decrease in the following

years. The right panel refers to cross net fees, i.e. those paid when transacting mobile

money to a di�erent operator. Similar to before, no pre-trends can be detected and the

coe�cients are negative and decreasing starting from year 0, and they are statistically dif-

ferent from zero from period 1. The decrease over years is starker in this case: coe�cients

show a decrease in cross-net fees of more than 1% after 1 year from the introduction of

interoperability, and this drop remains stable over the following years. Overall, we in-

terpret these results as a negative e�ect of the introduction of interoperability on tari�s

imposed by mobile money providers.

The second exercise we propose is a staggered di�erence-in-di�erences speci�cation as

speci�ed below:

Yict = � i + � y + 
Interoperability ict + " ict (2)

where, again,Yict represents the dependent variable, for operatori in country c in year

t; � i and � t are operator and and year �xed e�ects; andInteroperability ict is a dummy

variable that equals one after the operator adopts interoperability. Table 2 reports the

estimates from the staggered di�erence-in-di�erence speci�cation as de�ned in equation

2. This two-way �xed e�ects regression provides a compact measure of the average causal

e�ect of interoperability on our two mobile money tari�s outcomes. It imposes no pre-

trends and assumes constant treatment e�ects. The results from Table 2 con�rm those
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from the event studies. Introduction of mobile money interoperability is associated with a

signi�cant decrease in mobile money tari�s, both on net and cross net. The estimates are

also large in magnitude: introducing interoperability decreases on net tari�s by 20% and

cross net by 35%, with respect to the mean value before the policy change. We propose the

same analysis of Table 2, but now di�erentiating between di�erent transaction brackets.

As explained in Section 2.2, mobile money operators apply di�erent tari�s for di�erent

transaction values. In particular, these tari�s happen to be regressive, in the sense that

fees are relatively higher for lower transactions. We harmonize transaction brackets at

country level, for all operators. We de�ne the �rst bracket as the lowest transaction

bracket in a given country. Consequently, the second bracket will be the second lowest

bracket, and so on. Table A.3 present results for pairs of transaction brackets. We group

transaction brackets in seven pairs and obtain estimates of the following equation:

Ybjict = � i + � t + 
 b +
7X

j =1

� j Interoperability ict � 1j + " ict (3)

where� i is the operator's speci�c �xed e�ects, � t the year �xed e�ect, 
 b if bracket b

�xed e�ects. Brackets are paired in seven groups, denoted byj : 1j indicate whether

bracket b belongs to groupj . We interact the groups' indicator variables with the

Interoperability ict dummy. Our coe�cients � j will hence show the e�ect of operator-

level interoperability on brackets belonging to groupj . In Table A.3 and Figure 4 we

report the coe�cients of Equation 3. We show that our results are driven by the lowest

two transaction brackets, that decrease of about 20%, which corresponds to a drop of

more than 60% with respect to the pre-policy average. This corroborates our hypothesis

that interoperability fosters competition between mobile money operators. In so doing,

they try to attract more people in their network by decreasing the tari�s for the lowest

transaction values. This is line with many policy reports, that mention that low-value

transactions constitute the bulk of mobile money operations (Yao et al., 2022).
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3.1.2 Coverage

In this section, we provide an analysis of how operator coverage in districts evolves over

time and its response to interoperability. This means, that we consider as unit of anal-

ysis the operator-district pair. Using the GADM database, we focus on the district as

our geographic unit of observation. In most cases, districts are designed as second-level

administrative units and in rare cases as third-level or above. We harmonize this admin-

istrative de�nition across countries to study a consistent set of comparable geographic

units. This section shows the main results of our analysis, providing evidence of how

Mobile Network Operators change their coverage after the introduction of mobile money

interoperability. This analysis is of particular interest because it also allows us to provide

an insight on the heterogeneous e�ect of interoperability depending on the dominance of

a given operator in the local market. Indeed, the same operator might decide to behave

di�erently in di�erent areas, depending on its coverage in the areas before the policy

change. We exploit an event study and a di�erence-in-di�erences approach. The event

study will take the following form:

Yidct = � id + � t +
5X

k= � 5


 k I f K ict = kg + " idct (4)

The staggered di�erence-in-di�erences will instead be of the following type:

Yidct = � id + � t + 
 Interoperability ict + " idct (5)

In both cases the variableYidct refers to the outcome of operatori in district d in

country c at time t. We include operator-district �xed e�ects � id , and year �xed e�ects

� t . The outcome variables are: the operator's coverage in a given district, i.e. the share of

coverage relative to the district's area, in percentage; and the probability of signal of the

operator in the district, which is a dummy that takes value 1 if the operator has signal in

the district.

Table 3 provides insights on the behavior of operators at the local level when inter-

operability is introduced. Both column (1) and column (2) suggest a general decrease in
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the total coverage of an operator at the district level and its lower probability of keeping

signal. In particular, individual operator's coverage decreases by almost 4 percentage

points after the introduction of interoperability, while the probability of signal decreases

by almost 5 percentage points. To further investigate our mechanism, in Table A.4 in

Appendix A - Additional Tables we show that the drop in total coverage is driven by

dominant operators.

Figure 4 reports the results of the event study, which is in line with our di�erence-in-

di�erences approach. It shows the presence of parallel trends, and the signi�cant e�ects

of the introduction of interoperability for both variables.

3.1.3 Operator's performance

In this section, we verify whether the registered drop in coverage of mobile network

operators goes parallel with a reduction in operator's market penetration and investment

in infrastructure, and whether this has an impact on its �nancial performances. We

exploit the staggered introduction of interoperability to also study the e�ects on mobile

network operators' performance. To this aim, we use the same speci�cation as the one

described in Equation 5. Our estimates show how interoperability a�ects performances,

investments and usage of the operator, and explore the response of operators to prices of

di�erent services they provide, such as calls, texts and internet.

Table 419 con�rms that the total coverage of mobile network operators linked to mobile

money services drop after the introduction of interoperability: this, of course, has a

repercussion on the operator's market penetration as well. The increased competition

to which mobile money interoperability leads increases the marginal cost of covering the

\last mile", and hence operators disinvest in infrastructure. Column (1) shows results

for the percentage of population covered: we register a decrease of 18% in the country's

population covered by the mobile network. Column (4) shows that after the introduction

of interoperability, the number of towers decreases by 12%. This is in line with what

we have highlighted in Section 2.3 about the high cost of maintaining infrastructure that

19In Table 4 outcome variables are expressed in log.
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allows coverage in more remote areas. Similarly, revenues decrease by 30%.

In Table A.5 we test whether increased competition in mobile money a�ect also prices

for other services provided by mobile network operators. We �nd no signi�cant e�ect on

prices for calls, messages or internet data. For the three categories of prices coe�cients are

close to 0 and not signi�cant. In Table A.6 we instead show that interoperability has no

e�ect on the probability of mobile network operators to take part in a M&A operation.

We do this to ensure that interoperability does not a�ect the structure of the mobile

network market.

3.1.4 Instrumental Variable approach

We develop an instrumental variable approach, where we instrument our operator-speci�c

measure of interoperability, with the country-speci�c one. Table A.7 presents the �rst

stage estimates. Tables A.8, A.9 and A.10 reproduce the results from Tables 2, 3 and 4,

by adopting the instrumental variable and this IV appears to be relevant and strong, with

the �rst stage F statistic higher than 20, depending on the sample size of each regression.

At the same time, we note that these results are very close in terms of sign, magnitude

and statistical precision. The main reason for which these di�erent estimations yield

similar results is to be found in the high correlation between operator-level and country-

level mobile money interoperability. In fact, while some companies appear to voluntarily

introduce interoperability, sometimes anticipating the o�cial country-wide introduction

led by policy-makers, most companies appear to follow the introduction of this policy.

In addition to this, the use of the IV allows us to preempt possible concerns related to

the determinants of company-level interoperability adoption, by showing that the most

relevant proxy, namely the country-level policy, appears to drive the vast majority of our

underlying variation.
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3.2 Evidence at the District and Country level

3.2.1 Coverage at the District level

This section studies the e�ect on interoperability on mobile network coverage at the local

level. We extend the results presented in Section 3.1.2 by providing aggregate evidence

at the district level. Here, we focus on coverage at sub-national units, hence aggregating

individual operator level data at the smallest geographical unit as de�ned by the maps

provided by GADM, as explained in Section 2.4. The dataset used for the analysis in

this section is hence composed by 47'480 administrative units, over a period of 12 years

spanning 2010-2021, for a total of about 570'000 observation. We exploit a more aggregate

version of Eq. 1 and Eq. 2, where the unit of analysis is now given by the districtd. In

particular, we estimate the following event study design:

Ydct = � d + � t +
5X

k= � 5


 k I f K ct = kg + "dct (6)

and the following two-way �xed e�ects model:

Ydct = � d + � t + 
 Interoperability ct + "dct (7)

where the dependent variable is de�nedYdct and refers to a district d in country c in

year t. It represents the following variables:Total Coveragedct, which is the percentage

of district's area covered by any mobile network operator (i.e., 0 means that no mobile

network operator has signal in the district, while 100 means that the district is completely

covered by mobile connection);Probability of signal in districtdct is instead a dummy

variable taking value 1 whether at least one operator in active in the district, while it

takes value 0 when there is no operator covering that given district;Number of MNOsdct

is the log of the number of operators active in the district. Figure 6 reports the event

study speci�ed in Eq. 6, and Table 5 reports the results of Eq. 7. The left panel of Figure

6 shows parallel trends in the pre-period and then the negative e�ect of the introduction

of interoperability on mobile network coverage, expressed as percentage of the district's
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area. After one year, we register a decrease of 5 percentage points in coverage. This

decrease grows in the following year, up to 10 percentage points. Similarly, the right

panel shows a decrease in the number of operators in the district, after the introduction

of interoperability. The number of mobile network operators decreases by more than 20%

after one year from the introduction of interoperability, and this decrease is even higher

in the following years. In the lower central panel, we show that the probability of signal

in the district decreases by more than 3 percentage points in the three years following the

introduction of interoperability.

3.2.2 Financial Inclusion

The debate around mobile money interoperability has increasingly focused on the e�ects

on �nancial inclusion (Bourreau and Valletti, 2015). Because mobile money is seen as a

tool that enhances �nancial inclusion and gives access to digital �nancial services to the

poorest and those ones living in the most remote areas of developing countries (Suri and

Jack, 2016), any policy change on this payment system needs to take into account the

potential implications on individuals that are unbanked and �nancially-underserved.

To investigate the implication of interoperability for �nancial inclusion, we present

results both from survey data and from country-level data. We use the World Bank

Global Findex dataset on the following empirical model:

Yict = � c + � t + 
 Interoperability ct + " ict (8)

whereYict refers to answers to the survey questions of individuali living in country c,

� c and � t are respectively countryc and year t �xed e�ects.

We present results from the World Bank Global Findex in the �rst three columns of

Table 6. In Panel A we show that interoperability negatively a�ects several measures of

�nancial inclusion, and that access and usage of mobile money transactions for di�erent

purposes (e.g. sending and receiving remittances) decreases. After the introduction of

interoperability, individuals are 7% less likely to send remittances with mobile phones,

6% less likely to receive remittances with mobile phones, 2% less likely to save for their
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business and 6% less likely to have access to funds in case of an emergency.

While estimates are not precise, we further investigate the underlying mechanism

showing that countries with a stronger pre-existent mobile money network are signi�ca-

tively more a�ected by the introduction of interoperability. In Panel B of Table 6 we

replicate the results of Eq. 8 by adding an interaction term between interoperability and

a measure of the strength of the mobile money network before the introduction of the

policy:

Yict = � c + � t+ 
 Interoperability ct

+ � Interoperability ct � Mobile Money Networkc + " ict

(9)

where Mobile Money Networkc is the standardized number of all survey respondents

with a mobile money account in countryc before the introduction of interoperability.

We show that our results are hence ampli�ed by network e�ects, in line with the work

of Bj•orkegren and Karaca (2022). These results can be seen as the consequences of a

reduction in mobile network coverage both at the extensive margin (i.e. in terms of

geographical outreach) and the intensive margin (i.e. in terms of signal quality) following

the introduction of interoperability. Indeed, for one standard deviation increase in the

number of mobile money users, we register a signi�cant decrease of 20% for sending

domestic remittances through mobile phones, a decrease of 18% for receiving domestic

remittances through mobile phones, a decrease of 10% for saving for own business activity

and of 8% for having access to emergency funds.

In the last three columns of Table 6, we provide similar results for data aggregated at

country level in the IMF FAS dataset. In Panel A, we �rst document a decrease in the

number of users and outlets (mobile money agents), as well as in the number of transac-

tions. Panel B shows further evidence that the pre-esisting strength of the mobile money

network drives our results. Again, we provide a heterogeneity analysis by interacting the

dummy for interoperability with a standardized measure of the number of registered mo-

bile money accounts in the country before the introduction of interoperability. Also in this
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case, the coe�cients of the interaction show that the negative e�ects of interoperability

on all the measures of �nancial inclusion are ampli�ed by network e�ects. A 10% increase

in the number of mobile money accounts with respect to the pre-policy mean, leads to a

signi�cant reduction of 3.5% in the number of mobile money agents, a reduction of 2.5%

in the number of mobile money accounts, and a signi�cant decrease of 5% in the number

of mobile money transactions, after the introduction of interoperability.

To further validate our results, in Table A.32 of Appendix A - Additional Tables,

we use the DHS data and report the e�ect of interoperability on the the probability of

having made a transaction using mobile money in the last month. Interoperability has a

negative impact on this probability, especially in rural areas. In Section 3.3.1 and 3.3.2 we

eventually provide further heterogeneous analysis con�rming the di�erential e�ect that

interoperability has on rural and urban areas, by exploiting our granular data on network

coverage and di�erent measures of local urban development.

3.3 Additional Heterogeneities

This section provides additional heterogeneity analyses aimed at further investigating the

mechanism leading our results. We con�rm the di�erential e�ect that interoperability

has on urban and rural areas, by showing that less developed districts are more a�ected

by the introduction of interoperability. We also provide evidence that the negative e�ect

of interoperability is attenuated in countries with a stronger network of Mobile Money

agents.

3.3.1 Rural

In Columns (1), (2) and (3) of Table 7 we di�erentiate between rural and urban areas, to

study the di�erential e�ect of interoperability depending on local development, and test

our proposition, which predicts that the negative e�ects of interoperability are stronger

in area with higher costs of tower installation. We identify rural districts by following the

approach proposed by Cattaneo et al. (2021): see Section 2.4 for further details. We create

a dummy variable, Rural Aread, which takes value 1 for rural districts and 0 otherwise.
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We hence use the following speci�cation:

Ydct = � d + � t+ 
 Interoperability ct+

� Interoperability ct � 1Rural Aread + "dct

(10)

where interoperability is now interacted with Rural Aread. As outcome variables, we

still use the mobile network coverage as percentage of the district's area, the probability

of signal in the district and the number of mobile network operators active in the district.

In this speci�cation, since we are using district-time varying variation, we change the

clustering at district level. Table 7 shows that less developed rural districts are negatively

a�ected by the introduction of interoperability, which leads to a decrease of 2.4 percentage

points in the network coverage, in a 0.5 percentage points decrease in the probability of

signal in the district, and in a 5.1% decrease in the number of operators active in the

district, more than urban districts.

3.3.2 Night Lights

Similarly, we exploit Nighttime Lights data to provide a measure of the district's urban

development. We exploit the following model:

Ydct = � d + � t+ 
 Interoperability ct+

� Interoperability ct � 1Night Lightsdc + "dct

(11)

where as independent variable we use the dummy for interoperability and its interac-

tion with Night Light Above Median dc, which is a dummy taking value 1 for those district

whose Night Light activities is above the median of night light activity of all districts.

We de�ne the variable on the subsample of illuminated districts; i.e., we exclude from

the analysis all those districts that have no nightlight activity at all. To construct our

measures of night light activity, we use the data provided by the National Centers for En-

vironmental Information. Columns (4), (5) and (6) of Table 7 displays the results. As for

Table 7, we cluster standard errors at the district level, because we are using district-time
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varying variation. The negative e�ect of interoperability is attenuated in those districts

that register nighttime lights above the median. Again, these results con�rm the ones

already shown comparing rural and urban districts.

3.3.3 Mobile Money Agents' network

We here show the di�erential e�ect of interoperability on network coverage, depending

on the strength of the Mobile Money Agents' network. In Table A.11 we �rst show

that the introduction of interoperability has a negative e�ect on the number of Mobile

Money agents. We show that interoperability negatively a�ects di�erent measure of the

Mobile Money agents' networks: we show the e�ect on the log number of agents, on the

log number of agents per 1'000 squared kilometers, and the log number of agents per

100'000 adults. As in Section 3.2.2, we also provide an heterogeneity analysis looking at

the di�erential e�ect of interoperability depending on the strength of the Mobile Money

users' network in the pre-policy period.

In Table A.12 we show that districts in countries with a stronger network of Mobile

Money agents are less a�ected by the introduction of interoperability. In Table A.12 we

interact the dummy for interoperability with a dummy taking value 1 if the number of

Mobile Money agents in countryc in the pre-policy period is above the median value. We

show that districts in countries with a higher number of Mobile Money agents register a

signi�cant lower reduction in their network coverage by 13% with respect to districts in

countries with a lower number of agents.

3.4 Policy implications

Our study proposes a policy that complements our research and is based on a theo-

retical intuition regarding a crucial source of market imperfection contributing to the

competition-inclusion tradeo� at the heart of this paper: the prevalence of uniform pric-

ing across di�erent locations. As discussed by (DellaVigna and Gentzkow, 2019), it is

common for businesses to apply uniform or nearly-uniform prices across various locations,

regardless of the local demographic characteristics and competitive landscape. This as-
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pect assumes particular signi�cance in our context, as if mobile companies were able

to discriminate their fees based on the local cost of providing connection services, in-

creased competition would lead to reduced mark-ups without a�ecting service provision.

Although such mechanisms of price discrimination do not exist in African telecommu-

nications, we draw a close analogy from countries that implement subsidies for mobile

operators to facilitate rural telecommunications. Consequently, this results in de facto

price discrimination between urban and rural locations once the subsidy is combined with

the fee. To investigate this further, we collected data on policies aimed at promoting

access to telecommunication services in remote areas and show a crucial heterogeneity of

our key �ndings to these policies. Our empirical results validate that the combination

of interoperability and these subsidies presents a promising opportunity to lower fees for

users while maintaining the scale of the mobile network. In Table A.36 we propose the

following:

Ydct = � d + � t+ 
 Interoperability ct+

� Subsidyct+

� Interoperability ct � Subsidyct + "dct

(12)

whereSubsidyct is a time-varying dummy variables that takes value 1 after countryc

provides subsidies for rural telecommunications. In Table A.36 we show the di�erential

e�ect that interoperability has on total network coverage for rural and urban districts,

conditional on subsidies for the development of rural telecommunications. In Columns (1)

and (2) of Table A.36 we run the above regression on the subsamples of rural and urban

districts, respectively. We classify districts following the metholody proposed by Cattaneo

et al. (2021). In Column (3) and (4), instead, we di�erentiate between districts whose level

of nighttime light intensity is below or above median, respectively. For all subsamples

we show that the general e�ect of interoperability is negative. However, Columns (1)

and (3) show that the e�ect is attenuated for those less developed districts in countries

providing subsidies for rural telecommunications: indeed, for the subsamples of rural
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districts or districts with nighttime light intensity below median, the interaction term

betweenInteroperability ct and Subsidyct is positive and signi�cant. These attenuated

e�ects is not registered in urban and more developed districts.

3.5 Robustness Checks

In this section, we include additional checks to test the robustness of our results. In

Appendix A - Additional Tables we show that our key results are robust to a variety of

alternative speci�cations: 1) we �rst replicate our main results using the latest methods for

dynamic treatment e�ects in event studies with heterogeneous treatment e�ects proposed

by Sun and Abraham (2021); 2) we then apply the framework for di�erence-in-di�erences

designs with staggered treatment adoption and heterogeneous causal e�ects proposed by

Borusyak et al. (2021); 3) we propose alternative clustering methods of standard errors;

4) we weight our main regression speci�cations with a measure of district's population 5)

we test the robustness of our results to the inclusion of time-varying country-speci�c char-

acteristics. These robustness checks complement the ones already presented in previous

sections. As explained in Section 3.1.3, we construct a novel dataset on network opera-

tors' M&A activities, and show that the introduction of interoperability has no e�ect on

the probability of mobile network operators in taking part in mergers and acquisitions. In

3.1.4 we replicated our analyses at the operator level adopting an instrumental variable

approach. In Section 3.3 we provided several heterogeneity analyses, showing also that

our estimates are robust to di�erent measures of local urban development.

3.5.1 New methods in di�erence-in-di�erences and event study design: Sun

and Abraham (2021) and Borusyak et al. (2021)

We replicate our main results of Tables 2, 3, 4 and 5 using the methods proposed by Sun

and Abraham (2021) and Borusyak et al. (2021). Estimates do not di�er from the ones

previously obtained, nor in their sign, nor in their magnitude, neither in their signi�cance.

Figures B.3 and B.4 replicate the event studies for On Net and Cross Net fees and for

the di�erent measures of coverage at the operator-district level.
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In Table A.13, A.14, A.15 and A.16 we replicate our main results using the method

proposed by Sun and Abraham (2021). Our coe�cient of interest is the average treatment

e�ect, which is obtained by averaging the estimation weighted estimators for the �rst four

years after the introduction of interoperability.

Table A.17, A.18, A.19 and A.20, and Figures B.3, B.4 and B.5 respectively present

the treatment e�ect estimation and the pre-trend testing in event studies obtained from

the di�erence-in-di�erences designs with staggered adoption of treatment, using the im-

putation approach of Borusyak et al. (2021). This method is particularly adapt to our

setting, as it is designed to estimate the e�ects of a binary treatment with staggered roll-

out allowing for arbitrary heterogeneity and dynamics of causal e�ects. The benchmark

case of this method considers each uniti getting treated as of periodt and remaining

treated forever: indeed, when interoperability is deployed, it is never retracted in our

case.

3.5.2 Alternative clustering and population weight

We here include three additional robustness checks on our main results at the operator

and at the district level. First, in Tables A.21, A.22 and A.23 we replicate the results of

Tables 2, 3 and 4 by clustering standard errors at the country-level. As we were suggesting

in Section 3.1.4, operator-level introduction of interoperability might be the response to

a changing local market or institutional framework at the country level. The staggering

of interoperability between operators in the same country might hence be correlated with

country speci�c characteristics. We do this to clean out all possible country-time speci�c

variations from our estimates.

Second, in Tables A.24, A.25, A.26 and A.27 we replicate the results of Tables 2, 3, 4

and 5 computing standard errors using the wild cluster bootstrap methodology. Estimates

remain signi�cantly di�erent from zero.

Last, in Tables A.28 and A.29, we replicate the results of Tables 3 and 5 using weighted

least squares, where we weight for the district's population count. We retrieve data from

Warszawski et al. (2017) to construct our measures of population at the district level.
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Warszawski et al. (2017) provide data at raster level. We hence aggregate raster level

data at the district level: population count is the log of people living in the district.

Weights for population allow us to verify that operators cut coverage in general, even

once the population is taken into account. The smaller magnitudes of the reduction in

coverage are aligned with the fact that areas with a lower population see larger declines

than areas with a higher one. This is consistent with a standard model in which operators

cut more extensively marginal markets, as our �ndings on rural and poorer districts show.

3.5.3 Additional tests

We provide two di�erent tests aimed at understanding whether the introduction of inter-

operability changes the propensity and convenience of mobile users to own multiple SIMs,

and at understanding whether countries where users hold multiple SIMs are di�erentially

a�ected by the introduction of interoperability. To tackle the �rst point, in Table A.30

we present results from a regression where the independent variable is a dummy taking

value 1 when interoperability is enacted at the country level, and where the dependent

variable is the number of mobile phone subscriptions, both as the number of SIM cards

over 100 inhabitants and in absolute terms. No e�ect of interoperability on the number

of SIMs is detected. To tackle the second point, we instead leverage granular data at the

operator-district pair. Table A.31 in Appendix A - Additional Tables reports an OLS

regression where interoperability is interacted with a country speci�c measure of mobile

phone subscriptions (i.e. number of SIM cards over 100 inhabitants). Estimates show

that there is no di�erential e�ect of interoperability depending on the number of mobile

phone subscriptions. Indeed, coe�cients of the interaction term are extremely small and

non signi�cant.

Eventually, to test the robustness of our results to the macroeconomic environment,

in Tables A.33, A.34 and A.35 we replicate the analysis of Tables 2, 3 and 5 by including

time-varying country-speci�c controls such as real GDP and GDP growth.
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4 Conclusions

This paper investigates the e�ects of competition on the behavior of mobile money com-

panies and its corresponding e�ects on �nancial inclusion. The study focuses on competi-

tion induced by a speci�c policy framework: the introduction of platform interoperability,

a regulatory intervention that facilitates transactions between users of di�erent mobile

money operators. The objective is to relate this change in competition to the pro�t

margins of mobile money operators and their investment in pricing, network, and infras-

tructure.

Our study �nds that there is a trade-o� between competition and �nancial inclusion

in the context of mobile money. The vertical integration between mobile network and

mobile money companies results in higher fees charged to mobile money users, which

lowers consumer welfare and �nancial inclusion on the intensive margin. At the same

time, this lack of competition also provides incentives for mobile network companies to

extend their reach to underserved locations, enhancing �nancial inclusion on the extensive

margin.

To test this hypothesis, we construct a novel panel which collects information on more

than 120 mobile operators across all African countries from 2010 onward. This is done

by using the \Wayback Machine", which is a digital repository that systematically scans

a vast number of websites and captures screenshots of their pages. By digitizing this

information, we have constructed a panel that presents novel descriptive insights into the

operation of this market. This information has been further combined with extensive

documentation on companies network coverage across all districts of Africa and �nancial

and non-�nancial documentation. This empirical exercise requires the identi�cation of a

source of quasi-experimental variation that generates higher competition between mobile

money companies. For this reason, we leverage a natural experiment that has unfolded in

Africa over the period spanning from 2010 to 2020: the staggered deployment of platform

interoperability.

In line with the main hypothesis, our �ndings show that the introduction of this

92



policy lowers fees on mobile money transactions and this particularly large for small-

value payments. At the same time, interoperability also has negative e�ects on network

availability, as districts in countries that introduce interoperability experience a drop in

their coverage, which is particularly severe for rural districts.

Overall, the study highlights the need for policymakers to strike a balance between

competition and �nancial inclusion in the mobile money market. The �ndings suggest that

competition-promoting policies such as platform interoperability can have a positive e�ect

on inducing lower fees but also have negative e�ects on network availability. Additionally,

the study provides valuable insights into the functioning and regulation of mobile money

companies, an area that remains largely unexplored in the literature. By proposing and

exploring this novel trade-o�, our study contributes to a better understanding of the

implications of digital payment systems for �nancial inclusion.
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Tables

Table 1: Summary statistics

Observations Mean Std. Dev. Min Max

Panel A: Mobile Money Fees

Fees on netwotkit 617 .04 .1 0 1.25

Fees cross networkit 418 .1 .14 0 .98

Panel B: GSMA Intelligence Mobile Network data

Total cellular connectionit 2335 13.75 2.36 4.06 18.18

3G connectionsit 1810 12.7 2.25 3.3 17.79

Total cellular network coverage; by populationit 210 4.31 .32 2.71 4.61

Total revenue; cellularit 3007 17.43 2.07 7.69 22.1

Recurring revenue; cellularit 3015 17.53 2.08 7.72 22.53

Non-Recurring revenue; cellularit 2950 14.46 2.3 4.29 21.1

Total Capexit 683 17.36 1.67 9.07 20.71

Panel C: Network coverage at operator-district level

Total coverageidt 1113012 75.1 33.98 0 100

Probability of signal in district idt 1113012 .96 .19 0 1

Interoperability it 1113012 .1 .3 0 1

Panel D: Network coverage at district level

Total coveragedt 569760 71.21 38.26 0 100

Probability of signal in district dt 569760 .88 .33 0 1

Number of MNOsdt 569760 1.88 1.19 0 5

Interoperability ct 569760 .14 .35 0 1

Panel E: WB Global Findex Survey

Recived domestic remittances w mobile phonejct 25681 .41 .49 0 1

Sent domestic remittances w mobile phonejct 21444 .44 .5 0 1

Saved for own business activityjct 77478 .2 .4 0 1

Panel F: IMF Financial Access Survey

Number of mobile money transactionsct 267 16.48 3.51 0 21.98

Outstanding balances on active mobile money accounts, Domestic Curct 157 20.23 4.09 9.15 29.26

Number of registered mobile money agent outletsct 271 8.89 2.42 1.1 13.4

Number of registered mobile money accountsct 293 14.18 2.36 6.79 18.01

Notes: This table reports the summary statistics for the main datasets used in the analysis. The

columns respectively report the variable's name, the number of observations (Observations), its mean

value (Mean), its standard deviation (Std. Dev.), its minimum (Min) and maximum (Max) value. All

datasets are observed at the yearly frequency. We report six di�erent panels. Panel A summarizes the

dataset we constructed containing information on the fees structure of Mobile Money Operators. Fees

are reported as transaction value share. Panel B reports the summary statistics of the main variables (in

log) in the GSMA Intelligence dataset. Panel C and D report summary for mobile network operators'

coverage and interoperability. Panel E and Panel F reports survey based individual- and country-level

data on �nancial inclusion, respectively. In Panel F, variables are reported in log.
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Table 2: Fees and interoperability

Fees

On Net
(1)

Cross Net
(2)

Interoperability ict -0.002�� -0.013���

(0.001) (0.004)

Operator FE Yes Yes
Year FE Yes Yes
Obs. 613 411
Adj. R sq. 0.783 0.701
Mean Dep. Var. 0.009 0.035

Notes: This table presents ordinary least squares (OLS) estimates, where the unit of observation is
operator i in year t. Operator and year �xed e�ects are present in all columns and standard errors
are clustered at the operator level. The dependent variables are On Net, which is the operator's fees for
mobile money transactions to subscribers of the same operator (1); and Cross Net, which is the operator's
fees for mobile money transactions to subscriber of di�erent operators (2). Both dependent variables are
expressed as percentage of transaction value. These are regressed overInteroperability ict , a dummy
variable taking value 1 if the operator i is subject to mobile money interoperability. The dependent
variable's mean in the pre-policy period is reported in the last row of the table. ��� , �� and � indicate
signi�cance at the 1%, 5% and 10% level, respectively.

Table 3: Network Coverage and Interoperability - Operator-District Level

Total
coverage

Probability of
signal in district

(1) (2)

Interoperability ict -4.811�� -0.036�

(2.149) (0.021)

Operator-District FE Yes Yes
Year FE Yes Yes
Obs. 1113012 1113012
Adj. R sq. 0.808 0.276
Mean Dep. Var. 75.153 0.957

Notes: This table presents ordinary least squares (OLS) estimates, where the unit of observation is the
pair operator i district d, in year t. Operator-district and year �xed e�ects are present in all columns
and standard errors are clustered at the operator level. The dependent variables are the individual
mobile network operator i coverage in district d, expressed as percentage of the districtd area (1); the
probability that the mobile network operator is active in the district, i.e. a dummy taking value 1 whether
the operator i has signal in the district d (2). Dependent variables are regressed overInteroperability ict , a
dummy variable taking value 1 if the pair operator-district id is subject to mobile money interoperability,
i.e. if operator i is interoperable. The dependent variable's mean in the pre-policy period is reported in
the last row of the table. ��� , �� and � indicate signi�cance at the 1%, 5% and 10% level, respectively.
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Table 4: Mobile Operators and Interoperability

Total network
coverage

Market penetration
mobile connections

Total
Revenue Towers EBIT EBITDA

(1) (2) (3) (4) (5) (6)

Interoperability ict -0.186��� -0.224�� -0.293�� -0.123� -0.097 -0.062
(0.033) (0.112) (0.134) (0.063) (0.336) (0.224)

Operator FE Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes
Obs. 125 1842 1684 280 366 565
Adj. R sq. 0.789 0.884 0.866 0.974 0.811 0.861
Mean Dep. Var. 4.354 2.213 17.909 7.061 16.164 16.279

Notes: This table presents ordinary least squares (OLS) estimates, where the unit of observation is
operator i in year t. Operator and year �xed e�ects are present in all columns and standard errors are
clustered at the operator level. The dependent variables are the operator's share of population covered
in country c (1); the operator's market penetration of mobile connection in country c (2); the operator's
total revenue (3); the number of towers used by the operator for its coverage (4); the operator's earnings
before interest and taxes (EBIT) and the operator's earnings before interest, taxes, depreciation and
amortization (EBITDA) in column (5) and (6), respectively. Dependent variables are expressed in log.
These are regressed overInteroperability ct , a dummy variable taking value 1 if the operator i is subject
to mobile money interoperability. The dependent variable's mean in the pre-policy period is reported in
the last row of the table. ��� , �� and � indicate signi�cance at the 1%, 5% and 10% level, respectively.

Table 5: Network Coverage and Interoperability - District Level

Total
coverage

Probability of
signal in district

Number of
MNOs

(1) (2) (3)

Interoperability ct -5.024�� -0.034� -0.186��

(2.147) (0.020) (0.077)

District FE Yes Yes Yes
Year FE Yes Yes Yes
Obs. 569760 569760 569760
Adj. R sq. 0.903 0.873 0.912
Mean Dep. Var. 69.606 0.860 1.762

Notes: This table presents ordinary least squares (OLS) estimates, where the unit of observation is
district d in year t. District and year �xed e�ects are present in all columns and standard errors are
clustered at the country level. The dependent variables are the total mobile network coverage, expressed
as percentage of the districtd area (1); the probability of mobile network signal in the district, i.e. a
dummy taking value 1 whether at least one Mobile Network Operator (MNO) is active in the district (2);
the number of Mobile Network Operators active in the district (3). Dependent variables are regressed
over Interoperability ct , a dummy variable taking value 1 if the district d is subject to mobile money
interoperability, i.e. if interoperability is active in country c. The dependent variable's mean in the pre-
policy period is reported in the last row of the table. In column (3) we report the mean of the number of
Mobile Network Operators active in the district, not expressed in log. ��� , �� and � indicate signi�cance
at the 1%, 5% and 10% level, respectively.
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Table 6: Financial inclusion: WB Global Findex & IMF Financial Access

WB Global Findex IMF Financial Access
Saved for

own business
Access

emergency fund
Sent remittances
w mobile phone

Received remittances
w mobile phone

MM Agents MM Accounts MM Transactions

(1) (2) (3) (4) (5) (6) (7)

Panel A: Interoperability
Interoperability ct -0.018 -0.060� -0.069 -0.062 -0.242 -0.380 -0.740��

(0.044) (0.032) (0.078) (0.080) (0.255) (0.333) (0.342)

Panel B: Network e�ects
Interoperability ct -0.098�� -0.083�� -0.195��� -0.182��� -0.123 -0.409 -0.437

(0.047) (0.032) (0.046) (0.049) (0.257) (0.316) (0.358)
Interoperability ct � -0.117�� 0.000 -0.231�� -0.207� -0.439��� -0.322 -0.657���

Mobile Money Networkct0 (0.023) (0.046) (0.051) (0.198) (0.136) (0.285) (0.183)

Country FE Yes Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes Yes
Obs. 77258 90309 21380 25613 283 247 286
Adj. R sq. 0.078 0.149 0.365 0.358 0.894 0.902 0.898
Mean Dep. var 0.189 0.467 0.442 0.401 8.799 12.998 16.314

Notes: This table presents ordinary least squares (OLS) estimates on two di�erent datasets. In Columns (1), (2) and (3) we use data from the World Bank
Global Findex Survey, where the unit of observation is individual respondent'si in year t. In Columns (4), (5) and (6) we use data from the IMF Financial
Access Survey, where the unit of observation is countryc in year t. Country and year �xed e�ects are present in all columns and standard errors are clustered at
the country level. For the WB Global Findex Survey observations span all available years between 2010 and 2021. Controls for individual respondent's speci�c
characteristics are included. The dependent variables are dummy variables taking value 1 if in the last month the respondent has saved for own business (1);
has had easy access to funds in case of any emergency (2); has sent domestic remittances through mobile money (3); has received domestic remittances through
mobile money (4). For the IMF Financial Access Survey (FAS) the observations span the years 2010-2021. The dependent variables, expressed in log, are the
total number of registered Mobile Money agents in country c in year t (5); the total number of Mobile Money accounts in country c in year t (6); the total
number of Mobile Money transactions in country c in year t (7). In Panel A, the outcome variables are regressed overInteroperability ct , a dummy variable
taking value 1 if interoperability is active in country c. In Panel B, we add the interaction betweenInteroperability ct and Mobile Money Networkct 0 , a measure
of the size of the mobile money network in countryc before the introduction of interoperability. We construct the measure using data from the same dataset
of the outcome variable. For the WB Global Findex, we standardize the total number of survey respondents who own a mobile money account in countryc,
before the introduction of interoperability. For the IMF FAS we standardize the average number of registered mobile money accounts in countryc before the
introduction of interoperability. The dependent variable's mean in the pre-policy period is reported in the last row of the table. Column (4), (5) and (6) report
the mean in millions. ��� , �� and � indicate signi�cance at the 1%, 5% and 10% level, respectively.
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Table 7: Network Coverage, Rural area, Nightlights and Interoperability - District Level

Rural area Nightlight intensity

Total
coverage

(1)

Probability of
signal in district

(2)

Number of
MNOs

(3)

Total
coverage

(4)

Probability of
signal in district

(5)

Number of
MNOs

(6)

Interoperability ct -4.058��� -0.032��� -0.166��� -1.803��� -0.006��� -0.046���

(0.080) (0.000) (0.002) (0.187) (0.000) (0.002)
Interoperability ct � Rural aread -2.393��� -0.005��� -0.051���

(0.231) (0.000) (0.002)
Interoperability ct � Night Light above mediand 0.480�� 0.001��� 0.029���

(0.198) (0.000) (0.002)

District FE Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes
N. of Districts 47480 47480 47480 15768 15768 15768
Obs. 569760 569760 569760 189216 189216 189216
Adj. R sq. 0.903 0.873 0.912 0.946 0.961 0.970
Mean Dep. Var. 69.606 0.860 1.762 85.325 0.934 2.360

Notes: This table presents ordinary least squares (OLS) estimates, where the unit of observation is
district d in year t, as speci�ed in Eq. 10. In all columns we include district and year �xed e�ects and
standard errors are clustered at the district level. The dependent variable is the mobile network coverage
as percentage of the district's area, the probability of signal in the district and the number of mobile
network operators active in the districts. The dependent variable is regressed over two variables. The
�rst is Interoperability ct , a dummy variable taking value 1 if the district d is subject to mobile money
interoperability, i.e. if interoperability is active in country c. The second is a measure of local development.
For columns (1), (2) and (3) we include the interaction betweenInteroperability ct and Rural aread, a
dummy taking value 1 if the district is classi�ed as rural using geographical characteristics as proposed by
Cattaneo et al. (2021). In Columns (4), (5) and (6) we include the interaction betweenInteroperability ct

and Night Light d, a continuous variables that represents the standardized nighttime light intensity of the
district, according to the data on Nighttime lights provided by the National Centers for Environmental
Information, kept �xed at the year 2012, i.e. before that interoperability was introduced in any country.
Rural aread and Night Light Intensity d are district-speci�c constants. The dependent variable's mean in
the pre-policy period is reported in the last row of the table. In column (3) we report the mean of the
number of Mobile Network Operators active in the district, not expressed in log. ��� , �� and � indicate
signi�cance at the 1%, 5% and 10% level, respectively.
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Figures

Figure 1: Fees and brackets

(a) Fees, by transaction bracket (b) Fees, by transaction bracket

Notes: This �gure plot the yearly fees for sending a mobile money transfer between two agents belonging

to the same operator, i.e. on-network transaction. Fees are expressed as percentage of transaction values.

In Panel (a) each dot within a bracket corresponds to an operator-year observation. Brackets represent

cross-country harmonized transaction value ranges as explained in Section 2.2. Panel (b) shows the

average fees across all operators and all years, for each bracket.

Figure 2: Deployment of Interoperability

(a) Year 2015 (b) Year 2017 (c) Year 2019 (d) Year 2021

Notes: These maps show the staggered introduction of interoperability across African countries. Inter-

operability is currently active in 20 African countries and 58 mobile money operators. The maps present

four reference years, 2015 (a), 2017 (b), 2019 (c) and 2021 (d), in which countries colored in blue are

those ones in which interoperability is active. Interoperability is never retracted.
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Figure 3: Fees and interoperability

Notes: This �gure reports the coe�cients of the event study speci�cation described in Equation 1. Both
left and right panels display the value of the coe�cients, 
 k , which describe di�erential evolution of the
fees applied by mobile money operators operating under interoperability relative to operators operating
in the absence of interoperability. In the left panel we present results for fees applied to transactions
between subscribers of the same operator, i.e. on-network transactions. The right panel presents results
for fees applied to transaction between subscribers of di�erent operators, i.e. cross-network transactions.
The year marking the introduction of interoperability is year 0 on the x-axis and exhibits a vertical black
line. The reference year is the year -1. The bars around each observation represent the 95% con�dence
interval. Standard errors are clustered at the operator level, and the empirical speci�cation includes year
and operator �xed e�ects.

Figure 4: Fees and interoperability

(a) On Net Fees (b) Cross Net Fees

Notes: This table presents ordinary least squares (OLS) estimates, where the unit of observation is fee
bracket b of operator i in country c in year y. We report the � j coe�cients of Equation 3, which are
displayed in Table A.3. Bracket, operator and year �xed e�ects are included in all columns and standard
errors are clustered at the operator level. The dependent variables are the operator's fees for mobile
money transactions to subscribers of the same operator, in the left panel; the operator's fees for mobile
money transactions to subscriber of di�erent operators, in the right panel. Both dependent variables
are expressed as share of transaction value. We pair brackets in seven groups, and show the di�erential
e�ect that the introduction of interoperability at the operator level has on di�erent transaction brackets,
where brackets represent cross-country harmonized transaction value ranges as explained in Section 2.2.
Dependent variables are regressed over the interaction betweenInteroperability ict , a dummy variable
taking value 1 if the operator i is subject to mobile money interoperability, and an indicator variable 1j ,
indicating to which pair bracket b belongs. The table hence reports the estimates of coe�cients� j of
Equation 3. The bars around each observation represent the 95% con�dence interval. Standard errors
are clustered at the operator level.
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Figure 5: Event Study - Operator-District analysis

Notes. This �gure reports the coe�cients of the event study speci�cation described in Equation 4. The
three panels display the value of the coe�cients, 
 k , which describe di�erential evolution of the outcome
variables for the pairs operator-district for which interoperability is active relative to operator-districts
with no interoperability. In the left panel we present results for operator's i network coverage in district
d, i.e. the percentage of district'sd area covered by mobile network operatori . The right panel presents
results for the probability that the operator i is active in district d. The year marking the introduction of
interoperability is year 0 on the x-axis and exhibits a vertical black line. The reference year is the year -1.
The bars around each observation represent the 95% con�dence interval. Standard errors are clustered
at the operator level, and the empirical speci�cation includes year and operator-district �xed e�ects.
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Figure 6: Event Study - District level

Notes: This �gure reports the coe�cients of the event study speci�cation described in Equation 6.
Both left, right and central panels display the value of the coe�cients, 
 k , which describe di�erential
evolution of the outcome variables for district where interoperability is active relative to districts with
no interoperability. In the left panel we present results for district's mobile network coverage, i.e. the
percentage of district's area covered by mobile network operators. The right panel presents results for
the number of mobile network operators active in the district. The central panel presents results for the
probability of mobile network signal in the district. The year marking the introduction of interoperability
is year 0 on the x-axis and exhibits a vertical black line. The reference year is the year -1. The bars
around each observation represent the 95% con�dence interval. Standard errors are clustered at the
country level, and the empirical speci�cation includes year and district �xed e�ects.
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Figure 7: Fees dispersion by transaction bracket

Notes: This �gure plot the yearly fees for sending a mobile money transfer between two agents belonging
to the same operator, i.e. on-network transaction. Fees are expressed as percentage of transaction values.
In the top panel on the left each dot within a bracket corresponds to an operator-year observation, for
only those operators which are not interoperable yet. The top right panel, instead, shows interoperable
operators. Brackets represent cross-country harmonized transaction value ranges as explained in Section
2.2. The left and right panels on the bottom display the average fees across all operators and all years,
for each bracket, for non interoperable and interoperable operators respectively. These �gures show that
the dispersion of fees across brackets diminishes after the introduction of interoperability.
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Financial Inclusion



A Appendix A - Additional Tables

A.1 Balance Tables

Table A.1: Balance Table - Selection into interoperability

Non Interoperable Interoperable Di�erence

Mean St. Dev. N Mean St. Dev. N

Real GDP (Log Mn) 8.07 4.53 565 9.49 2.10 219 1.364

GDP growth (%) 1.62 18.06 532 -1.03 21.40 201 -3.133

Export of Goods and Services (Log Mn) 6.77 5.07 431 8.95 1.30 105 2.222*

Import of Goods and Services (Log Mn) 7.23 5.04 413 9.19 1.30 105 2.027

Government Consumption Exp (Log Mn) 6.25 5.03 412 8.38 1.44 101 2.209

Gross Fixed Capital Formation (Log Mn) 6.76 4.93 407 8.55 1.02 89 1.778

Households Expenditure (Log Mn) 8.66 2.35 353 9.82 1.60 105 1.165

Unemployment rate (%) 11.12 8.52 192 8.20 5.21 97 -3.772

Domestic Claims (Log Mn) 7.42 2.23 600 8.14 1.88 240 0.929

Net Foreign Assets (Log Mn) 7.19 2.07 631 7.40 1.76 255 0.309

Broad Money Liabilities (Log Mn) 2.49 0.22 632 2.54 0.19 258 0.073

Notes: This table is the balance table for interoperability. We compare African countries that never

introduced interoperability (Non Interoperable), with African countries that eventually introduced in-

teroperability (Interoperable). For Interoperable countries we use data only on the years before the

introduction of interoperability. Our data span from 2000 to 2021. The table shows averages for baseline

(Mean), their standard deviation (St. Dev.) and the number of observations (N). The Di�erence column

is the coe�cient of an OLS regression of a dummy taking value 1 for those countries that eventually intro-

duced mobile money interoperability (and 0 otherwise) on the reported variable, with clustered standard

errors at the country level. Regressions include year �xed e�ects. Country �xed e�ects are not included as

the interoperability dummy, as here de�ned, is constant at the country level. This table shows that there

is no selection into introducing interoperability at the country level, as country speci�c characteristics do

not di�er between countries in the two groups. The variables we take into consideration are, in order,

Real GDP, the GDP growth, the value of Exports of goods and Services, the value of Import of goods

and services, the value of Government Consumption Expenditure, the Gross �xed Capital Formation, the

Household Expenditures, the Unemployment rate, the Domestic claims, the Net Foreign Assets and the

Broad Money Liabilities. All variables are expressed as the logarithm of the US$ value in Millions. GDP

growth and Unemployment rate are expressed as percentage. The Di�erence column is the coe�cient

of an ordinary least squares (OLS) regression of the interoperability dummy as above de�ned on the

variable, with year �xed e�ects and standard errors clustered at the country level. ��� , �� and � indicate

signi�cance at the 1%, 5% and 10% level, respectively.
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Table A.2: Balance Table - Interoperability in time series

Non Interoperable Interoperable Di�erence

Mean St. Dev. N Mean St. Dev. N

Real GDP (Log Mn) 8.47 4.05 784 9.98 1.95 73 -0.186

GDP growth (%) 0.89 19.05 733 -2.68 17.46 73 1.114

Export of Goods and Services (Log Mn) 7.20 4.66 536 9.51 1.29 42 0.048

Import of Goods and Services (Log Mn) 7.62 4.61 518 9.52 1.04 42 -0.191

Government Consumption Exp (Log Mn) 6.67 4.63 513 8.72 1.26 42 -0.243

Gross Fixed Capital Formation (Log Mn) 7.08 4.54 496 9.44 1.20 38 0.120

Households Expenditure (Log Mn) 8.93 2.26 458 10.56 1.44 42 -0.119

Unemployment rate (%) 10.14 7.69 289 7.18 5.21 28 1.516

Domestic Claims (Log Mn) 7.63 2.16 840 9.53 1.86 66 0.027

Net Foreign Assets (Log Mn) 7.25 1.99 886 8.05 1.77 70 -0.120

Broad Money Liabilities (Log Mn) 2.50 0.21 890 2.68 0.15 67 0.024

Notes: This table shows the di�erence in country speci�c characteristics between interoperable and non-

interoperable countries. We compare African countries that never introduced interoperability or that

have not introduced interoperability yet (Non Interoperable), with African countries that have introduced

interoperability (Interoperable). Our data span from 2000 to 2021. The table shows averages for baseline

(Mean), their standard deviation (St. Dev.) and the number of observations (N). The Di�erence column

is the coe�cient of an OLS regression of a dummy taking value 1 when interoperability is enacted at the

country level (and 0 otherwise) on the reported variable, with clustered standard errors at the country

level. Regressions include year and country �xed e�ects. The interoperability dummy varies across time,

as it takes value 1 only when the country introduces interoperability. This table shows that country-

speci�c characteristics do not di�er between countries in the two groups. The variables we take into

consideration are, in order, Real GDP, the GDP growth, the value of Exports of goods and Services, the

value of Import of goods and services, the value of Government Consumption Expenditure, the Gross

�xed Capital Formation, the Household Expenditures, the Unemployment rate, the Domestic claims, the

Net Foreign Assets and the Broad Money Liabilities. All variables are expressed as the logarithm of the

US $ value in Millions. GDP growth and Unemployment rate are expressed as percentage. The Di�erence

column is the coe�cient of an ordinary least squares (OLS) regression of the interoperability dummy as

above de�ned on the variable, with country and year �xed e�ects and standard errors clustered at the

country level. ��� , �� and � indicate signi�cance at the 1%, 5% and 10% level, respectively.
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A.2 Fees by bracket

Table A.3: Fees by bracket and Interoperability

On net Cross net

(1) (2)

Bracket 1-2 -0.197�� -0.475��

(0.085) (0.215)

Bracket 3-4 -0.004 -0.071�

(0.008) (0.042)

Bracket 5-6 -0.002 -0.031

(0.008) (0.029)

Bracket 7-8 0.007 -0.011

(0.009) (0.030)

Bracket 9-10 0.017�� 0.014

(0.009) (0.032)

Bracket 11-12 0.024�� 0.030

(0.010) (0.036)

Bracket 13+ 0.018�� 0.039

(0.008) (0.038)

Operator FE Yes Yes

Year FE Yes Yes

Bracket FE Yes Yes

Obs. 11442 7546

Adj. R sq. 0.085 0.265

MDV Bracket 1-2 0.310 0.827

MDV Bracket 3-4 0.049 0.211

MDV Bracket 5-6 0.027 0.091

MDV Bracket 7-8 0.019 0.052

MDV Bracket 9-10 0.012 0.040

MDV Bracket 11-12 0.009 0.033

MDV Bracket 13+ 0.006 0.022

Notes: This table presents ordinary least squares (OLS) estimates, where the unit of observation is fee

bracket b of operator i in country c in year t. We report the � j coe�cients of Equation 3. Bracket, oper-

ator and year �xed e�ects are included in all columns and standard errors are clustered at the operator

level. The dependent variables are the operator's fees for mobile money transactions to subscribers of the

same operator, in Column (1); the operator's fees for mobile money transactions to subscriber of di�erent

operators, in Column (2). Both dependent variables are expressed as share of transaction value. We pair

brackets in seven groups, and show the di�erential e�ect that the introduction of interoperability at the

operator level has on di�erent transaction brackets, where brackets represent cross-country harmonized

transaction value ranges as explained in Section 2.2. Dependent variables are regressed over the interac-

tion between Interoperability ict , a dummy variable taking value 1 if the operator i is subject to mobile

money interoperability, and an indicator variable 1j , indicating to which pair bracket b belongs. The

table hence reports the estimates of coe�cients� j of Equation 3. The dependent variable's mean in the

pre-policy period is reported in the last row of the table. ��� , �� and � indicate signi�cance at the 1%,

5% and 10% level, respectively.
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A.3 Dominant operators and competition

To further investigate our mechanism, we provide a heterogenous e�ect analysis and study

whether the e�ects of interoperability di�ers depending on the dominance of the operator

in the local market. We exploit the following:

Yidct = � id + � t+ 
 Interoperability ict +

� Interoperability ict � 1 [> Dominant]idct 0
+ " idct

(13)

where1 [> Dominant]idct 0
indicates whether the operator covered more than 30% of the

district's area in which it was operating the year before the introduction of interoperability.

Table A.4 shows that results on total coverage, column (1), are driven by dominant

operators. Those are the ones that drive the drop in total coverage. Indeed, dominant

operators reduce their coverage by 10% more than non dominant operators, after the

introduction of interoperability.

Table A.4: Network Coverage, Dominant Operators and Interoperability - Operator-
District Level

Total
coverage

Probability of
signal in district

(1) (2)

Interoperability ict 0 4.021 -0.049��

(4.525) (0.023)

Interoperability ict 0 � Dominantjdct 0 -10.206�� 0.015

(4.851) (0.013)

Operator-District FE Yes Yes

Year FE Yes Yes

Obs. 1113012 1113012

Adj. R sq. 0.809 0.276

Mean Dep. Var. 75.153 0.957

Notes: This table presents ordinary least squares (OLS) estimates, where the unit of observation is the

pair operator i district d, in year t. Operator-district and year �xed e�ects are present in all columns

and standard errors are clustered at the operator level. The dependent variables are the individual

mobile network operator i coverage in district d, expressed as percentage of the districtd area (1); the

probability that the mobile network operator is active in the district, i.e. a dummy taking value 1 whether

the operator i has signal in the district d (2). Dependent variables are regressed over two variables. The

�rst is Interoperability ict , a dummy variable taking value 1 if the pair operator-district id is subject to

mobile money interoperability, i.e. if operator i is interoperable. The second is the interaction between

Interoperability ict and Dominantidt 0 , a dummy taking value 1 if the operator i was covering more than

30% of the district d's area before the arrival of interoperability at t0. The dependent variable's mean in

the pre-policy period is reported in the last row of the table. ��� , �� and � indicate signi�cance at the

1%, 5% and 10% level, respectively.
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A.4 Evidence of Mobile Network tari�s and M&A operations

Table A.5: Mobile Network Fees and Interoperability

Voice
Price per minute

Data
Price per GB

Messages
Price per SMS

(1) (2) (3)

Interoperability ict -0.002 0.003 0.001

(0.007) (0.002) (0.003)

Operator FE Yes Yes Yes

Year FE Yes Yes Yes

Obs. 392 52 121

Adj. R sq. 0.681 0.767 0.736

Mean Dep. Var. 0.055 0.003 0.015

Notes: This table presents ordinary least squares (OLS) estimates, where the unit of observation is

operator i in year t. Operator and year �xed e�ects are present in all columns and standard errors are

clustered at the operator level. The dependent variables are the operator's price per minute of call (1); the

operator's price per megabyte of Internet usage (2); the operator's cost of text messages (3). Dependent

variables are expressed in dollars. These are regressed overInteroperability ct , a dummy variable taking

value 1 if the operator i is subject to mobile money interoperability. The dependent variable's mean in

the pre-policy period is reported in the last row of the table. ��� , �� and � indicate signi�cance at the

1%, 5% and 10% level, respectively.
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Table A.6: M&As in the mobile network market and Interoperability

Mergers and Acquisitions

(1) (2)

Interoperability ict -0.018

(0.017)

Interoperability ct -0.010

(0.007)

Unit FE Operator Operator

Year FE Yes Yes

Obs. 3408 3408

Adj. R sq. 0.023 0.022

Mean Dep. Var. 0.008 0.009

Notes: This table presents ordinary least squares (OLS) estimates, where the unit of observation is the

mobile network operator i in year y. In all columns we include operator and year �xed e�ects and

standard errors are clustered at the operator level. The dependent variable is a dummy taking value 1

when a mobile network operator is involved in an M&A operation. The dependent variable is regressed

over two di�erent measures of interoperability. Column (1) uses as independent variable an operator-

speci�c dummy, that takes value 1 when the operator provides an interoperable mobile money service.

Column (2), that presents the estimates forInteroperability ct , uses a country-speci�c dummy that takes

value 1 when interoperability is enacted by the national regulatory framework. The table suggests no

relation between interoperability and the probability of mobile network operators to take part in a M&A

operation. ��� , �� and � indicate signi�cance at the 1%, 5% and 10% level, respectively.
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A.5 Robustness check: Instrumental Variable approach

Table A.7: First stage - IV

First stage

(1)

Interoperability ct 0.330���

(0.102)

Operator FE Yes

Year FE Yes

Obs. 2340

Adj. R sq. 0.435

F-stat 10.405

Mean Dep. Var. 0.034

Notes: This table presents ordinary least squares (OLS) estimates, where the unit of observation is the

operator i in year t. Operator and year �xed e�ects are included and standard errors are clustered at the

country level. The dependent variable is a dummy variable taking value 1 if the mobile network operator

i is interoperable. The dependent variables is regressed overInteroperability ct , a dummy variable taking

value 1 if the country c where operator i is present is subject to mobile money interoperability, i.e.

if interoperability is active in country c. The dependent variable's mean and standard deviation are

reported as the last two rows of the table. ��� , �� and � indicate signi�cance at the 1%, 5% and 10%

level, respectively.
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Table A.8: Fees and interoperability - IV

IV Reduced form

On Net
(1)

Cross Net
(2)

On Net
(3)

Cross Net
(4)

Interoperability ict -0.002 -0.018�

(0.002) (0.010)

Interoperability ct -0.001 -0.010�

(0.001) (0.005)

Operator FE Yes Yes Yes Yes

Yeas FE Yes Yes Yes Yes

Obs. 589 395 589 395

F-stat 31.837 22.324

Mean Dep. Var. 0.008 0.035 0.008 0.035

Notes: This table presents ordinary least squares (OLS) estimates, where the unit of observation is

operator i in year t. Operator and year �xed e�ects are present in all columns and standard errors

are clustered at the country level. The dependent variables are On Net, which is the operator's fees

for mobile money transactions to subscribers of the same operator (1, 3); and Cross Net, which is the

operator's fees for mobile money transactions to subscriber of di�erent operators (2, 4). Both dependent

variables are expressed as percentage of transaction value. In Column (1) ans (2) we present the results

of the Instrumental Variable approach, where the independent variableInteroperability ict , a dummy

taking value 1 if operator i is interoperable, is instrumented by Interoperability ct , a dummy variable

taking value 1 if interoperability is active in country c. In Column (3) and (4) we present the results of

the reduced form, where the dependent variables are regressed overInteroperability ct . The dependent

variable's mean in the pre-policy period is reported in the last row of the table. Column (1) and (2)

report the F statistic of the First Stage. ��� , �� and � indicate signi�cance at the 1%, 5% and 10% level,

respectively.
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Table A.9: Network Coverage and Interoperability - Operator-District Level - IV

IV Reduced form

Total
coverage

(1)

Probability of
signal in district

(2)

Total
coverage

(3)

Probability of
signal in district

(4)

Interoperability ict -10.046�� -0.108�

(4.552) (0.063)

Interoperability ct -5.353�� -0.058�

(2.311) (0.032)

Operator-District FE Yes Yes Yes Yes

Year FE Yes Yes Yes Yes

Obs. 1113012 1113012 1113012 1113012

F-stat 206.803 206.803

Mean Dep. Var. 74.937 0.953 74.937 0.953

Notes: This table presents ordinary least squares (OLS) estimates, where the unit of observation is the

pair operator i district d, in year t. Operator-district and year �xed e�ects are present in all columns

and standard errors are clustered at the country level. The dependent variables are the individual mobile

network operator i coverage in district d, expressed as percentage of the districtd area (1); the probability

that the mobile network operator is active in the district, i.e. a dummy taking value 1 whether the operator

i has signal in the district d (2). In Column (1) ans (2) we present the results of the Instrumental Variable

approach, where the independent variableInteroperability ict , a dummy taking value 1 if operator i is

interoperable, is instrumented by Interoperability ct , a dummy variable taking value 1 if interoperability

is active in country c. In Column (3) and (4) we present the results of the reduced form, where the

dependent variables are regressed overInteroperability ct . The dependent variable's mean in the pre-

policy period is reported in the last row of the table. Column (1) and (2) report the F statistic of the

First Stage. ��� , �� and � indicate signi�cance at the 1%, 5% and 10% level, respectively.
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Table A.10: Mobile Operators and Interoperability - IV

Total network
coverage

Market penetration
mobile connections

Total
Revenue Towers EBIT EBITDA

(1) (2) (3) (4) (5) (6)

Interoperability ict -0.186��� -0.333� -0.168 -0.218� 0.466 0.143

(0.034) (0.178) (0.211) (0.127) (0.566) (0.396)

Operator FE Yes Yes Yes Yes Yes Yes

Year FE Yes Yes Yes Yes Yes Yes

Obs. 125 1842 1684 280 366 565

Adj. R sq. -0.118 -0.007 -0.006 -0.064 -0.094 -0.048

F-stat 52.193 36.097 38.512 49.851 53.312

Mean Dep. Var. 4.296 1.523 17.451 6.819 15.992 16.019

Notes: This table presents ordinary least squares (OLS) estimates, where the unit of observation is opera-

tor i in year t. Operator and year �xed e�ects are present in all columns and standard errors are clustered

at the country level. The dependent variables are the operator's share of population covered in countryc

(1); the operator's market penetration of mobile connection in country c (2); the operator's total revenue

(3); the number of towers used by the operator for its coverage (4); the operator's earnings before inter-

est and taxes (EBIT) and the operator's earnings before interest, taxes, depreciation and amortization

(EBITDA) in column (5) and (6), respectively. Dependent variables are expressed in log. We present

the results of the Instrumental Variable approach, where the independent variableInteroperability ict ,

a dummy taking value 1 if operator i is interoperable, is instrumented by Interoperability ct , a dummy

variable taking value 1 if interoperability is active in country c. The dependent variable's mean in the

pre-policy period is reported in the last row of the table. All columns report the F statistic of the First

Stage. ��� , �� and � indicate signi�cance at the 1%, 5% and 10% level, respectively.
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Table A.11: Number of MM agents

MM Agents
Total

MM Agents
over 1k sq. km

MM Agents
over 100k adults

(1) (2) (3) (4) (5) (6)

Interoperability ct -1.025 -0.845 -0.705 -0.550 -0.830 -0.662

(0.681) (0.646) (0.436) (0.418) (0.494) (0.475)

Interoperability ct � Std Num of MM accountsc -0.447�� -0.401��� -0.429���

(0.198) (0.128) (0.147)

Country FE Yes Yes Yes Yes Yes Yes

Year FE Yes Yes Yes Yes Yes Yes

Obs. 270 261 270 261 270 261

Adj. R sq. 0.793 0.800 0.869 0.879 0.752 0.765

Mean Dep. Var. 3.1e+04 3.1e+04 228.662 228.662 308.201 308.201

Notes: This table presents ordinary least squares (OLS) estimates, where the unit of observation is

country c in year t. Country and year �xed e�ects are present in all columns and standard errors are

clustered at the country level. The dependent variables are the number of registered Mobile Money agents,

in columns (1) and (2); the number of registered Mobile Money agents per 1'000 squared kilometers, in

columns (3) and (4); the number of registered Mobile Money agents per 100k adults, in columns (5) and

(6). Dependent variables are expressed in log. Dependent variables are regressed over two variables. The

�rst is Interoperability ct , a dummy variable taking value 1 if the district d is subject to mobile money

interoperability, i.e. if interoperability is active in country c. The second is the interaction between

Interoperability ct and Mobile Money Networkct 0 , a measure of the size of the mobile money network

in country c before the introduction of interoperability: We construct the measure by standardizing the

average number of mobile money accounts in countryc before the introduction of interoperability. The

dependent variable's mean in the pre-policy period is reported, in absolute value, in the last row of the

table. ��� , �� and � indicate signi�cance at the 1%, 5% and 10% level, respectively.
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Table A.12: Network Coverage, Interoperability and MM Agents Network

Total
coverage

Probability of
signal in district

Number of
MNOs

(1) (2) (3)

Interoperability ct -16.021�� -0.020� -0.214�

(6.364) (0.011) (0.108)

Interoperability ct � N. Agents above medianct0 13.628�� 0.011 0.125

(6.445) (0.009) (0.091)

District FE Yes Yes Yes

Year FE Yes Yes Yes

Obs. 395400 395400 395400

Adj. R sq. 0.897 0.897 0.931

Mean Dep. Var. 76.095 0.922 2.114

Notes: This table presents ordinary least squares (OLS) estimates, where the unit of observation is district

d in year t. In all columns we include district and year �xed e�ects and standard errors are clustered at

the country level. The dependent variable is the mobile network coverage as percentage of the district's

area, the probability of signal in the district and the number of mobile network operators active in the

districts. The dependent variable is regressed over two variables. The �rst isInteroperability ct , a dummy

variable taking value 1 if the district d is subject to mobile money interoperability, i.e. if interoperability

is active in country c. The second is the interaction betweenInteroperability ct and N. Agents above

medianct0, a dummy taking value 1 if the log of the mean number of Mobile Money agents in country

c before the introduction of interoperability is above the median value. N. Agents above medianct0 is a

country-speci�c constant. The dependent variable's mean in the pre-policy period is reported in the last

row of the table. In column (3) we report the mean of the number of Mobile Network Operators active

in the district, not expressed in log. ��� , �� and � indicate signi�cance at the 1%, 5% and 10% level,

respectively.
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A.6 Robustness check: Sun & Abraham

Table A.13: Fees and Interoperability

Fees

On Net
(1)

Cross Net
(2)

ATE -0.002�� -0.007��

(0.001) (0.003)

Operator FE Yes Yes

Year FE Yes Yes

Obs. 613 411

Mean Dep. Var. .009 .035

Notes: This table presents estimates obtained from the method proposed by Sun and Abraham (2021).

The coe�cient of interest is the average treatment e�ect, which is obtained by averaging the estimation

weighted estimators for the �rst four years after the introduction of interoperability. The unit of observa-

tion is operator i in year t. Operator and year �xed e�ects are present in all columns and standard errors

are clustered at the operator level. The dependent variables are the operator's fees for mobile money

transactions to subscribers of the same operator (1); the operator's fees for mobile money transactions

to subscriber of di�erent operators (2). Both dependent variables are expressed as share of transaction

value. These are regressed overInteroperability ict , a dummy variable taking value 1 if the operator i

is subject to mobile money interoperability. The dependent variable's mean in the pre-policy period is

reported in the last row of the table. ��� , �� and � indicate signi�cance at the 1%, 5% and 10% level,

respectively.
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Table A.14: Operator-district level geographical analysis

Total
coverage

Probability of
signal in district

(1) (2)

ATE -11.893��� -0.105��

(4.177) (0.053)

Operator-District FE Yes Yes

Year FE Yes Yes

Obs. 1113012 1113012

Mean Dep. Var. 75.10 .96

Notes: This table presents estimates obtained from the method proposed by Sun and Abraham (2021).

The coe�cient of interest is the average treatment e�ect, which is obtained by averaging the estimation

weighted estimators for the �rst four years after the introduction of interoperability. The unit of ob-

servation is the pair operator i district d, in year t. Operator-district and year �xed e�ects are present

in all columns and standard errors are clustered at the operator level. The dependent variables are the

individual mobile network operator i coverage in district d, expressed as percentage of the districtd

area (1); the probability that the mobile network operator is active in the district, i.e. a dummy taking

value 1 whether the operator i has signal in the district d (2). Dependent variables are regressed over

Interoperability ict , a dummy variable taking value 1 if the pair operator-district id is subject to mobile

money interoperability. The dependent variable's mean in the pre-policy period is reported in the last

row of the table. ��� , �� and � indicate signi�cance at the 1%, 5% and 10% level, respectively.
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Table A.15: GSMA Intelligence yearly outcomes

Total network
coverage

Market penetration
mobile connections

Total
Revenue Towers EBIT EBITDA

(1) (2) (3) (4) (5) (6)

ATE -0.230��� -0.251� -0.316� -0.115�� -0.020 -0.060

(0.087) (0.148) (0.171) (0.058) (0.425) (0.275)

Operator FE Yes Yes Yes Yes Yes Yes

Year FE Yes Yes Yes Yes Yes Yes

Obs. 125 1842 1684 280 366 565

Mean Dep. Var. 4.354 2.213 17.909 7.061 16.164 16.279

Notes: This table presents estimates obtained from the method proposed by Sun and Abraham (2021).

The coe�cient of interest is the average treatment e�ect, which is obtained by averaging the estimation

weighted estimators for the �rst four years after the introduction of interoperability. The unit of obser-

vation is operator i in year t. Operator and year �xed e�ects are present in all columns and standard

errors are clustered at the operator level. The dependent variables are the operator's share of population

covered in country c (1); the operator's market penetration of mobile connection in country c (2); the

operator's total revenue (3); the number of towers used by the operator for its coverage (4); the operator's

earnings before interest and taxes (EBIT) and the operator's earnings before interest, taxes, depreciation

and amortization (EBITDA) in column (5) and (6), respectively. Dependent variables are expressed in

log. These are regressed overInteroperability ict , a dummy variable taking value 1 if the operator i is

subject to mobile money interoperability. The dependent variable's mean in the pre-policy period is

reported in the last row of the table. ��� , �� and � indicate signi�cance at the 1%, 5% and 10% level,

respectively.

119



Table A.16: Sub-national unit geographical analysis

Total
coverage

Probability of
signal in district

Number of
MNOs

(1) (2) (3)

ATE -9.211��� -0.074� -0.418��

(2.645) (0.041) (0.174)

District FE Yes Yes Yes

Year FE Yes Yes Yes

Obs. 569760 569760 569760

Mean Dep. Var. 69.606 .86 1.762

Notes: This table presents estimates obtained from the method proposed by Sun and Abraham (2021).

The coe�cient of interest is the average treatment e�ect, which is obtained by averaging the estimation

weighted estimators for the �rst four years after the introduction of interoperability. The unit of ob-

servation is district d in year t. District and year �xed e�ects are present in all columns and standard

errors are clustered at the country level. The dependent variables are the total mobile network coverage,

expressed as percentage of the districtd area (1); the probability of mobile network signal in the district,

i.e. a dummy taking value 1 whether at least one Mobile Network Operator (MNO) is active in the

district (2); the number of Mobile Network Operators active in the district (3). Dependent variables are

regressed overInteroperability ct , a dummy variable taking value 1 if the district d is subject to mobile

money interoperability, i.e. if interoperability is active in country c. The dependent variable's mean in

the pre-policy period is reported in the last row of the table. ��� , �� and � indicate signi�cance at the

1%, 5% and 10% level, respectively.
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A.7 Robustness check: Borusyak, Jaravel & Spiess

Table A.17: Fees and interoperability

Fees

On Net
(1)

Cross Net
(2)

ATE -0.002�� -0.014���

(0.001) (0.004)

Operator FE Yes Yes

Year FE Yes Yes

Obs. 599 382

Mean Dep. Var. 0.010 0.037

Notes: This table presents the treatment e�ect estimation obtained from the di�erence-in-di�erences

designs with staggered adoption of treatment, using the imputation approach of Borusyak et al. (2021).

The unit of observation is operator i in year t. Operator and year �xed e�ects are present in all columns

and standard errors are clustered at the operator level. The dependent variables are the operator's fees

for mobile money transactions to subscribers of the same operator (1); the operator's fees for mobile

money transactions to subscriber of di�erent operators (2). Both dependent variables are expressed as

share of transaction value. These are regressed overInteroperability ict , a dummy variable taking value

1 if the operator i is subject to mobile money interoperability. The dependent variable's mean in the

pre-policy period is reported in the last row of the table. ��� , �� and � indicate signi�cance at the 1%,

5% and 10% level, respectively.
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Table A.18: Operator-district level geographical analysis

Total
coverage

Probability of
signal in district

(1) (2)

ATE -5.688�� -0.042

(2.602) (0.031)

Operator-District FE Yes Yes

Year FE Yes Yes

Obs. 1113012 1113012

Mean Dep. Var. 67.439 0.856

Notes: This table presents the treatment e�ect estimation obtained from the di�erence-in-di�erences

designs with staggered adoption of treatment, using the imputation approach of Borusyak et al. (2021).

The unit of observation is the pair operator i district d, in year t. Operator-district and year �xed e�ects

are present in all columns and standard errors are clustered at the operator level. The dependent variables

are the individual mobile network operator i coverage in district d, expressed as percentage of the district

d area (1); the probability that the mobile network operator is active in the district, i.e. a dummy taking

value 1 whether the operator i has signal in the district d (2). Dependent variables are regressed over

Interoperability ct , a dummy variable taking value 1 if the pair operator-district id is subject to mobile

money interoperability, i.e. if interoperability is active in country c. The dependent variable's mean and

standard deviation are reported as the last two rows of the table. ��� , �� and � indicate signi�cance at

the 1%, 5% and 10% level, respectively.
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Table A.19: GSMA Intelligence yearly outcomes

Total network
coverage

Market penetration
mobile connections

Total
Revenue Towers EBIT EBITDA

(1) (2) (3) (4) (5) (6)

ATE -0.196��� -0.227�� -0.307�� -0.128�� -0.060 -0.057

(0.021) (0.111) (0.128) (0.064) (0.374) (0.220)

Operator FE Yes Yes Yes Yes Yes Yes

Year FE Yes Yes Yes Yes Yes Yes

Obs. 137 1842 1684 282 369 570

Mean Dep. Var. 4.307 1.523 17.451 6.776 15.964 16.010

Notes: This table presents the treatment e�ect estimation obtained from the di�erence-in-di�erences

designs with staggered adoption of treatment, using the imputation approach of Borusyak et al. (2021).

The unit of observation is operator i in year t. Operator and year �xed e�ects are present in all columns

and standard errors are clustered at the operator level. The dependent variables are the operator's share

of population covered in country c (1); the operator's market penetration of mobile connection in country

c (2); the operator's total revenue (3); the number of towers used by the operator for its coverage (4); the

operator's earnings before interest and taxes (EBIT) and the operator's earnings before interest, taxes,

depreciation and amortization (EBITDA) in column (5) and (6), respectively. Dependent variables are

expressed in log. These are regressed overInteroperability ict , a dummy variable taking value 1 if the

operator i is subject to mobile money interoperability. The dependent variable's mean and standard

deviation are reported as the last two rows of the table. ��� , �� and � indicate signi�cance at the 1%, 5%

and 10% level, respectively.
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Table A.20: Sub-national unit geographical analysis

Total
coverage

Probability of
signal in district

Number of
MNOs

(1) (2) (3)

ATE -5.755��� -0.041� -0.230��

(1.530) (0.022) (0.095)

District FE Yes Yes Yes

Year FE Yes Yes Yes

Obs. 569760 569760 569760

Mean Dep. Var. 69.606 0.860 1.762

Notes: This table presents the treatment e�ect estimation obtained from the di�erence-in-di�erences

designs with staggered adoption of treatment, using the imputation approach of Borusyak et al. (2021).

The unit of observation is district d in year t. District and year �xed e�ects are present in all columns

and standard errors are clustered at the country level. The dependent variables are the total mobile

network coverage, expressed as percentage of the districtd area (1); the probability of mobile network

signal in the district, i.e. a dummy taking value 1 whether at least one Mobile Network Operator (MNO)

is active in the district (2); the number of Mobile Network Operators active in the district (3). Dependent

variables are regressed overInteroperability ct , a dummy variable taking value 1 if the district d is subject

to mobile money interoperability, i.e. if interoperability is active in country c. The dependent variable's

mean in the pre-policy period is reported in the last row of the table. ��� , �� and � indicate signi�cance

at the 1%, 5% and 10% level, respectively.
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A.8 Additional robustness: Country Clustering

Table A.21: Fees and Interoperability

Fees

On Net
(1)

Cross Net
(2)

Interoperability ict -0.002�� -0.013���

(0.001) (0.004)

Operator FE Yes Yes

Year FE Yes Yes

Obs. 613 411

Ad. R sq. 0.783 0.701

Mean Dep. Var. 0.010 0.037

Notes: This table presents ordinary least squares (OLS) estimates, where the unit of observation is

operator i in year t. Operator and year �xed e�ects are present in all columns and standard errors are

clustered at the country level. The dependent variables are On Net, which is the operator's fees for mobile

money transactions to subscribers of the same operator (1); and Cross Net, which is the operator's fees

for mobile money transactions to subscriber of di�erent operators (2). Both dependent variables are

expressed as percentage of transaction value. These are regressed overInteroperability ict , a dummy

variable taking value 1 if the operator i is subject to mobile money interoperability. The dependent

variable's mean and standard deviation are reported as the last two rows of the table.��� , �� and �

indicate signi�cance at the 1%, 5% and 10% level, respectively.
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Table A.22: Operator-district level geographical analysis

Total
coverage

Probability of
signal in district

(1) (2)

Interoperability ict 0 -4.811�� -0.036

(2.215) (0.022)

Operatora-District FE Yes Yes

Year FE Yes Yes

Obs. 1113012 1113012

Adj. R sq. 0.808 0.276

Mean Dep. Var. 67.439 0.856

Notes: This table presents ordinary least squares (OLS) estimates, where the unit of observation is the

pair operator i district d, in year t. Operator-district and year �xed e�ects are present in all columns

and standard errors are clustered at the country level. The dependent variables are the individual mobile

network operator i coverage in district d, expressed as percentage of the districtd area (1); the probability

that the mobile network operator is active in the district, i.e. a dummy taking value 1 whether the operator

i has signal in the district d (2). Dependent variables are regressed overInteroperability ct , a dummy

variable taking value 1 if the pair operator-district id is subject to mobile money interoperability. The

dependent variable's mean and standard deviation are reported as the last two rows of the table.��� , ��

and � indicate signi�cance at the 1%, 5% and 10% level, respectively.

Table A.23: GSMA Intelligence yearly outcomes

Total network
coverage

Market penetration
mobile connections

Total
Revenue Towers EBIT EBITDA

(1) (2) (3) (4) (5) (6)

Interoperability ict -0.186��� -0.224� -0.293�� -0.123�� -0.097 -0.062

(0.034) (0.119) (0.136) (0.060) (0.333) (0.221)

Operator FE Yes Yes Yes Yes Yes Yes

Year FE Yes Yes Yes Yes Yes Yes

Obs. 125 1842 1684 280 366 565

Adj. R sq. 0.789 0.884 0.866 0.974 0.811 0.861

Mean Dep. Var. 4.296 1.523 17.451 6.819 15.992 16.019

Notes: This table presents ordinary least squares (OLS) estimates, where the unit of observation is

operator i in year t. Operator and year �xed e�ects are present in all columns and standard errors are

clustered at the country level. The dependent variables are the operator's share of population covered

in country c (1); the operator's market penetration of mobile connection in country c (2); the operator's

total revenue (3); the number of towers used by the operator for its coverage (4); the operator's earnings

before interest and taxes (EBIT) and the operator's earnings before interest, taxes, depreciation and

amortization (EBITDA) in column (5) and (6), respectively. Dependent variables are expressed in log.

These are regressed overInteroperability ict , a dummy variable taking value 1 if the operator i is subject

to mobile money interoperability. Dependent variables are regressed overInteroperability ct , a dummy

variable taking value 1 if the pair operator-district id is subject to mobile money interoperability. The

dependent variable's mean and standard deviation are reported as the last two rows of the table.��� , ��

and � indicate signi�cance at the 1%, 5% and 10% level, respectively.
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A.9 Additional robustness: Wild Cluster Bootstrap

Table A.24: Fees and interoperability

Fees

On Net
(1)

Cross Net
(2)

Interoperability ict -0.002��� -0.013���

(0.001) (0.004)

Operator FE Yes Yes

Year FE Yes Yes

Obs. 613 411

Adj. R sq. 0.783 0.701

Mean Dep. Var. 0.010 0.037

Notes: This table presents ordinary least squares (OLS) estimates, where the unit of observation is

operator i in year t. Operator and year �xed e�ects are present in all columns. Standard errors are

computed through the wild cluster bootstrap method and clustered at the operator level. The dependent

variables are On Net, which is the operator's fees for mobile money transactions to subscribers of the same

operator (1); and Cross Net, which is the operator's fees for mobile money transactions to subscriber of

di�erent operators (2). Both dependent variables are expressed as percentage of transaction value. These

are regressed overInteroperability ict , a dummy variable taking value 1 if the operator i is subject to

mobile money interoperability. The dependent variable's mean in the pre-policy period is reported in the

last row of the table. ��� , �� and � indicate signi�cance at the 1%, 5% and 10% level, respectively.
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Table A.25: Network Coverage and Interoperability - Operator-District Level

Total
coverage

Probability of
signal in district

(1) (2)

Interoperability ict 0 -4.811�� -0.036

(2.063) (0.026)

Operator-District FE Yes Yes

Year FE Yes Yes

Obs. 1113012 1113012

Adj. R sq. 0.808 0.276

Mean Dep. Var. 67.439 0.856

Notes: This table presents ordinary least squares (OLS) estimates, where the unit of observation is the

pair operator i district d, in year t. Operator-district and year �xed e�ects are present in all columns.

Standard errors are computed through the wild cluster bootstrap method and clustered at the operator

level. The dependent variables are the individual mobile network operatori coverage in district d,

expressed as percentage of the districtd area (1); the probability that the mobile network operator is

active in the district, i.e. a dummy taking value 1 whether the operator i has signal in the district d (2).

Dependent variables are regressed overInteroperability ict , a dummy variable taking value 1 if the pair

operator-district id is subject to mobile money interoperability, i.e. if operator i is interoperable. The

dependent variable's mean in the pre-policy period is reported in the last row of the table.��� , �� and �

indicate signi�cance at the 1%, 5% and 10% level, respectively.
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Table A.26: GSMA Intelligence yearly outcomes

Total network
coverage

Market penetration
mobile connections

Total
Revenue Towers EBIT EBITDA

(1) (2) (3) (4) (5) (6)

Interoperability ict -0.186�� -0.224� -0.293�� -0.123�� -0.097 -0.062

(0.082) (0.119) (0.127) (0.057) (0.312) (0.242)

Operator FE Yes Yes Yes Yes Yes Yes

Year FE Yes Yes Yes Yes Yes Yes

Obs. 125 1842 1684 280 366 565

Adj. R sq. 0.789 0.884 0.866 0.974 0.811 0.861

Mean Dep. Var. 4.296 1.523 17.451 6.819 15.992 16.019

Notes: This table presents ordinary least squares (OLS) estimates, where the unit of observation is

operator i in year t. Operator and year �xed e�ects are present in all columns. Standard errors are

computed through the wild cluster bootstrap method and clustered at the operator level. The dependent

variables are the operator's share of population covered in countryc (1); the operator's market penetration

of mobile connection in country c (2); the operator's total revenue (3); the number of towers used by

the operator for its coverage (4); the operator's earnings before interest and taxes (EBIT) and the

operator's earnings before interest, taxes, depreciation and amortization (EBITDA) in column (5) and

(6), respectively. Dependent variables are expressed in log. These are regressed overInteroperability ict ,

a dummy variable taking value 1 if the operator i is subject to mobile money interoperability. Dependent

variables are regressed overInteroperability ct , a dummy variable taking value 1 if the pair operator-

district id is subject to mobile money interoperability. The dependent variable's mean and standard

deviation are reported as the last two rows of the table. ��� , �� and � indicate signi�cance at the 1%, 5%

and 10% level, respectively.
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Table A.27: Network Coverage and Interoperability - District Level

Total
coverage

Probability of
signal in district

Number of
MNOs

(1) (2) (3)

Interoperability ct -5.024� -0.034 -0.186��

(2.765) (0.024) (0.084)

District FE Yes Yes Yes

Year FE Yes Yes Yes

Obs. 569760 569760 569760

Adj. R sq. 0.903 0.873 0.912

Mean Dep. Var. 69.606 0.860 1.762

Notes: This table presents ordinary least squares (OLS) estimates, where the unit of observation is

district d in year t. District and year �xed e�ects are present in all columns. Standard errors are

computed through the wild cluster bootstrap method and clustered at the country level. The dependent

variables are the total mobile network coverage, expressed as percentage of the districtd area (1); the

probability of mobile network signal in the district, i.e. a dummy taking value 1 whether at least one

Mobile Network Operator (MNO) is active in the district (2); the number of Mobile Network Operators

active in the district (3). Dependent variables are regressed overInteroperability ct , a dummy variable

taking value 1 if the district d is subject to mobile money interoperability, i.e. if interoperability is active

in country c. The dependent variable's mean in the pre-policy period is reported in the last row of the

table. In column (3) we report the mean of the number of Mobile Network Operators active in the district,

not expressed in log.��� , �� and � indicate signi�cance at the 1%, 5% and 10% level, respectively.
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A.10 Additional robustness: Weighting for district's population

Table A.28: Network Coverage and Interoperability - Operator-District Level

Total
coverage

Probability of
signal in district

(1) (2)

Interoperability ict 0 -4.882�� -0.035��

(2.022) (0.017)

Operator-District FE Yes Yes

Year FE Yes Yes

Obs. 1112880 1112880

Adj. R sq. 0.826 0.250

Mean Dep. Var. 67.441 0.856

Notes: This table presents weighted ordinary least squares (OLS) estimates, where the unit of observation

is the pair operator i district d, in year t. Operator-district and year �xed e�ects are present in all columns

and standard errors are clustered at the operator level. The dependent variables are the individual mobile

network operator i coverage in district d, expressed as percentage of the districtd area (1); the probability

that the mobile network operator is active in the district, i.e. a dummy taking value 1 whether the operator

i has signal in the district d (2). Dependent variables are regressed overInteroperability ict , a dummy

variable taking value 1 if the pair operator-district id is subject to mobile money interoperability, i.e. if

operator i is interoperable. The dependent variable's mean in the pre-policy period is reported in the

last row of the table. Estimations are weighted for the district's population. Data on population are

retrieved from Warszawski et al. (2017). ��� , �� and � indicate signi�cance at the 1%, 5% and 10% level,

respectively.
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Table A.29: Network Coverage and Interoperability - District Level

Total
coverage

Probability of
signal in district

Number of
MNOs

(1) (2) (3)

Interoperability ct -4.838�� -0.030 -0.165��

(2.220) (0.019) (0.077)

District FE Yes Yes Yes

Year FE Yes Yes Yes

Obs. 569664 569664 569664

Adj. R sq. 0.913 0.893 0.926

Mean Dep. Var. 69.613 0.860 1.762

Notes: This table presents weighted ordinary least squares (OLS) estimates, where the unit of observation

is district d in year t. District and year �xed e�ects are present in all columns and standard errors are

clustered at the country level. The dependent variables are the total mobile network coverage, expressed

as percentage of the districtd area (1); the probability of mobile network signal in the district, i.e. a

dummy taking value 1 whether at least one Mobile Network Operator (MNO) is active in the district (2);

the number of Mobile Network Operators active in the district (3). Dependent variables are regressed

over Interoperability ct , a dummy variable taking value 1 if the district d is subject to mobile money

interoperability, i.e. if interoperability is active in country c. The dependent variable's mean in the pre-

policy period is reported in the last row of the table. In column (3) we report the mean of the number

of Mobile Network Operators active in the district, not expressed in log. Estimations are weighted for

the district's population. Data on population are retrieved from Warszawski et al. (2017). ��� , �� and �

indicate signi�cance at the 1%, 5% and 10% level, respectively.
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A.11 Additional tests

Table A.30: Mobile subscriptions and Interoperability

Mobile
subscriptions (SIMs)

Fixed telephone
subscriptions

100 inhabitants
(1)

Total (Log)
(2)

100 inhabitants
(3)

Total (Log)
(4)

Interoperability ct -2.210 -0.043 -0.324 0.024

(3.746) (0.059) (0.309) (0.219)

Unit FE Yes Yes Yes Yes

Year FE Yes Yes Yes Yes

St. Err. Clustered Clustered Clustered Clustered

N. of operator-district 55 55 55 55

Observations 640 640 629 629

R2 0.894 0.983 0.968 0.867

F-stat 0.348 0.550 1.096 0.013

Mean Dep. Var. 79.617 15.600 3.754 10.750

Notes: This table shows ordinary least squares (OLS) estimates, where the unit of observation is countryc

in year t. We regress outcome variables over interoperability, a dummy taking value 1 after interoperability

is introduced in country c. Regressions include year and country �xed e�ects, and standard errors are

clustered at the country level. Outcome variables include: the number of registered mobile users (i.e. the

number of SIM cards) per 100 inhabitants (1); the log of the number of total mobile phone subscriptions

(2); the number of registered �xed phone users per 100 inhabitants (3); the log of the number of total

�xed phone subscriptions (4). Data on phone subscriptions are taken from the World Bank Data Portal.

This table shows that there is no relation between the number of mobile phone subscribers (i.e. number

of SIM cards) and interoperability at the country level. ��� , �� and � indicate signi�cance at the 1%, 5%

and 10% level, respectively.
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Table A.31: Network Coverage, Mobile Subscriptions and Interoperability - District Level

Total
coverage

Probability of
signal in district

Number of
MNOs

(1) (2) (3)

Interoperability ct -8.415 -0.030 -0.149

(6.248) (0.021) (0.102)

Interoperability ct � SIMs (100 inhab)c 0.057 -0.000 -0.001

(0.077) (0.000) (0.001)

District FE Yes Yes Yes

Year FE Yes Yes Yes

Obs. 569712 569712 569712

Adj. R sq. 0.903 0.872 0.912

Mean Dep. Var. 69.613 0.860 1.762

Notes: This table presents ordinary least squares (OLS) estimates, where the unit of observation is

district d in year t, as speci�ed in Eq. 10. In all columns we include district and year �xed e�ects and

standard errors are clustered at the district level. The dependent variable is the mobile network coverage

as percentage of the district's area, the probability of signal in the district and the number of mobile

network operators active in the districts. The dependent variable is regressed over two variables. The

�rst is Interoperability ct , a dummy variable taking value 1 if the district d is subject to mobile money

interoperability, i.e. if interoperability is active in country c. The second is the interaction between

Interoperability ct and SIMsc, a continuous variable for the number of mobile phone subscriptions over

100 inhabitants in country c prior to the introduction of interoperability. SIMs c is a country-speci�c

constant. Coe�cients are extremely small, suggesting almost no di�erential e�ects of interoperability on

countries, depending on their number of mobile phone subscriptions. The dependent variable's mean in

the pre-policy period is reported in the last row of the table. ��� , �� and � indicate signi�cance at the

1%, 5% and 10% level, respectively.
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Table A.32: DHS

Transactions with mobile phone

(1) (2)

Interoperability ct -0.203��� -0.200���

(0.021) (0.022)

Ruralict -0.242���

(0.029)

Interoperability ct � Ruralict 0.034

(0.029)

Country FE Yes Yes

Year FE Yes Yes

Obs. 105478 105478

Adj. R sq. 0.135 0.185

Mean Dep. Var. 0.480 0.480

Notes: This table presents ordinary least squares (OLS) estimates, where the unit of observation is

individual respondent's i in year t. Country and year �xed e�ects are present in all columns and standard

errors are clustered at the country level. Data are taken from the Demographic and Health Survey (DHS).

Observations span the years 2008-2021. The impossibility to trace respondents through years impedes

the usage of individual respondent's �xed e�ects. In order to partially overcome this issue we control for

individual respondent's speci�c characteristics, such as gender, education and income. The dependent

variable is a dummy variable taking value 1 if the last month the respondent has done any transaction

through mobile phone. In Column (1), this is regressed overInteroperability ct , a dummy variable taking

value 1 if the individual i is subject to mobile money interoperability, i.e. if interoperability is active

in country c. In Column (2), we include the interaction with the variable Rural ict , which is a dummy

indicating whether the respondent lives in a rural area. The dependent variable's mean and standard

deviation are reported as the last two rows of the table. ��� , �� and � indicate signi�cance at the 1%, 5%

and 10% level, respectively.
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A.12 Additional robustness: Controlling for time-varying country-

speci�c characteristics

Table A.33: Fees and interoperability

Fees

On Net
(1)

Cross Net
(2)

Interoperability ict -0.002� -0.012��

(0.001) (0.005)

Operator FE Yes Yes

Year FE Yes Yes

Obs. 491 330

Adj. R sq. 0.742 0.678

Mean Dep. Var. 0.010 0.038

Notes: This table presents ordinary least squares (OLS) estimates, where the unit of observation is

operator i in year t. Operator and year �xed e�ects are present in all columns. Standard errors are

clustered at the operator level. The dependent variables are On Net, which is the operator's fees for

mobile money transactions to subscribers of the same operator (1); and Cross Net, which is the operator's

fees for mobile money transactions to subscriber of di�erent operators (2). Both dependent variables are

expressed as percentage of transaction value. These are regressed overInteroperability ict , a dummy

variable taking value 1 if the operator i is subject to mobile money interoperability. In this regression we

add time-varying country-speci�c characteristic taken from the IMF. Namely we use real GDP and GDP

growth. The dependent variable's mean in the pre-policy period is reported in the last row of the table.
��� , �� and � indicate signi�cance at the 1%, 5% and 10% level, respectively.
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Table A.34: Network Coverage and Interoperability - Operator-District Level

Total
coverage

Probability of
signal in district

(1) (2)

Interoperability ict -5.833�� -0.051

(2.716) (0.032)

Operator-District FE Yes Yes

Year FE Yes Yes

Obs. 1057315 1057315

Adj. R sq. 0.808 0.305

Mean Dep. Var. 75.488 0.956

Notes: This table presents ordinary least squares (OLS) estimates, where the unit of observation is the

pair operator i district d, in year t. Operator-district and year �xed e�ects are present in all columns.

Standard errors are clustered at the operator level. The dependent variables are the individual mobile

network operator i coverage in district d, expressed as percentage of the districtd area (1); the probability

that the mobile network operator is active in the district, i.e. a dummy taking value 1 whether the

operator i has signal in the district d (2). Dependent variables are regressed overInteroperability ict , a

dummy variable taking value 1 if the pair operator-district id is subject to mobile money interoperability,

i.e. if operator i is interoperable. In this regression we add time-varying country-speci�c characteristic

taken from the IMF. Namely we use real GDP and GDP growth. The dependent variable's mean in the

pre-policy period is reported in the last row of the table. ��� , �� and � indicate signi�cance at the 1%,

5% and 10% level, respectively.
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Table A.35: Network Coverage and Interoperability - District Level

Total
coverage

Probability of
signal in district

Number of
MNOs

(1) (2) (3)

Interoperability ct -5.224�� -0.031�� -0.185���

(2.089) (0.014) (0.047)

District FE Yes Yes Yes

Year FE Yes Yes Yes

Obs. 531261 531261 531261

Adj. R sq. 0.899 0.857 0.903

Mean Dep. Var. 70.926 0.870 1.783

Notes: This table presents ordinary least squares (OLS) estimates, where the unit of observation is

district d in year t. District and year �xed e�ects are present in all columns. Standard errors are

clustered at the country level. The dependent variables are the total mobile network coverage, expressed

as percentage of the districtd area (1); the probability of mobile network signal in the district, i.e. a

dummy taking value 1 whether at least one Mobile Network Operator (MNO) is active in the district (2);

the number of Mobile Network Operators active in the district (3). Dependent variables are regressed

over Interoperability ct , a dummy variable taking value 1 if the district d is subject to mobile money

interoperability, i.e. if interoperability is active in country c. In this regression we add time-varying

country-speci�c characteristic taken from the IMF. Namely we use real GDP and GDP growth. The

dependent variable's mean in the pre-policy period is reported in the last row of the table. In column (3)

we report the mean of the number of Mobile Network Operators active in the district, not expressed in

log. ��� , �� and � indicate signi�cance at the 1%, 5% and 10% level, respectively.
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Table A.36: Network Coverage, Interoperability and Rural subsidies

Local development Night Light intensity

Rural
(1)

Urban
(2)

Below median
(3)

Above median
(4)

Interoperability ct -7.613��� -2.453��� -5.433��� -0.485���

(0.417) (0.193) (0.624) (0.145)

Subsidyct -1.079��� -4.088��� -1.684��� -0.930���

(0.324) (0.123) (0.201) (0.052)

Interoperability ct � Subsidyct 5.527��� -3.205��� 4.107��� -0.559���

(0.452) (0.201) (0.626) (0.152)

District FE Yes Yes Yes Yes

Year FE Yes Yes Yes Yes

Obs. 183660 386100 94608 94608

Adj. R sq. 0.927 0.888 0.949 0.917

Mean Dep. Var. 61.147 73.380 75.490 94.427

Notes: This table presents ordinary least squares (OLS) estimates, where the unit of observation is district

d in year t. District and year �xed e�ects are present in all columns. Standard errors are clustered at the

district level. The dependent variable is the total mobile network coverage, expressed as percentage of the

district d area. The dependent variable is regressed over three variables. The �rst isInteroperability ct ,

a dummy variable taking value 1 if the district d is subject to mobile money interoperability, i.e. if

interoperability is active in country c. The second isSubsidyct , which is a time varying dummy taking

value 1 from the year in which country c has received subsidies to promote telecommunications in rural

areas. The third variable is an interaction betweenInteroperability ct and Subsidyct . The dependent

variable's mean in the pre-policy period is reported in the last row of the table. We report four di�erent

regressions. In Column (1) we report the estimates on the subsample of districts that are classi�ed as

rural adopting the metholody of Cattaneo et al. (2021); similarly, Column (2) provides the analysis on the

subsampe of districts classi�ed as urban. Columns (3) and (4), instead, provide estimates of the subsample

of districts whose nighttime light activitiy is respectively below and above median. The coe�cient of

the interaction in Columns (1) and (3) shows how the negative e�ect of interoperability is attenuated in

more rural and developed districts in those countries who provided subsidies to telecommunications.��� ,
�� and � indicate signi�cance at the 1%, 5% and 10% level, respectively.
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Table A.37: Fee dispersion, Transaction brackets and Interoperability

(1) (2) (3)

Interoperability bt -0.057��� -0.215��� -0.203���

(0.011) (0.045) (0.036)

Bracketb -0.055���

(0.008)

Interoperability bt � Bracketb 0.034��� 0.032���

(0.009) (0.007)

Year FE Yes Yes Yes

Bracket FE Yes No Yes

Obs. 150 150 150

Adj. R sq. 0.723 0.520 0.772

Mean Dep. Var. 0.107 0.107 0.107

Notes: This table presents ordinary least squares (OLS) estimates, where the unit of observation is

the transaction bracket b in year t. The outcome variable is the standard deviation of fees for a given

transaction bracket bover a given yeart, across respectively interoperable and non interoperable countries.

Our �rst independent variable is Interoperability bt , which is a dummy taking value 1 if the outcome

variable is constructed over the sample of interoperable countries, 0 otherwise.Bracket b is the rank

of the transaction bracket. We include year and transaction bracket �xed e�ects. Standard errors are

robust. ��� , �� and � indicate signi�cance at the 1%, 5% and 10% level, respectively.
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A Appendix B - Additional Figures

B.1 Fees dataset construction

Figure B.1: Wayback Machine

Notes: This �gure shows a screenshot of the online tool we epxloited in order to retrieve webpages that

are no longer available and that contained information regarding mobile money operators' tari� plans, as

explained in Section 2.2. In this example, we are retrieving the webpage of Telma Madagascar in 2012.
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Figure B.2: Tari� plans for di�erent companies in the same country.

(a) Orange Madagascar (b) Airtel Madagascar

Notes: This �gure compares the tari� plans of two mobile money operators in the same country, Orange

Madagascare (a) and Airtel Madagascar (b). These tari� plans are relative to the year 2012. As pointed

out in Section 2.2, we can notice that the transaction ranges speci�ed by the two operators di�er, and,

in particular, Airtel's tari� plan is more disaggregated.
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B.2 Robustness check: Borusyak, Jaravel & Spiess

Figure B.3: Event Study Robustness Borjusak

Notes: This �gure reports the coe�cients of the event study design with staggered adoption of treatment,

using the imputation approach of Borusyak et al. (2021). The two panels display the value of the

coe�cients which describe di�erential evolution of the outcome variables for the unit of observation for

which interoperability is active relative to units with no interoperability. In the left panel we present

results for operator's i On Net fees, i.e. fees applied to mobile money transactions between users of the

same network. The right panel present results for operator'si Cross Net fees, i.e. fees applied to mobile

money transactions between users of di�erent networks. The bars around each observation represent

the 95% con�dence interval. Standard errors are clustered at the operator level, and the empirical

speci�cation includes year �xed e�ects.
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Figure B.4: Event Study Robustness Borjusak et al. - Operator-District

Notes: This �gure reports the coe�cients of the event study design with staggered adoption of treatment,

using the imputation approach of Borusyak et al. (2021). The two panels display the value of the

coe�cients which describe di�erential evolution of the outcome variables for the unit of observation for

which interoperability is active relative to units with no interoperability. In the left panel we present

results for operator's i network coverage in district d, i.e. the percentage of district's d area covered by

mobile network operator i . The right panel present results for the probability of signal of the operator

in the district. The bars around each observation represent the 95% con�dence interval. Standard errors

are clustered at the operator level, and the empirical speci�cation includes year �xed e�ects.
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Figure B.5: Event Study Robustness Borjusak et al. - District

Notes: This �gure reports the coe�cients of the event study design with staggered adoption of treatment,
using the imputation approach of Borusyak et al. (2021). The two panels display the value of the
coe�cients which describe di�erential evolution of the outcome variables for the unit of observation for
which interoperability is active relative to units with no interoperability. In the left panel we present
results for district's mobile network coverage, i.e. the percentage of district's area covered by mobile
network operators. The right panel present results for the number of mobile network operators active in
the district. The central panel presents results for the probability of mobile network signal in the district.
The year marking the introduction of interoperability is year 0 on the x-axis and exhibits a vertical black
line. The reference year is the year -1. The bars around each observation represent the 95% con�dence
interval. Standard errors are clustered at the country level, and the empirical speci�cation includes year
and district �xed e�ects.
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A Appendix C - Theoretical Framework

We can de�ne the change in mobile tower installation induced by the arrival of interop-

erability as follows

� m =
� + �

�
�

�
� � 2�

= ( � � 2� )( � + � � � ) + 2 ��

by taking the di�erence in the equilibrium number of towers between the post-policy

amount, � + �
� , and the pre-policy variable, �

� � 2� . Our analysis of the heterogeneous e�ects

of the policy is developed as a comparative static over this expression.

Proposition: locations with higher cost of tower installation before interoperability,

see a more extensive decline in signal.
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This result is always true if tower installation costs are especially high and exceed a

threshold � > e� , with e� = 2�
h
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.
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A Data Appendix D - Fees & Interoperability

D.1 Fees

We here detail the procedure we followed for the construction of our dataset containing

information of fees of Mobile Money operators.

We build two main datasets, containing the mobile money fees charged by each op-

erator over time. We di�erentiate between fees charged to transfer money to subscribers

to the same operator (\on-network") and fees charged to send money to subscribers of

other operators (\cross-network")20. The �rst output is a panel data set that includes

the operator name, country, year, and the yearly fees' average value for on-network and

cross-network transactions. The second data set is more detailed, because it includes

tari�s for all transaction ranges de�ned by companies' tari� plans. To this aim, we take

the most disaggregated fee structure in the country and adjust all operators' rates (in

that country) accordingly, as explained in the next paragraph.

It is important to highlight that the structure of mobile money tari�s is complex.

Di�erent tari�s are in fact applied for sending mobile money on-network or cross-network,

and within operation types di�erent tari�s are applied for di�erent amounts of money

exchanged. In Panel (a) of Figure 1, for example, we plot the average yearly fees for

sending a mobile money transfer between two agents belonging to the same company,

i.e. on-network transaction. This is plotted for each operator and is di�erent depending

on the amount of the mobile money transaction. Because fees are di�erent by amount

transacted and correspondingly by currency, in order to create a simpler measure which

makes fees comparable, we create a \bracket" for all companies operating in the same

country: bracket 1 reports the fees for transactions of the lowest amount, bracket 2 for

the second lowest and so on.

For example, let us consider the case of Madagascar. In Madagascar, Orange Mada-

gascar and Airtel Madagascar are two active operators, among others, o�ering the Mobile

Money services. Orange's Mobile Money tari� plans di�er from those of Airtel. Figure

B.2 in the Appendix B - Additional Figures compares the 2022 tari� plans for these com-

panies. We �rst notice that the minimum and maximum amounts that can be transferred

di�er between the two companies: while Orange's subscribers (Panel (a)) can transfer a

minimum of 200 and a maximum of 10 million Malagasy ariary (the currency of Mada-

gascar), Airtel's subscribers (Panel (b)) can transfer between 300 and 5 million ariary.

Second, it has to be noticed that Airtel's and Orange's amount ranges di�er: in particu-

lar, Airtel's tari� plans are more disaggregated. For example, while Orange sets the same

20We also collected fees for other types of operations (such as those for withdrawal of cash from mobile
money accounts by operator's subscribers and by non-subscribers, for deposit, for payments to merchants,
and for transfer of money from the Mobile Money account to the bank account, and viceversa), but the
data happen to be partially lacking.
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tari� for all on-network transactions between 10'000 and 25'000 ariary (hence specifying

one tari� for this range), Airtel applies di�erent fees for on-network transactions between

10'000 and 20'000 ariary, and between 20'000 and 25'000 ariary. In order to make tari�

plans of di�erent companies within the same country and across di�erent years compa-

rable, we de�ne new country-speci�c brackets by adopting the shortest common ranges

across all companies within the country in all years. For example, we will disaggregate

Orange's tari�s for transactions between 10'000 and 25'000 ariary into the new ranges

10'000-20'0000 and 20'000-25'000, so that they match Airtel's tari� ranges: Orange will

hence now display two di�erent ranges, to which the same tari� is applied. Obviosuly,

transaction ranges will span from the minimum value to the maximum values that can

be found across all companies. The country-speci�c bracket 1, in this example, will range

from 200 and 300 ariary: for this range, Airtel does not provide the possibility to exchange

money and will be hence shown as missing, while Orange will display the tari� that is ap-

plied for its range 200-1000 ariary. Similarly, for brackets ranging between values greater

than 5 million ariary, Airtel will be displayed as missing.

In order to make tari�s comparable across countries, we express them as percentage of

the transaction values. While in many cases tari� plans are already de�ned in percentage

by mobile money operators, in other cases, as the one we take as example, they are de�ned

as a �xed sum for the transaction whole bracket. In those cases, we express the fee as

percentage of the mean value of the bracket. In Panel (b) of Figure 1, we notice not only

a higher dispersion of tari�s in the lowest brackets, but also how rates decrease for higher

brackets. This fee structure hence burdens on those users who make smaller transactions.

D.2 Interoperability

A core concept of our analysis is mobile money interoperability. In line with the GSMA

(2020) report, we de�ne account-to-account (A2A) Interoperability as the possibility given

by Mobile Money Providers (MMPs) for customers to transfer money between two ac-

counts in di�erent mobile money schemes. While mobile money was born as a stand-alone

service, in which transfers were allowed only within the same network, in the latest years,

it experienced an integration process that brought the connection of MMPs between

themselves. By studying the development of the Mobile Money market in each African

country, we aim to identify where the regulatory environment provides requirements or

recommendations for interoperability. It is not a trivial e�ort as the regulatory frame-

works vary widely between African countries, and the role of authorities in obliging the

adoption of interoperability is sometimes uncertain. For each country, we report a brief

overview of the introduction of interoperability from a regulatory perspective. In Ta-

ble D.1 we summarize key information regarding the introduction of interoperability and

its initiator for the African countries in which mobile money interoperability is active.
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Table D.1 clearly shows the growing involvement of institutional regulators in interop-

erability matters. In Naji (2020) and Mhella (2020) we can �nd di�erent de�nitions of

interoperability, depending on the level at which the integration of systems is developed.

In particular, we can distinguish between (a) wallet-to-wallet interoperability: i.e. the

possibility to exchange mobile money between accounts of di�erent operators; (b) agent

interoperability: which consists in the removal of exclusivity of agents, i.e. the possibility

for agents to serve more than one operator; (c) wallet-to-bank (or other �nancial services)

interoperability: i.e. the possibility to exchange money between a mobile money account

and a bank account or other �nancial technologies. In our paper, we consider the case of

wallet-to-wallet interoperability, which allows account-to-account transfers between users

of di�erent mobile money operators. As it can be seen below from country speci�c regu-

lations, the introduction of mobile money interoperability in African countries has always

entailed wallet-to-wallet interoperability.
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Table D.1: Interoperability proponents in Africa

Reason

for interoperability
Country Year e�ective

Botswana 2019

Cameroon (BEAC) 2020

Chad (BEAC) 2020

Central African Republic (BEAC) 2020

Egypt 2016

Equatorial Guinea (BEAC) 2020

Gabon (BEAC) 2020

Ghana 2018

Central Bank Liberia 2014

regulation Malawi 2017

Morocco 2018

Nigeria 2013

Rwanda 2021

Republic of Congo (BEAC) 2020

Sudan 2016

Tanzania 2015

Uganda 2018

Zimbabwa 2020

Agreement Kenya (Airtel, Safaricom, Telkom) 2018

between providers Madagascar (Airtel, mVola, Orange) 2016

Notes: This table reports information about the proponent of interoperability in the African countries

were interoperability is currently active. While the majority of countries introduce interoperability follow-

ing an institutional regulation issued by the national Central Bank, there are cases in which agreements

between mobile money operators preceded the regulator. Cameroon, Central African Republic, Equato-

rial Guinea, Gabon and the Republic of Congo are part of The Economic and Monetary Community of

Central Africa (CEMAC), an organization of states of Central Africa that share a common currency: In

their case, interoperability was proposed by the Bank of Central African States (Banque des�Etats de

l'Afrique Centrale, BEAC).

D.2.1 Botswana

The relevant regulatory framework in Botswana, which applies to mobile money providers,

is the Electronic Payment Service Regulations, issued in January, 2019, by Bank of

Botswana (the Central Bank of Botswana). According to the GSMA report \Mobile

Money Regulatory Index 2021", the Mobile Network Operators (MNOs) in Botswana

can o�er mobile money and to provide this service they must apply for a license directly

from Bank of Botswana and comply with the Electronic Payment Services Regulations

(2019). As regards Interoperability, Part III, Art. 16 (2) (c) of the regulation reads: [:::]

The resources shall be a system which is interoperate with other payment system within

Botswana. This regulation hence requires payment systems to be interoperable.
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D.2.2 Cameroon

Being Cameroon a member of the Economic ad Monetary Community of Central Africa

(CEMAC), its mobile money market is regulated by The Bank of Central African States

(BEAC). In 2012, the Groupement Interbancaire Mon�etique d'Afrique Centrale (GIMAC)

was created by the CEMAC with the purpose of promoting interbank electronic banking,

regulation, supervision and the provision of processing services. Since 2018, GIMAC

has been in charge of implementing full mobile money interoperability in accordance with

instruction 001/GR/2018 from the Governor of BEAC.21 In April 2020, after a pilot phase,

an integrated electronic payment service, known as GIMACPAY, was introduced in all six

countries of the Economic and Monetary Community of Central Africa.22 Among other

services, this platform allows people to transfer money between mobile money accounts of

di�erent operators, therefore, guarantees mobile money interoperability within the region.

Since we found no evidence for any CEMAC countries of the introduction of domestic

interoperability and since this regional interoperability also implies interoperability within

each country (the possibility to transfer money between di�erent MNOs in the same

country), we consider April 2020 as the date of the launch of Interoperability for all

countries in the region.

D.2.3 Central African Republic

Although the Central African Republic is a member of the CEMAC, we do not consider the

presence of Interoperability since just one mobile operator (Orange) is providing mobile

money services.

D.2.4 Egypt

According to the 2013 Regulations Governing Provision of Payment Orders through Mo-

bile Phones issued by the Central Bank of Egypt (CBE), only banks operating under the

supervision of the CBE may, subject to CBE's approval, issue electronic money units.

Accordingly, to o�er mobile money services, the MNOs must contract with the banks as

only banks can be responsible for customer accounts.23 In a bank-led model, a bank is

the service provider. The role of the MNO is peripheral, limited to providing either the

communications infrastructure, agency services or both Consistently with GSMA (2021),

we consider applicable to mobile money services the \Regulations for the Provision of Mo-

bile Payment Services (2016)", issued by the Central Bank of Egypt in November 2016.

These regulations determine the activation of interoperability between di�erent payment

schemes. Speci�cally, they require all banks providing mobile payment services with the

21See link
22Cameroon, Republic of Congo, Chad, Central African Republic, Equatorial Guinea, and Gabon
23See link
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CBE authorization to guarantee the interoperability service within six months.24

In addition, in June 2017, the Central Bank of Egypt, in collaboration with the the

Ministry of Finance and the Egyptian Banks Company (EBC), introduced the mobile

Interoperability scheme Ta7weel .25 Through this platform, users of di�erent mobile

payment schemes are able to transact with each other directly. We set as Interoperability

introduction the date of the issuance of the \Regulations for the Provision of Mobile

Payment Services (2016)", i.e., November 2016, since they explicitly require providers of

mobile banking services (and therefore mobile money) to become interoperable.

D.2.5 Ghana

The commitment to achieve payment systems Interoperability began in 2007 when the

Ghana Interbank Payment and Settlement Systems Limited (GhIPSS) was established by

Bank of Ghana (the Central Bank of Ghana). This wholly-owned subsidiary of the Bank

of Ghana is responsible for implementing and managing interoperable payment system

infrastructures for banks and non-bank �nancial institutions in Ghana.26 According to

GSMA (2020), Bank of Ghana's 2008 and 2015 Branchless Banking Guidelines mandated a

\many-to-many" model whereby MNOs were required to interconnect with a minimum of

three banks to issue electronic money, as well as share agents. In 2015, more progressive

guidelines were introduced replacing those of 2008. Ghana has reached full interoper-

ability in May 2018 through the Interbank Payment and Settlement Systems (GhIPSS).

Indeed, the existing payment switch Gh-Link was upgraded to give access also to Mobile

Money Operators (MMOs). The connection to this platform enabled the link of di�erent

payment systems, such as mobile money accounts, bank accounts, and e-zwitch cards.

Therefore, mobile money users can seamlessly transfer money wallet-to-wallet across net-

works. Although payment aggregator Nsano has enabled interoperability between MNOs

since 2016,27 we take the launch of hub-based mobile money interoperability by GhIPSS

as the starting date.

D.2.6 Kenya

In January 2018, the three mobile money providers networks, Airtel, Safaricom, and

Telkom, reached an agreement regarding the implementation of interoperability. On the

22nd of the same month, Safaricom's M-Pesa and Airtel Money undertook a pilot phase,

enabling the seamless transfer of funds between mobile accounts on di�erent networks.

In a press release, the Central Bank of Kenya welcomed the implementation of interop-

erability of mobile �nancial services on the 10th of April 2018, stressing its bene�ts and

24See link
25See link
26See link
27See link
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importance to Kenya's mobile money market: accordingly, we set April 2018 as the date

of the introduction of interoperability.

D.2.7 Liberia

In May 2014, the Central Bank of Liberia (CBL) issued the Mobile Money Regulations,

requiring all authorized institutions to provide interoperable systems. In this regards,

Part III, Art. 17 reads: All Authorized Institutions should endeavor to render systems

interoperable with systems provided by other Authorized Institutions, in such a way that

transactions between Authorized Institutions are executed to allow a realtime customer

experience for customers of both Institutions, as the services mature [...]

D.2.8 Madagascar

Intending to reduce cash in the Madagascar economy, in 2014 the Mobile Money Providers

(MMPs) engaged GSMA, a project facilitator, to advance sector-wide discussions on

account-to-account (A2A) interoperability.28 According to GSMA in September 2016

Airtel Money, mVola, and Orange Money signed a deal to launch interoperable mobile

money services across the entire country; this made Madagascar the second market in

Africa, after Tanzania, to allow seamless transactions on all MMPs.29 Similarly to Tan-

zania, the implementation of Interoperability in Madagascar was market-led, with the

presence of a facilitator (GSMA) that helped the providers to �nalize bilateral agree-

ments and connections. Although there was no mandate from the judicial authorities, we

set September 2016 as Interoperability, as it is the date of the formal launch.

D.2.9 Malawi

In September 2017, the Reserve Bank of Malawi (RBM) passed the Payment System Act,

mandating interoperability of Payment Systems through the connection to a National

Switch. Speci�cally, Part IV, Art. (6) (1) states: Any authorized or licensed payment

service provider o�ering payment services on auto-teller machines, point of sale devices,

mobile payment systems, internet based payments and all other related payment channels

as approved by the Bank, shall connect its infrastructure that supports interoperability to

the National Switch.

D.2.10 Morocco

In November 2018, The Morocco's Central Bank Al-Maghrib and the National Telecom-

munications Regulatory Agency (ANRT) launchedm-wallet, a new means of payment

by mobile phone, in collaboration with banks, payment institutions, telecom operators

28See link
29See link
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and Hightech Payment Systems (HPS) Switch. The \D�ecision R�eglementaire Relative au

Paiement Mobile Domestique"30 issued by the Central Bank of Morocco includes the rules

and speci�es the technical standards for interoperability. Article 5 reads:The payment

services o�ered by m-wallet are interoperable and instantaneous. This tool entails not only

interoperability between mobile money operators but also across all payment systems.

D.2.11 Nigeria

With the aim of ensuring the interoperability of all authorized schemes, in December

2012 the Central Bank of Nigeria required the Mobile Money Operators to connect to

the National Central Switch (NCS).31 In particular, the \Timeline for Interoperability

and Interconnectivity" released by the Central Bank of Nigeria reads:In furtherance of

the CBN's e�orts at ensuring e�ective and robust mobile payments system, all MMOs

are hereby directed to fully connect to the National Central Switch (NCS) on or before

February 28, 2013, to ensure interoperability and interconnectivity of their schemes.

D.2.12 Rwanda

As early as 2012, the National Bank of Rwanda (BNR) issued Regulation N°06/2012

governing Payment Service Providers concerning interoperability. Speci�cally, Article 21

requires that Financial institutions and Mobile Network Operators shall be interconnected

to o�er services to virtually all banked and unbanked customers in order to achieve in-

teroperability and to substantially increase the �nancial services outreach to the unbanked

communities. In addition, Article 26 outlined the timeframe for this clause implementa-

tion: it provided that the connection would take place within one year of the e�ect of the

regulation.32 However, according to the "Interoperability Policy" issued in June 2014, the

Bank of Rwanda recognizes the complexity of achieving interoperability given the di�er-

ences among the several payment streams, schemes, and systems:The implementation

of this regulation has lagged while the complexity and diversity of the Rwandan payment

market have grown. BNR recognizes that the question of how to promote interoperability

in payment systems is a complex one that may be considered in the general case but must

rather be de�ned and addressed in respect of particular payment types. BNR has therefore

decided to review its policy approach towards interoperability so that it can achieve the

objectives set out in this policy.In response to this recognition, the policy document was

aimed at setting the general guidelines for promoting greater interoperability over the �ve

year period from 2014 to 2019. In October 2015, Airtel and Tigo launched a six-month

bilateral pilot project for interoperability, an initiative strongly supported by the National

30See link
31See link
32See link
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Bank of Rwanda. In December 2017, Airtel signed an agreement with Millicom to ac-

quire Tigo Rwanda, creating a duopoly in the mobile money market. The two market

leaders MTN and Airtel did not reach interoperability until 2021. Indeed, the New Times

(Rwanda's leading daily)33 reports that in June 2021, a draft law governing payment sys-

tems proposed a new provision that allows the Central Bank to impose interoperability

and that the government was in negotiations with RSwitch to provide the interoperability

system, operational in a short time. In December 2021, the national e-payment switch of

Rwanda, RSwitch, was upgraded to connect all payment schemes, including MNOs.

D.2.13 Sudan

According to GSMA (2021) the Central Bank of Sudan is the only entity allowed to issue

money in Sudan. Banks, by purchasing e-money directly from the Central Bank, play

the role of Financial Service Providers (FSP), while the MNOs play most the customer

facing functions. As far as it concerns interoperability, GSMA report reads:The mobile

payment system in Sudan is centralised thereby imposing on technical requirements for

all �nancial system operators are required to inter-link their platforms to be interopera-

ble. Moreover, the 2017 Alliance for Financial Inclusion (AFI) report \National retail

payment systems to support �nancial inclusion" claims that the Central Bank of Sudan

implemented the National Switch in 2006 that provides interoperable, robust national

payments infrastructure, to provide payment services for all cardholders through ATMs

and POS terminals, across the nation; as well through Short Messaging Service (SMS).

Among the terminals integrated with this National Switch, Mobile payments are included.

Following these sources, we consider the regulation requiring all the payment systems to

be interoperable. As a result, since their launch year in 2016, the mobile money platforms

have been meeting the interoperability requirements.

D.2.14 Tanzania

Tanzania has been the �rst country to reach full mobile money Interoperability in Africa.

Discussion on account-to-account innteroperability started as early as 2013, mandated

by the Bank of Tazania, after the intergration between the MMPs and the banking sec-

tor (GSMA, 2016). The interconnection between the four MMPs, Tigo, Airtel, Zantel,

and Vodacom, took place the following years through bilateral/multilateral agreements.

First, Airtel and Tigo signed a deal on interoperability in September 2014. Then in De-

cember 2014, Tigo connected with Zantel, and, in February 2016, Vodacom announced the

joining of the interoperability agreement. In terms of legislation, the National Payment

Systems (NPS) Act 2015 and the Bank of Tanzania Act 2006 assign to Bank of Tanzania

the responsibility to regulate and supervise the payment systems services and products

33See link
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o�ered by both banks and non-bank institutions in Tanzania.34 As far as it concerns in-

teroperability, the National Payment Systems (NPS) Act, passed in May 2015, reads \A

payment system that may be eligible to be licenced by the Bank shall have any of the follow-

ing objects: [...] facilitation of interoperability of payment systems and services between

payment systems providers and consumers." In addition to the interoperability standard,

the legislation mandates non-discriminatory pricing for cross-net and on-net person-to-

person (P2P) transactions (GSMA, 2020). As interoperability has been market-driven

and achieved gradually, we set as introduction of interoperability the date on which the

National Payment Systems (NPS) law was passed.

D.2.15 Uganda

In 2013 the Bank of Uganda issued some guidelines35 to mobile money service providers,

recommending to \utilize systems capable of becoming interoperable with other payment

systems in the country and internationally in order to facilitate full interoperability". In

September 2017, this recommendation became more pressing as the Bank of Uganda is-

sued the National Payment System (NPS) Policy Framework36, which required all mobile

money providers to achieve interoperability within a few months, without providing tech-

nical standards. The two market leaders, MTN and Airtel, initially used the Pegasus

aggregator and then connected bilaterally in 2019. They still make use of Pegasus for

interconnection with smaller MMPs (GSMA, 2020).

D.2.16 Zimbabwe

The Statutory Instrument 80 of 2020 (Banking Money Transmission, Mobile Banking and

Mobile Money Interoperability) Regulations released by the Reserve Bank of Zimbabwe,

in section 4 \ Additional requirements for provision of money transmission and mobile

banking services" reads: \It shall be mandatory for every money transmission provider

and mobile banking provider shall be connected to a national payment switch, as shall be

directed by written notice by the Reserve Bank from time to time that enables interoper-

ability of payments systems and services." In a press statement of June 2020, The Reserve

Bank of Zimbabwe announced the designation of Zimswitch as a national payment switch

with immediate e�ect. Therefore, as required by section 4 of the Regulations above, all

money transmission providers and mobile money providers had to complete the necessary

installation or deployment, or commissioning of infrastructure and connection protocols,

credentials, and documentation to connect to Zimswitch, by no later than 15 August

2020.

34See link
35See link
36See link
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A Data Appendix E - Mobile Network Operators

Balance Sheets

In this appendix we report the �nancial statement and revenue breakdown for the Fiscal

Years 2020-2021 and 2021-2022 for the main mobile network operators (MNOs) in Africa

o�ering mobile money services.

Table E.1: Summary of �nancial revenues of MNOs

Mobile

Network

Operator (MNO)

Mobile

Money

Company

Countries

Financial Services

Revenues

2020-2021

(as % of Total Revenues)

Financial Services

Revenues

2021-2022

(as % of Total Revenues)

Vodacom M-Pesa
Democratic Republic of Congo, Tanzania

34.2% 37.7%
Mozambique, Lesotho

Safaricom M-Pesa Kenya 33% 38.3%

MTN MTN MoMo

Sudan, South Sudan, Rwanda, Cameroon,

10.6% 10%Eswatini, Guinea Bissau, Uganda,

Ivory Coast, Liberia, Nigeria, Benin

Airtel Airtel Money

Madagascar, Nigeria, Rwanda, Uganda, Kenya

7.7% 9%Chad, Congo, Democratic Republic of Congo, Gabon,

Malawi, Niger, Seychelles, Uganda, Tanzania, Zambia

Notes: This table summarizes information about the �nancial revenues of major mobile network operators

in Africa. The last two columns of the table report the �nancial service revenues as percentage of total

revenues. We also report the countries in which MNOs operate and the name of the mobile money service

they provide.

In Table E.1 we summarize the information about the revenues of �nancial services

o�ered by these MNOs.

Airtel Money, the mobile money service provided by Airtel in Chad, Congo, Demo-

cratic Republic of Congo, Gabon, Kenya, Madagascar, Malawi, Niger, Nigeria, Rwanda,

Seychelles, Uganda, Tanzania, Zambia, accounted for 9% of total revenues of Airtel in the

Fiscal Years 2022.

MTN MoMo, in 2022, accounted for 10% of total revenues in the countries where MTN

operates (Sudan, South Sudan, Rwanda, Cameroon, Côte d'Ivoire, Liberia, Eswatini,

Guinea Bissau, Uganda, Nigeria, Benin).

Vodacom in the Democratic Republic of Congo, Lesotho, Mozambique and Tanzania,

and Safaricom in Kenya, instead, registered revenues for about 38% from their mobile

money service M-Pesa. Vodacom and Safaricom have the same mobile money service

because Vodacom is the major owner of Safaricom's stocks, holding the 35% of its shares.

Below, we attach the �nancial statements and revenue breakdowns of these mobile

network operators.37

37We also information for Orange, which, in Africa, operates in following countries: Botswana, Burkina
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Figure E.1: Airtel's Financial Statements - Fiscal Year 2020-2021

Notes: Year ended 31 March 2021

Faso, Cameroon, Central African Repuclic, Guinea Bissau, Ivory Coast, Liberia, Morocco, DRC, Senegal,
Sierra Leone, Madagascar, Tunisia, Egypt. However, the Financial Statement of Orange is consolidated
for all the countries where the company operates, including European ones, and as a consequence there
is not a clear entry for Mobile Money Revenues.
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Figure E.2: Airtel's Revenue Breakdown - Fiscal Year 2020-2021

Notes: Year ended 31 March 2021

Figure E.3: Airtel's Financial Statements - Fiscal Year 2021-2022

Notes: Year ended 31 March 2022
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Figure E.4: Airtel's Revenue Breakdown - Fiscal Year 2021-2022

Notes: Year ended 31 March 2022

Figure E.5: MTN's Financial Statements - Fiscal Year 2020-2021

Notes: Year ended 31 March 2021
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Figure E.6: MTN's Revenue Breakdown - Fiscal Year 2020-2021

Notes: Year ended 31 March 2021

Figure E.7: MTN's Financial Statements - Fiscal Year 2021-2022

Notes: Year ended 31 March 2022
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Figure E.8: MTN's Revenue Breakdown - Fiscal Year 2021-2022

Notes: Year ended 31 March 2022

Figure E.9: Orange's Financial Statements - Fiscal Year 2021-2022

Notes: Year ended 31 March 2022
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