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Abstract 

We investigate the role of direct and indirect network effects on mobile-money adoption in 

Burkina Faso. A (positive) direct network effect exists if the utility derived from the use of mobile 

money increases with the number of people using mobile money, and a (positive) indirect 

network effect exists if the utility derived by an individual from the use of mobile money 

increases with the number of people with whom that individual can communicate by mobile 

phone. After a simple theoretical investigation for illustration, we use FinScope data to develop 

an empirical strategy. We found that, in Burkina Faso, mobile-money services benefit more 

from the indirect network effect than the direct network effect. In other words, it is inconsistent 

to impose large taxes and fees on phone communication, or to limit access to internet, 

messaging apps, and social media, while promoting mobile-money adoption. 
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I. Introduction 

 

Several studies have shown that financial access is a key determinant of economic growth (Claessens, 

2006, Demirgüç-Kunt, Beck & Honohan, 2008) because it fosters savings and facilitates the funding of 

economic activities (Ky, Rugemintwari & Sauviat, 2018, Ouma, Odongo & Were, 2017; International 

Growth Centre, 2016; Kikulwe, Fischer & Qaim, 2014). Based on this analysis, and given the dizzy 

expansion of mobile-phone use in Sub-Saharan Africa, many countries have developed financial-inclusion 

policies based on mobile phones (Lay, 2018), and mobile money appears to be the solution to the 

financial exclusion of poor and unbanked populations (Mutsonziwa, 2016).  

 Because technology reduces transaction costs and increases efficiency (Aker et al., 2016), use of 

mobile money is growing up in several African countries with a relatively important volume of transactions 

(International Growth Centre, 2016; Naghavi & Scharwatt, 2018). Some authors have even pointed out 

its positive impact on developing economies. In Burkina Faso, for instance, about 30% of adults are 

reported to have used the service in 2016 (FinMark Trust, 2017), though we do not have comprehensive 

statistics. To investigate the sustainability of mobile payment, a large number of workers have examined 

the factors that explain its adoption (Afawubo et al., 2020; Blumenstock & Eagle, 2012; Mirzoyants, 

2012; Aker & Mbiti, 2010; and Morawczynski & Pickens, 2009). Recently Kikulwe, Fischer, and Qaim 

(2014) and Murendo, De Brauw, and Mugabi (2018) found that network externalities could explain the 

rapid expansion of mobile-money adoption in some African countries, but the source of those network 

externalities must be known for accurate policy design. Such an investigation is of particular interest in 

Africa where, for political reasons (control of information, restrictions on freedom of speech, etc.) or 

economic motives (taxes through budgetary policy), some governments have both developed policies to 

expand mobile-money adoption while restricting access to traditional mobile-phone use (calls, text 

messages, internet access, social media, etc.). 

 Consistent with our view, a part of the literature suggests that people who use mobile phones 

are more likely to use mobile-money services. Mobile-phone uses drives two types of network 

externalities: a traditional phone-communication externality and a mobile-money-network externality. 

We could then ask what type of network externality is associated with mobile-money adoption. In other 

words, does the utility (of an individual) derived from the use of mobile money increase when there is an 

increase in the number of people who use mobile money (direct network externalities)? Or when there is 

an increase in the number of people who use mobile phones for communication (indirect network effects)? 

Or both?  

 Our main area of interest was the extent of indirect and direct network externalities in mobile-

money adoption in Burkina Faso. In other words, impact did new mobile-money adoption have on the 

size of mobile-phone communications and on the volume of use of mobile-money? Rather than seeking 
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linkages between mobile-money adoption and mobile-phone or social-network use, as previous studies 

have done, we examined the specific relationship between mobile-money adoption and mobile-money 

networks, on the one hand, and between mobile-money adoption and mobile-phone-communication 

networks on the other. To the best of our knowledge, this is the first paper to do so. 

 Our methodology consists in developing an empirical investigation using FinScope data to assess 

direct and indirect network effects in the use of mobile money in Burkina Faso. Specifically, referring to 

the studies on technology adoption, the use of mobile money is mainly captured by an indicator variable. 

In our case, because of lack of data and endogeneity issues, we captured direct and indirect network 

sizes by proxy variables, and we estimated a non-linear probability model. In addition, because the use 

of proxies may lead to attenuation bias, we conducted a robustness check consisting of an IV estimation 

with a linear probability model. To be precise, we considered the multiple-indicator solution (using one 

indicator as an instrument for the other one) described in Wooldridge (2010).  

 Theoretically, mobile money would benefit only from the indirect network effect in some 

scenarios, while the direct network effect would remain inconclusive. This theoretical result was confirmed 

by our empirical investigation: in Burkina Faso, mobile-money services benefitted more from the indirect 

network effect than from the direct network effect. Our results are robust to alternative choices of model 

specifications. Regardless of the estimation method we used and the variables we controlled for, the 

direct network effect was not significant at conventional levels. The implication is that, in Burkina Faso, it 

would be inconsistent to impose large taxes and fees on phone communication, or to limit access to the 

internet and social media, while promoting mobile-money adoption. 

 

II. Short Review of the Literature on Direct and Indirect 

Network Effects 

 

Economic studies on network effects are abundant in the literature. One of the most influential early 

works is Katz and Shapiro (1985) in which the authors provided the most cited definition of network 

effects. Network effects in the context of mobile-money adoption, however, is an emerging literature. 

With the contributions of Gowrisankaran and Stavins (2004) and Jack and Suri (2014), understanding 

mobile-money adoption and its relationship to rapid network expansion had become a subject of great 

interest. Several studies report that network effects contribute to the accelerated adoption of mobile 

money (see Jack & Suri, 2011 and Chuang & Schechter, 2015, among others), which had led to the 

success of mobile-money systems in some countries (the M-PESA mobile-banking service in Kenya, for 

example). As Suri (2017) pointed out, however, little investigation of network effects in the adoption of 

mobile money had been undertaken, though a few exceptions include Fafchamps, Soderbom, and 

Vanden Boogaart (2022) and Murendo, De Brauw, and Mugabi (2018).  
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 Fafchamps, Soderbom, and Vanden Boogaart (2022) used a large dataset to examine over 

time the adoption of airtime transfers in Rwanda, though they did not look at mobile-money services per 

se. Their findings showed that network effects turned negative after first adoption, and they concluded 

that airtime transfers were substitutes among network neighbors. Murendo, De Brauw, and Mugabi 

(2018) used rural household data from Uganda and found that mobile-money adoption was positively 

affected by the size of the social network, though the effect was larger for non-poor households.  

 Our work complements this literature on mobile money by focusing on network externalities in 

mobile-money adoption in Sub-Saharan Africa. Most papers have focused on the indirect network effects 

from mobile phone to mobile money or have vaguely related mobile-money adoption to mobile-phone 

ownership (Lay, 2018; Ouma, Odongo & Were, 2017; Mutsonziwa (2016); Aker & Mbiti, 2010). Here, 

we target both types of network effects. Most of the literature has also failed to disentangle mobile-

phone use and mobile-money adoption (Aker et al., 2016), except those that employed randomized 

control trials.  

 A large and rich theoretical literature exists on direct and indirect network effects. Indeed, 

because of the seminal paper by Katz and Shapiro (1986) on network effects in technology adoption, 

we have learned more about how an increase in market shares leads to greater adoption. Network 

effect may be direct or indirect. Some authors have considered a “direct network effect” to exist when 

the value of a technology increases along with the number of users (see Clements, 2004 and Church & 

Gandal, 2012, e.g.). In these frameworks, conversely, the “indirect network effect” refers to a situation 

in which the adoption of a technology becomes more valuable as more varieties of that technology 

become available, and availability increases as the number of users of the technology increases.  

 But the two concepts may also describe another situation. Indirect network effect may also 

characterize the so-called “multi-sided market” discussed in Rochet and Tirole (2003, 2006) and by 

Weyl (2010). Clements (2004), meanwhile, showed that the direct network effect is different from the 

indirect effect, though Church and Gandal (2012) contradicted some of his findings. 

 In this paper, we target another reality. Let us consider two goods, X and Y. A direct network 

effect exists for X (respectively Y) if the utility derived from the consumption of X (respectively Y depends 

upon the number of consumers who use X (respectively Y), and an indirect network effect exists for X 

(respectively Y) if the utility derived from the consumption of X (respectively Y) depends upon the number 

of consumers who use Y (respectively X). This is also called the cross-side network effect. Some papers 

have discussed the topic, particularly for the software and DVD/video games markets (see, for instance, 

Corts & Lederman, 2009; Nair, Chintagunta & Dubé, 2004; and Clements & Ohashi (2005). Here, we 

focus on mobile-phone communication and the use of mobile money. 

III. Methodology 
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Our methodology consisted of two parts. First, we developed a theoretical model to describe how 

direct and indirect network effects affected the use of mobile money. Specifically, we showed how an 

excessive restriction on traditional phone communication may deter people from using mobile-money 

services. Second, using FinScope data, we followed an empirical strategy to complement our theoretical 

findings. 

 

3.1 Theoretical Model 

 

We presumed that, in a given country, people would use mobile phones for two types of services: 

traditional communications (calls, text messages, internet access, etc.) and mobile-money services 

(receiving/sending money, savings, financial transactions, etc.) We considered a representative 

respondent i whose mobile-phone use was divided between traditional communication and mobile-phone 

services, with a utility function given by 

 
𝑈𝑖(. ) = 𝑈(𝑛𝑖

𝑐, 𝑛𝑖
𝑚 , 𝑁−𝑖

𝑐 , 𝑁−𝑖
𝑚), (1) 

 

where 𝑛𝑖
𝑐stands for the use of mobile phone for traditional communication (for instance, the number 

of times the respondent uses mobile phone for traditional communication during a given period), and 𝑛𝑖
𝑚

 

is the use of mobile-money services. Also, 𝑁−𝑖
𝑐  is the other (than i) respondents’ total use of mobile phone 

for traditional communication, i.e.,𝑁−𝑖
𝑐 =  ∑ 𝑛𝑗

𝑐
𝑗≠𝑖 . Likewise, 𝑁−𝑖

𝑚 is equal to ∑ 𝑛𝑗
𝑚

𝑗≠𝑖 . Without loss of 

generality we can abandon the subscript i. So,𝑈(. ) = 𝑈(𝑛𝑐 , 𝑛𝑚 , 𝑁𝑐 , 𝑁𝑚). We considered the following 

traditional assumptions for the utility function: 

 𝑈1(. ) > 0, 𝑈2(. ) > 0, 𝑈11(. )  < 0, 𝑈22(. )  < 0.  

 We also assume direct and indirect network externalities in the sense that 𝑈13(. ) > 0, 𝑈24(. ) >

0, 𝑈23(. ) > 0 and 𝑈14(. ) > 0, where 𝑈𝑘  stands for the first-order partial derivative with respect to the 

𝑘𝑡ℎ argument of the function, and 𝑈𝑘𝑙  is the second-order partial derivative with respect to 𝑘𝑡ℎ and the 

𝑙𝑡ℎ  arguments. Specifically, mobile money and traditional phone services confer direct positive network 

externality, and an indirect positive network exists between mobile-money and traditional phone 

services.  

 Finally, we assume that 𝑈12(. ) > 0, and 𝑈21(. ) > 0 in the sense that complementarity exists 

between the two services.1 Indeed, any payment through mobile-money services is usually preceded and 

followed by phone calls or text messages, either to agree on the use of mobile money as a payment 

 
1 Katz & Shapiro (1994) argued that some goods or services may be strongly complementary even if they need not 

necessarily be consumed in fixed proportions. 
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instrument or to confirm that the payment had been made, etc. Conversely, the use of mobile-money 

services could easily replenish the prepaid phone account. 

 The problem of the respondent is: 

𝑚𝑎𝑥𝑛𝑐,𝑛𝑚
𝑈(𝑛𝑐, 𝑛𝑚, 𝑁𝑐 , 𝑁𝑚), 

 
𝑝𝑐𝑛𝑐 + 𝑝𝑚𝑛𝑚 = 𝐼,   (2) 

 

where 𝑝𝑐and 𝑝𝑚 are the unit prices of traditional phone communication and mobile-money services 

respectively, and I is the income the respondent had both services available.2 Writing the Lagrangian 

and considering the first-order conditions, we get 

𝑝𝑚𝑈1(. ) − 𝑝𝑐𝑈2(. )  (3) 

 

 Propositions 3.1-3.4 show how indirect and direct network externalities work in terms of effect 

on the use of mobile-money services and mobile-phone communication. 

 
Proposition 3.1. 

 

• If 
𝑈13

𝑈23
>  

𝑃𝑐

𝑃𝑚 then 
𝜕𝑛𝑚

𝜕𝑁𝑚  < 0. 

• If 
𝑈13

𝑈23
 <

𝑃𝑐

𝑃𝑚 then 
𝜕𝑛𝑚

𝜕𝑁𝑚 > 0. 

 

Proof. From (3) and considering the derivative of implicit function, we have 
𝝏𝒏𝒄

𝝏𝑵𝒄 =  
−𝑷𝒎𝑼𝟏𝟑+𝑷𝒄𝑼𝟐𝟑

𝑷𝒎𝑼𝟏𝟐−𝑷𝒄𝑼𝟐𝟐
 . 

Our assumptions lead to the proposition.  

 

Proposition 3.2. 

 

• If 
𝑈14

𝑈24
>  

𝑃𝑐

𝑃𝑚 then 
𝜕𝑛𝑚

𝜕𝑁𝑚  < 0. 

• If 
𝑈14

𝑈24
 <

𝑃𝑐

𝑃𝑚 then 
𝜕𝑛𝑚

𝜕𝑁𝑚 > 0. 

 

Proof. From (3) and considering the derivative of implicit function, we have 
𝝏𝒏𝒎

𝝏𝑵𝒎 =  
−𝑷𝒎𝑼𝟏𝟒+𝑷𝒄𝑼𝟐𝟒

𝑷𝒎𝑼𝟏𝟐−𝑷𝒄𝑼𝟐𝟐
. 

Our assumptions lead to the proposition.  

 
Proposition 3.3. 

 
2 See Church, Gandal, and Krause (2008) for a theoretical network model in which the decision of the respondent is subject to 

budget constraint. 
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• If 
𝑈13

𝑈23
>  

𝑃𝑐

𝑃𝑚 then 
𝜕𝑛𝑐

𝜕𝑁𝑐 > 0. 

• If 
𝑈13

𝑈23
 <

𝑃𝑐

𝑃𝑚
 then 

𝜕𝑛𝑐

𝜕𝑁𝑐
 < 0. 

 

Proof. From (3) and considering the derivative of implicit function, we have 
𝝏𝒏𝒄

𝝏𝑵𝒄 =  
−𝑷𝒎𝑼𝟏𝟑+𝑷𝒄𝑼𝟐𝟑

𝑷𝒎𝑼𝟏𝟏−𝑷𝒄𝑼𝟐𝟏
. 

Our assumptions lead to the proposition.  

 
Proposition 3.4. 

 

• If 
𝑈14

𝑈24
>  

𝑃𝑐

𝑃𝑚
 then 

𝜕𝑛𝑐

𝜕𝑁𝑚
> 0. 

• If 
𝑈14

𝑈24
 <

𝑃𝑐

𝑃𝑚 then 
𝜕𝑛𝑐

𝜕𝑁𝑚  < 0. 

 

Proof. From (3) and considering the derivative of implicit function, we have 
𝝏𝒏𝒄

𝝏𝑵𝒎 =  
−𝑷𝒎𝑼𝟏𝟒+𝑷𝒄𝑼𝟐𝟒

𝑷𝒎𝑼𝟏𝟏−𝑷𝒄𝑼𝟐𝟏
. 

Our assumptions lead to the proposition.  

 Recall that the direct network effect produced by a good or service is the network effect it 

generates for its own network, and the indirect network effect generated by that good or service is the 

network effect it generates for the other good’s network. In these propositions, 
𝑼𝟏𝟑

𝑼𝟐𝟑
 is the relative direct 

network effect of the traditional phone communication in terms of its indirect network effect. In the same 

vein, 
𝑼𝟐𝟒

𝑼𝟏𝟒
 is the relative direct network effect of the mobile-money services in terms of its indirect network 

effect. 

 Propositions 3.1-3.4 reveal that, for a given good or service, if the relative direct network effect 

is lower than the relative price, this good will not benefit from its direct network externality. In fact, the 

price does not incite (or discourage) consumers to profit from the size of the network. Rather, this network 

is beneficial to the other good as an indirect network externality. Based on these results, let us consider 

the following two scenarios. 

 

Scenario 1: 𝑈13/𝑈23  < 𝑃𝑐 /𝑃𝑚  and 𝑈24/𝑈24  <𝑃𝑐/𝑃𝑚 . In this scenario, mobile money benefits 

from its own network (direct network effect) and from the network of traditional phone communication 

(indirect network effect). Suppose now that there is an increase in the price 𝑃𝑐 . A consequence is the 

decline in traditional phone communication which in turn decreases the use of mobile money if the 

complementarity assumption holds or if the indirect network effect benefitted by mobile money is higher 

than the direct network effect. 
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Scenario 2: 𝑈13/𝑈23  < 𝑃𝑐/𝑃𝑚  <  𝑈14/𝑈24. In this scenario, mobile money benefits only from the 

indirect network effect, while the direct network effect is not motivating. Suppose now that there is an 

increase in the price 𝑃𝑐. The decline in traditional phone communication will cause a decrease in the use 

of mobile money if the direct network effect of mobile money is lower than the indirect network effect 

of its benefit from the traditional phone communication network. 

 In conclusion, in a community facing expensive phone-communication services, any policy that 

promotes financial inclusion via mobile money while imposing restrictions on traditional phone-

communications service is inconsistent. 

 

IV. Data 

 

We used data from the FinScope survey conducted in 2016 in Burkina Faso. FinScope is a nationally 

representative household and individual survey performed by the South African firm FinMark Trust in 

several countries under the auspices of local authorities and the United Nations. For this paper, we 

considered people living in the country who were fifteen or older. The topic of the survey is related to 

individuals’ financial access and to their financial transactions. Specifically, our data described 5,066 

individuals and contained information on socioeconomic and demographic characteristics, social networks, 

access to infrastructure and technologies, money transfers, insurance, access to credit, savings and 

investment, banking, microfinance, mobile-phone use, mobile-money-technology adoption, etc. 

 We preferred FinScope data to those provided by the Global Findex Data Base of the World 

Bank. The latter records some information regarding only 1,000 adults in each country. In contrast, the 

FinScope questionnaire is more detailed and differs from the Global Findex questionnaire in collecting 

data on some sociodemographic characteristics (gender, age, education level, marital status, socio-

professional category, and living standards, e.g.). FinScope data are recorded from respondents and 

the head of the household. The methodology in the FinScope survey is similar to the approach frequently 

employed by national statistical offices in Africa—stratified, multi-stage random sampling combined 

with probability-proportional-to-size sampling to select nationally representative samples of people 

aged at least fifteen. FinScope methodology therefore makes it possible to extrapolate data for all 

adults in each country by using sampling weights. 

4.1 Empirical Strategy 

 

Our goal was to examine direct and indirect network effects in mobile-money adoption. Specifically, 

we intended to see how the probability that mobile-money services would be adopted was affected by 
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the number of people who adopted mobile money and by the number of people who used traditional 

phone communication in each respondent’s social network. However, FinScope data do not contain 

information about the number of people who adopt a given technology, and it is difficult in general to 

have access to such information. We therefore used proxy variables.  

 To identify proxy variables, we recognized that a network externality exists if the following 

reality is present: a consumer becomes more likely to adopt the technology as the number of adopters 

increases because that consumer hopes to use the technology in interaction with people who have already 

adopted it. If a respondent decides to adopt the good just because he sees many other people adopting 

it, but does not intend to use the technology with these people, then either the network acts as an 

advertising tool (information channel) or there is mimicry. As proxy variables, we consequently considered 

variables that described individuals’ social networks, the ways in which they interacted financially with 

that network (for mobile money), and how they communicated via phone with others (for traditional 

phone communications). 

 Indeed, for a mobile-money network effect, instead of using the number of people who adopted 

mobile money, we considered two alternative variables: financial advice and loan. We sometimes 

included interactions between financial advice and loan or between financial advice and financial 

transaction. For the last variable, we considered the interaction between financial advice and financial 

transaction. 

 Financial advice is an indicator variable taking the value of 1 if the individual received financial 

advice from people in her or his social network.3 If the respondent received financial advice from a social 

network, one of the following two situations should arise: either members of the same social network have 

adopted mobile money, or they have not. If they have, they are likely to advise the respondent to adopt 

it or the respondent is more likely to know that they have adopted it. If they have not adopted mobile 

money, the respondent will be aware of this. In other words, if the respondent benefits from financial 

advice by people in her or his social network, then the respondent will be aware of their mobile-money 

adoption status and can potentially interact financially with them. As a consequence, if the financial advice 

characteristic does not have a significant effect on the respondent’s probability of adoption (our 

expected outcome), then the mobile-money adoption status of the social network does not entice the 

respondent to adopt or reject adoption, compared to those who do not receive advice from a social 

network.4 On the other hand, if the effect is significant, it means that the financial decision of the 

respondent who received advice is affected by decisions in the immediate social network. 

 We also reinforced the characteristic financial advice by the variable loan, which is an indicator 

 
3 We describe all variables in Table 1. 
4 Wattal, Racherla, and Mandviwalla (2010) found that feedback or appreciation from others was associated with higher 

adoption of the technology. In the same spirit, Murendo, De Brauw, and Mugabi (2018) used as a network variable the number 
of mobile-money adopters with whom the respondent communicated about mobile money. 
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variable taking on the value 1 if the respondent had borrowed money from those close to him or her 

(family, employers, colleagues, friends, etc.) during the previous six months (that is, financial transactions 

with the respondent’s immediate neighborhood). The rationale behind the introduction of this variable is 

quite simple: respondents who borrowed money from people close to them were likely to have better 

knowledge of that immediate network’s mobile-money adoption status.5 

 If this variable does not have a significant effect on the probability of adoption (our expected 

outcome), then either the immediate network of the respondent did not adopt or the respondent did not 

follow the network’s decision to adopt. In any case, the network effect should not be important because 

we know that the extent of a network effect increases with the adoption rate6and the propensity of 

people to follow each other. On the other hand, a significant and positive effect means that respondents 

who are in a financial network (who interact financially) use mobile money more than those who are not. 

If the sign is positive, these financial interactions surely reflect the use of mobile money. 

 As mobile-money network-effect variables, the relevance of the interaction between the 

characteristics financial advice and loan and of the interaction between financial advice and financial 

transaction is clear. Let us mention that financial transaction is a binary variable coded 1 if the respondent 

had received or sent money the previous twelve months. 

 Concerning traditional phone communication, our network-effect variable took the value of 1 if 

the respondent indicated that the reason for owning an account with a specific mobile-money company 

was that the recipients or senders of calls or text messages were connected to his mobile-phone operator 

(Call Airtel), or because he subscribed to this operator (Account Airtel). Specifically, we considered the 

phone operator Orange (formerly known as Airtel) because most mobile-money accounts were created 

with that service.7 

 Finally, we used a non-linear probability model (logistic regression) in which the dependent 

variable was binary and coded 1 if the respondent had adopted mobile money. As a variable of mobile-

money adoption, we used mobile-money use. In addition to network-effect variables, we included other 

covariates such as mobile-phone ownership and other socioeconomic and demographic characteristics. In 

addition, as a result of possible endogeneity problems that could arise from the link between 

occupational categories and the main outcome, we dropped the control variable profession in some of 

 
5 Given the context, if Person A borrows money from Person B, it means there is mutual trust between the parties and that they 

are in financial network because they interact financially. In other words, borrowing money from a neighbor is an indicator of 
belonging to a network in which members interact. Each person had additional people with whom to interact. Moreover, 
borrowing money implies a certain dependence of the borrower on the lender. Concerning financial decisions, a borrower is 

more likely to follow his lender than any other person because the action of borrowing money increases the borrower’s degree 
of confidence in the lender. On the other hand, in Africa, the main goal of public actions in favor of mobile-money services is 
financial inclusion—that is, providing people with access to finance. 
6 There is a need of critical mass. However, the adoption rate had to be below the congestion level, if any. 
7 In Burkina Faso, during the FinScope survey, only two companies were operating: Orange (Airtel) and Mobicash. Among 

people who said they had a mobile-money account, 98% were with Orange and only 2% were with Mobicash. Of those who 
indicated they used mobile money, 99% used Orange, less than 1% used Mobicash, and none had taken out a loan from within 
her or his network, etc.  
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the regressions. Results are given in the last columns of Tables 3 and 5. 

 

4.2 Empirical Strategy: Discussion 

 

The basic definition of a network effect is an increase in an individual’s satisfaction derived from the 

use of a technology if the number of people using that technology increases. In other words, the analysis 

should explain individual utility by the size of adoption. We did not observe utilities, however. One way 

to do so could be to estimate a structural model as Bjorkegren (2019) did. However, a structural-model 

estimation requires richer data than can be expected from statistical resources in Africa. Fortunately, we 

could observe individuals’ choices. As a dependent variable, then, we used an indicator variable taking 

on the value of 1 if the respondent adopted the technology, as reported in Birke and Swann (2010), 

Goolsbee and Klenow (2002), and Brynjolfsson and Kemerer (1996). 

 The challenge was more difficult concerning the variables intended to capture network effects 

(Maertens & Barrett, 2012; Pontiggia, 2010). The reader would expect us to use the number of people 

who adopted the technology and with whom the respondent interacted on a regular base. The actual 

situation was more delicate, however, because the appropriate variable to identify the network effect 

was not necessarily a count variable. Indeed, as Bjorkegren (2019), Tucker (2008), and Manski (1993) 

have mentioned, if our network variable was the number of regular contacts who adopted the 

technology, a significant effect could be the consequence of simple correlation, conformism, or context 

because people shared similar characteristics or environments. In such a case, there would be simultaneity 

in adoption, contrary to what network-effect theory suggests (Bjorkegren, 2019). Network effect implies 

that individuals decide to adopt a technology once they know that others in their “network” have adopted 

it. To overcome this problem, some papers have controlled for individual characteristics or have 

considered individuals’ networks in the past (Goolsbee & Klenow, 2002) but have failed to account for 

unobserved characteristics (Bjorkegren, 2019; Goolsbee & Klenow, 2002; Manski, 1993).  

 Another source of endogeneity lies beyond this first aspect of the problem. Because of some 

individuals’ importance and influence, their decisions to adopt may cause mass adoption; this, in turn, 

would affect the size of the network and could be a source of double causality and, hence, of 

endogeneity (Tucker, 2008). In short, the challenge was to use network variables that avoided 

identification problems. In addition to the design of appropriate methods for data collection (RCT, natural 

experience, etc.), some authors have used proxy variables. For instance, Birke and Swann (2010) used 

binary variables related to nationality, friendship, and gender. Saloner and Shepard (1995) 

considered the value of deposits rather than the number of users of a bank. 
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4.3 Results 

 

The findings from the estimations of our model appear mainly in Tables 2-5. A first look at the results 

reveals that characteristics that affected the probability of adoption of mobile money were mobile-

phone ownership, gender, education, area of residence (more adoption in urban areas), and whether or 

not the individual belonged to a social group (cooperative, religion-based community, informal savings 

group, alumni, professional association, etc.). Similar results were reported by Foster and Rosenzweig 

(2010), Kikulwe, Fischer, and Qaim (2014), Mutsonziwa (2016); International Growth Centre (2016); 

Ouma, Odongo, and Were (2017); Anderson et al. (2017); and Gichuki and Mulu-Mutuku (2018). 

 

4.4 Direct and Indirect Network Effects in Mobile-Money Adoption 

 

Tables 2, 3, and 4 show results for the use of mobile money as a dependent variable. In Tables 2 

and 3, we present different models (Models 1-8), depending on the covariates considered. We first 

estimated a full model (Model 1). In Model 2, we removed the variable Bank Account Ownership to see 

the change in the effect of variable Profession. Then, in Models 3 and 4, we considered the interaction 

between receiving financial advice from social network and being involved in financial transaction 

(sending or receiving money) as direct network effect variables. In Models 5-8, we focused on direct-

network-effects variables related to loans from social networks. The marginal effects and odds ratios 

shown in Table 4 highlight the size of indirect network effects. 

 The estimates reveal that, regardless of the adoption variable or the manner in which we 

controlled for it, the direct network effect was not significant in the adoption of mobile-money services 

in Burkina Faso.8 Conversely, the indirect network effect strongly and positively did. For instance, the 

adoption propensity of people with Orange mobile-money accounts was at least ninety-seven times the 

adoption propensity of others because they regularly called Orange subscribers.  

 Mobile-money technology is not, however, yet able to generate its own network externalities. 

Rather, it is grounded in well-established networks of traditional phone communication. In other words, 

people are not more likely to use mobile-money services just because an additional individual uses them 

but are more likely to do so if the additional individual is in phone communication with him. The reason 

for the finding is simple. First, the mobile-money adoption rate is still relatively low in Burkina Faso, and 

it is well known that the extent of network effects depends upon the size of the network (Saloner & 

 
8 This was the only case in which the variable financial advice had a significant effect. Its sign was negative, implying that 
receiving advice from a social network seems to discourage the respondent from owning a mobile-money account. Indeed, 

Wattal, Racherla, and Mandviwalla (2010) argued that the way other people appreciate a good may make an  individual 
adopt it. In other words, even in cases in which a direct network effect existed, that effect would be negative, reinforcing our 
argument that direct network effects cannot be relied upon to foster the adoption of mobile money in Burkina Faso. 
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Shepard, 1995; Magnan et al., 2015; Murendo, De Brauw & Mugabi, 2018). Second, the use of mobile 

money is generally associated with economic and financial activity, and economic activity is often 

preceded or followed by phone communication. A mobile-money transaction without a phone call, text, 

or other message is rare. In fact, mobile-money networks are included in phone-communications network 

because it is almost impossible for two individuals to be connected via mobile money if they are not in 

the same phone-communication network. Building strong mobile-money networks, then, require attention 

to phone-communication services. 

 

4.5 Attenuation Bias and IV Estimations 

 

The use of proxies for network variables may raise concerns about measurement errors which, in 

turn, could lead to an attenuation bias—i.e., the estimated network effect size may be lower than it 

would appear if network variables were measured in terms of population size. Therefore, the 

insignificance the estimated direct network effects may be the result of attenuation bias. We addressed 

these concerns in two ways. First, the goal of this paper is to show that indirect network effects are more 

important than direct network effects in the use of mobile money. Because we used proxy variables for 

the two types of network effect, if estimated direct network effects were affected by attenuation bias, 

the same should be true for indirect network effects. Despite attenuation bias, however, indirect network 

effects were significant in comparison to direct network effects, revealing that the use of mobile money 

was probably more affected by indirect network effects. 

 Second, to correct for possible measurement-error bias as a result of the use of proxy variables, 

we considered an instrumental-variables estimation in a linear probability model. Specifically, we used 

the multiple-indicator solution described in Wooldridge (2010). Indeed, for each type of network 

variable, we examined data on two proxy variables (indicators). The approach then consisted of using 

one indicator as an instrument for the other under the assumption that both proxies were correlated only 

through their common link with the unobserved network variable. 

 In addition, except for the fact that they were proxies, we argued that the variables that 

captured direct and indirect network effects were potentially exogeneous. Finally, we explained the 

extent to which proxies were correlated only through their common link with the unobserved network 

variable.  

 Let us first consider indirect network effects and argue that there is no reason to suspect double 

causality. Indeed, in Burkina Faso, mobile-money technology (and its adoption) is more recent than 

mobile-phone communications (calls, text messages, internet access, etc.). Most people, then, used mobile 

phones for communication before they started using mobile-money services. We can therefore 

reasonably posit that the use of mobile-money services cannot be significantly related to decisions 
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regarding mobile-phone communications. In particular, the use of mobile-money services is less likely to 

induce mobile-money account ownership. Moreover, the content of variables Call Airtel and Account Airtel 

(the respondent had an Airtel account because she or he regularly called Airtel subscribers or because 

the respondent had subscribed to Airtel for communications) did not allow for reverse causality.  

 In our IV regressions, the Call Airtel variable was used as an instrument for Account Airtel because 

we considered Call Airtel to be more likely to reflect participation in a mobile-phone network than 

Account Airtel. Indeed, we can reasonably posit that making calls is a clear signal that the user is part of 

a mobile-phone network.  

 Finally, no formal method exists to test statistically whether two proxies are correlated only 

through their common link with an unobserved network variable. In our context, however, it was likely 

that any correlation between Call Airtel and Account Airtel was likely had come only from a linkage to 

the size of the respondent’s network. A Chi-squared test showed dependence between the two indicators 

(p-value=0.000), and the correlation was positive. If people who owned an Orange mobile-money 

account because they were subscribed to Airtel for communications were generally those who stated 

they owned an Orange mobile-money account because they regularly called Orange subscribers 

(positive correlation), the most likely reason is satisfaction with the size and the diversity of their 

respective phone network. 

 The two indicators for direct network effects were financial advice and loan. No evidence 

suggests reverse causality for loan because it is hard to imagine that the use of mobile money alone 

would induce people to borrow money from neighbors. On the other hand, if a relationship exists 

between the use of mobile money and receiving financial advice from others, the action of getting advice 

should take place before the use of mobile-money services, which reduces the risk of reverse causality. 

In our IV regressions, we used the indicator Loan as an instrument for Financial Advice. A Chi-squared test 

showed dependence between the two indicators (p-value=0.07), and the correlation was positive. 

Explaining how this dependence was due only to a linkage with the mobile-money network variable, 

however, is a greater challenge. 

 The results of the IV regressions confirm our findings and appear in Table 5. 

 

4.6 Policy Implications 

Our findings give rise to policy suggestions for public decision makers and mobile-phone and mobile-

money companies. Any policy that promotes financial inclusion through mobile-money services while 

imposing large taxes and fees on phone communication, or limiting access to the internet and social 

media, would be illogical. Such a policy may help achieve the goal in countries in which the adoption 

rate for the use of mobile money is already relatively high (Kenya, Tanzania, and Uganda, for example) 

but would not have the same effect in countries like Burkina Faso, Benin, and Togo. In the same vein, even 



14 

 

with lower prices for mobile-money services, a mobile-phone company may lose an important part of 

the market (of mobile-money services) if prices for phone communication are higher. 

 

V. Conclusion 

 

We have examined a specific question: is it reasonable to promote the use of mobile-money services 

while simultaneously preventing people from communicating via mobile phone? Indeed, recent debates 

have arisen in many developing countries whose governments intend to reduce financial exclusion 

(particularly via the adoption of mobile-money services) but sometimes develop actions against phone 

communication (fees and taxes, lack of access to internet or to messaging apps, etc.) 

 We conducted an empirical investigation into direct and indirect network effects in the use of 

mobile-money services, and our results can be illustrated by a simple theoretical framework. Our goal 

was not to identify a link between mobile-money adoption and social-network or mobile-phone use, as 

previous studies have done. Rather, we examined the specific relationship between mobile-money 

adoption and mobile-money networks on the one hand, and, on the other, between mobile-money 

adoption and the network of individuals who used mobile phones for communication. 

 Using FinScope data for Burkina Faso, we found no positive direct network externalities in 

mobile-money adoption. Conversely, indirect network externalities were strongly and positively present. 

The policy implication from these findings is that any policy that supports financial inclusion via the use 

of mobile money should support phone-communication services. 
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Table 1: Definition of Variables 

 
Dependent Variables Description 

Use of mobile money  Binary variable coded 1 if the respondent used 

mobile-money services 

  

Indirect network effects variables: 
phone communication 

 

Call Airtel* Coded 1 if the respondent had an Airtel mobile-

money account because she or he regularly called 
Airtel subscribers 

Account Airtel Coded 1 if the respondent had an Airtel mobile-

money account because she or he subscribed to 
Airtel for communication 

  
Direct network effects variables: 

mobile money 

 

Financial advice Coded 1 if the respondent received financial advice 
from people in this social network 

Loan Coded 1 if the respondent had borrowed money 

from people who were in close relationship with him 
Financial advice x loan Interaction 

Financial advice x financial 

transaction 

Interaction (see the “financial transaction” variable at 

the bottom of the table) 
  

Other covariates  

Age Continuous 
Gender 1 for men and 0 for women 

Residence area 1 for urban and 0 for rural 

Education Coded 1 if educated 
Profession Nominal outcome variable 

Marital status Coded 1 if the respondent was married 

Social group Coded 1 if the respondent belonged to a social 
group 

Proximity of mobile-money outlet  Time to the nearest mobile-money outlet (nominal 

outcome variable) 
Ownership of a mobile phone Coded 1 if the respondent had a mobile phone 

Financial transaction Coded 1 if the respondent had received or sent 

money in the previous twelve months 
Ownership of a bank account  Coded 1 if the respondent had a bank account 

  

  
* Airtel is the former name of Orange.  

 
  



 

Table 2: Network Effects and Use of Mobile Money 

 

Dependent: Use of mobile money  Model 1 Model 2 Model 3 Model 4 

  Coefficients   
Indirect network variables (phone 

communication) 

    

- Call Airtel 4.583*** 4.590*** 4.589*** 4.559*** 
- Account Airtel 6.311*** 6.345*** 6.345*** 6.409*** 

     

Direct network variables (mobile 
money) 

    

- Financial advice 0.067 0.070 0.075 0.115 

- Loan - 0.053 - 0.045   
- Financial advice x loan 0.101 0.034   

- Financial advice x financial 

transaction 

- 0.255 - 0.214 - 0.213 - 0.203 

     

Socioeconomic and demographic 

variables 

    

- Age - 0.037* - 0.036* - 0.036* - 0.016 

- Age2 0.000** 0.000** 0.000** 0.000 

- Gender 0.049 0.063 0.063 0.219* 
- Marital status 0.346* 0.357* 0.355* 0.483*** 

- Education 0.636*** 0.679*** 0.678*** 0.798*** 
- Residence area 0.417*** 0.494*** 0.494*** 0.724*** 

- Social group 0.338*** 0.320*** 0.322***  

- Profession  Base 
outcome = 

salaried 

employee 

  

- Self- employed - 0.468 - 0.646*** -0.648*** - 0.475* 

- Home worker - 0.472 - 0.648** - 0.650** - 0.468 

- Not working - 0.540* - 0.719*** -0.722*** -0.710*** 
 

Other covariates 

    

- Proximity of mobile-money outlet  Base 
outcome = 

less than 30 

minutes 

  

- Proximity of mobile-money outlet 

(more than 30 minutes away) 

- 0.419** - 0.443** - 0.445** - 0.317 

- Cannot assess -1.809*** -1.817*** -1.815*** -1.765*** 
- Ownership of a mobile phone  1.211*** 1.253*** 1.251***  

- Financial transaction 2.172*** 2.191*** 2.190*** 2.266*** 

- Ownership of a bank account  1.063**    
     

Constant -1.885***  -1.785*** -1.786*** -1.554*** 

Observations 4,963 4,963 4,963 4,963 
Pseudo R2 0.529 0.526 0.526 0.507 
 
Source: Produced by the authors using FinScope Data 2016 for Burkina Faso. *p-value < 0.10, **p-value < 0.05, ***p-value 

<0.010. 

 

 

Table 3: Network Effects and Use of Mobile Money (cont’d) 



 

Dependent: Use of mobile 

money  

Model 5 Model 6 Model 7 Model 8 Model 9 

   Coefficients   

Indirect network variables 

(phone communication) 

     

- Call Airtel 4.953*** 4.906*** 5.048*** 5.047*** 5.013*** 

- Account Airtel  6.546*** 6.415*** 6.565*** 6.557*** 6.573*** 

      
Direct network variables 

(mobile money) 

     

- Financial advice 0.097 0.094 0.125  0.108 
- Loan 0.117 0.014 0.077 0.035 - 0.031 

- Financial advice x loan - 0.110 - 0.179 - 0.143 - 0.018  

- Financial advice x 
financial transaction 

     

      

- Socioeconomic and 
demographic variables 

     

- Age 0.008 - 0.002 0.017 0.018 - 0.032 

- Age2 0.000 0.000 0.000 0.000 - 0.000 
- Gender 0.128 - 0.026 0.136 0.136 0.187 

- Marital status 0.334* 0.249 0.370** 0.373** 0.440*** 

- Education 0.935*** 0.828*** 0.971*** 0.979*** 1.017*** 
- Residence area 0.730*** 0.451*** 0.706*** 0.722*** 0.747*** 

- Social group 0.675***     

- Profession  Base 
outcome = 

salaried 

employee 

   

- Self- employed - 0.507** - 0.739*** - 0.518** - 0.512**  

- Home worker - 0.444 - 0.704*** - 0.478* - 0.471*  

- Not working - 0.758*** - 0.839*** - 0.805*** - 0.805***  
      

Other covariates      
- Proximity of mobile-money 

outlet 

 Base 

outcome = 

less than 30 
minutes 

   

- Proximity of mobile-money 

outlet (more than 30 
minutes away) 

- 0.447** - 0.455** - 0.354* - 0.341* - 0.339* 

- Cannot assess -2.161*** -2.029*** -2.053*** -2.055*** -2.094*** 

- Ownership of a mobile 
phone  

 1.382***    

- Financial transaction      

- Ownership of a bank 
account 

     

      

Constant -1.162*** -1.408*** -1.182*** -1.171*** -2.115*** 
Observations 4,963 4,963 4,963 4,963 4,963 

Pseudo R2 0.421  0.436 0.413 0.412 0.408 
 
Source: Produced by the authors using FinScope Data 2016 for Burkina Faso. *p-value < 0.10, **p-value < 0.05, ***p-value 
<0.010. 

Table 4: Network Effects and Use of Mobile Money (Marginal Effects and Odds Ratios) 

 



 

Dependent: Use of mobile-money  Coefficients Marginal 

effects 

Odds ratios 

Indirect network variables (phone 
communication) 

   

- Call Airtel 4.583*** 0.722*** 97.810 

- Account Airtel 6.311*** 0.827*** 550.346 
    

Direct network variables (mobile 

money) 

   

- Financial advice 0.067 0.013 1.069 

- Loan - 0.053 - 0.010 0.948 

- Financial advice x loan 0.101 0.020 1.106 
- Financial advice x financial 

transaction 

- 0.255 - 0.047 0.774 

    
Socioeconomic and demographic 

variables 

   

- Age - 0.037* - 0.007* 0.964* 

- Age2 0.000** 0.000** 1.000** 

- Gender 0.049 0.009 1.051 
- Marital status 0.346* 0.064* 1.414* 

- Education 0.636*** 0.127*** 1.889*** 

- Residence area 0.417*** 0.084** 1.517*** 
- Social group 0.338*** 0.067** 1.402*** 

- Profession Base outcome 

= salaried 
employee 

  

- Self- employed - 0.468 - 0.089 0.626 

- Home worker - 0.472 - 0.083 0.623 
- Not working  - 0.540* - 0.099* 0.582* 

    

Other covariates    
- Proximity of mobile-money outlet Base outcome 

= less than 30 

minutes 

  

- Proximity of mobile-money outlet 

(more than 30 minutes away) 

- 0.419** - 0.073** 0.657** 

- Cannot assess - 1.809*** - 0.365*** 0.164*** 
- Ownership of a mobile phone  1.211*** 0.207*** 3.358*** 

- Financial transaction 2.172*** 0.449*** 8.778*** 

- Ownership of a bank account  1.063** 0.240** 2.896** 
    

Constant -1.885***   

Observations 4,963 4,963 4,963 
Pseudo R2 0.529   

 
Source: Produced by the authors using FinScope Data 2016 for Burkina Faso. *p-value < 0.10, **p-value < 0.05, ***p-value 

<0.010. 

 

  



 

Table 5: Network Effects and Use of Mobile Money  

Dependent: Use of mobile 

money  

OLS IV OLS IV 

Indirect network variables 

(phone communication) 

    

- Account Airtel 0.346*** 0.331*** 0.482*** 0.535*** 

     

Direct network variables (mobile 
money) 

    

- Financial advice - 0.010 0.186 0.013 0.239 

     
Socioeconomic and 

demographic variables 

    

- Age - 0.003 - 0.004 0.003 0.001 

- Age2 0.000 0.000 0.000 0.000 

- Gender 0.009 0.016 0.018 0.017 
- Marital status 0.049*** 0.048*** 0.059*** 0.054** 

- Education 0.079*** 0.069** 0.130*** 0.112*** 

- Residence area 0.070*** 0.068 0.128*** 0.093*** 
- Social group 0.044*** 0.044***   

- Profession Base 

outcome 
= salaried 

employee 

   

- Self- employed - 0.046 - 0.052   
- Home worker - 0.032 - 0.031   

- Not working - 0.047 - 0.042   

     
Other covariates     

- Proximity of mobile-money 

outlet 

Base 

outcome 
= less than 

30 minutes 

   

- Proximity of mobile-money 
outlet (more than 30 minutes 

away) 

- 0.065** - 0.087 - 0.071* - 0.090 

- Cannot assess - 0.237*** - 0.238*** - 0.327*** - 0.317*** 
- Ownership of a mobile phone  0.098*** 0.090***   

- Financial transaction 0.303*** 0.303***   

- Ownership of a bank account  0.085* 0.053   
     

Constant 0.231*** 0.204** 0.217*** 0.200*** 

Observations 4,963 4,963 4,963 4,963 
R2 0.535 0.499 0.434 0.384 

 
 

Source: Produced by the authors using FinScope Data 2016 for Burkina Faso. *p- value < 0.10, **p- value < 0.05, ***p- 
value <0.010. 
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