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Abstract 

How do inexperienced consumers learn to use a new financial technology? We present results 
from a field experiment that introduced payroll accounts in a population of largely unbanked 
factory workers in Bangladesh. In the experiment, workers in a treatment group receive monthly 
wage payments into a bank or mobile money account while workers in a control group continue to 
receive wages in cash, with a subset also receiving an account without automatic wage payments. 
We find that exposure to payroll accounts leads to increased account use and consumer learn-
ing. Those receiving accounts with automatic wage payments learn to use the account without 
assistance, begin to use a wider set of account features, and learn to avoid illicit fees, which are 
common in emerging markets for consumer finance. The treatments have real effects, leading to 
increased savings and improvements in the ability to cope with unanticipated economic shocks. 
We conduct an additional audit study and find suggestive evidence of market externalities from 
consumer learning: mobile money agents are less likely to overcharge inexperienced customers 
in areas with high payroll account penetration. This suggests potentially important equilibrium 
effects of introducing accounts at scale. 
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1 Introduction 

The last decade has seen an unprecedented expansion in access to consumer financial products, with 

an estimated 1.2 billion adults gaining access to a bank or mobile money account over this period 

(World Bank, 2017). While this has expanded the financial tools available to households, there 

is also widespread concern that financial intermediaries can profit from exploiting inexperienced 

consumers (Campbell et al., 2011). This is especially true in developing economies where financial 

access has expanded rapidly against the backdrop of enormous variation in consumer experience 

and sophistication (Agarwal et al., 2018; Badarinza et al., 2019). 

This proliferation of new financial products and technologies has given rise to a debate about 

how to trade off access and consumer protection. Some regulators have argued that predatory 

practices are sufficiently widespread to warrant outright limits to access, fees, and product fea-

tures—potentially at the expense of gains from broader financial inclusion.1 Proponents of lighter 

regulation, on the other hand, have advocated for information-based policies that instead aim to 

increase transparency to strengthen consumer knowledge and sophistication. 

An important open question at the heart of this debate is to what extent risks to consumers 

can be mitigated by “learning-by-doing” that occurs naturally, as new financial technologies are 

introduced at scale and used on an everyday basis. Studying this question is empirically challenging 

for several reasons. First, the typically high degree of selection into adoption and active use of new 

financial technologies requires a setting with exogenous variation in access as well as incentives to 

engage with the technology to identify consumer learning. Second, many types of consumer protec-

tion risks, such as side payments to intermediaries, are difficult to observe in administrative data 

and may require surveys, audit studies, and other non-traditional data to be accurately measured. 

In this paper, we study consumer learning in the context of payroll accounts, a simple financial 

technology that is currently being rolled out to millions of workers worldwide in response to demands 

for increased supply chain transparency and as a result of the Covid-19 pandemic.2,3 We conduct 

a field experiment with a population of salaried factory workers in Bangladesh who, prior to our 

study, received their wages entirely in cash. In the experiment, workers were randomly assigned to 

either continue receiving wages in cash, or begin receiving wage payments into a bank or mobile 

money payroll account. In a set of comparison treatments, workers were given an account but 

1See, Mullainathan et al. (2009), and Beshears et al. (2018) for perspectives on behaviorally informed regulation, 
and Agarwal et al. (2015) on the effectiveness of current consumer financial protection regulation. 

2More than 50% of employees globally and 85% of employees in developing countries receive wages in cash. 
Approximately 300 million individuals earn regular verifiable wage income but do not have access to a formal financial 
account (Demirgüç-Kunt et al., 2017). In response to allegations of widespread labor rights and minimum wage 
violations, many international brands have started to require suppliers to pay employees into digital payroll accounts. 
This, in turn, has led entire industries to begin digitizing wage payments to their global workforce. See, for example, 
“Fashion Brands Team Up To Spearhead Campaign Around Wage Transparency”, Forbes November 5, 2019. 

3Several countries, including Bangladesh where our study is set, have made government bailouts during the 
pandemic conditional on firms phasing out in-person cash payments and introducing payroll accounts for workers. 
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continued receiving monthly wage payments in cash. We measure treatment effects on learning and 

real outcomes using panel of surveys as well as administrative data. We also employ a machine 

learning approach (Chernozhukov et al. 2018) to understand which types of consumers are able to 

learn how to use the financial technology in a more effective manner through exposure to payroll 

accounts. We additionally examine the market-level implications of consumer learning with a 

complementary audit study that examines how the prevalence of illicit extra charges changes as 

consumer sophistication in the market increases and information asymmetries between consumers 

and financial intermediaries are diminished. 

The setting of our experiment has several attractive features that help us trace how individuals 

engage with accounts and learn to overcome consumer protection challenges associated with a new 

financial technology. First, electronic payroll accounts are a financial technology with potentially 

high returns to adoption that is currently being introduced to millions of workers worldwide. At the 

same time, payroll accounts are susceptible to many common consumer financial protection prob-

lems, such as shrouded fees, commission-based incentives, and barriers to use among inexperienced 

consumers. Second, we measure behaviors and real outcomes, using comprehensive administrative 

data that captures all financial transactions made by study participants as well as self-reported 

survey data. Third, we are able to examine consumer learning in a controlled environment that 

allows us to induce random variation in access as well as incentives to use the technology among 

individuals in the same workplace environment. We hypothesize that being given an account alone 

lowers transaction costs and facilitates savings on the extensive margin by relaxing constraints re-

lated to account opening. Adding direct deposit wage payments provides an incentive to actively 

engage with the account on the intensive margin. This variation in the intensity of account use, 

generated by our experimental design, in turn allows us to identify whether frequent use causes 

consumers to learn how to use the financial technology in a more efficient and cost-saving manner. 

We find compelling evidence of consumer learning as a result of active engagement with the 

financial technology. Our payroll account treatments increase active engagement with the account 

and cause consumers to learn how to use the features of the technology to their advantage. While 

direct deposits lead, mechanically, to more withdrawal and cash-out transactions, participants in 

the treatment group also make more deposits, send-money transactions, and accumulate higher 

account balances. We document consumer learning using two main outcomes. Our first outcome, 

outside transactions, is an indicator for the likelihood of a worker making a transaction outside 

the workplace, where help with accessing the account is not readily available. Our second learning 

outcome direct transactions focuses on mobile accounts, and measures whether participants learn to 

transact through their account without the help of a mobile money agent, thereby sidestepping illicit 

extra charges which are widespread in our setting and many other markets for consumer finance.4 

4See, for example “Financial Services Agent Survey” (EFINA, 2020), which shows that 40% of financial services 
agents in Nigeria overcharged consumers and the “Financial Inclusion Insights Survey” (CGAP, 2018), which finds 
that 12% of mobile money customers in Bangladesh noticed that they were being overcharged. The actual incidence 
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We find learning effects along both of these dimensions. Most substantively for worker welfare, 

those receiving direct deposits into a mobile account are less likely to make costly over-the-counter 

transfers brokered by intermediaries, which are banned by the platform, but extremely common in 

our worker population. Notably, the treatments do not change the number or frequency of transfers 

to others. Moreover, the differential impacts of direct deposit relative to account only on illicit fees 

cannot be explained by differences in transaction costs alone.5 Thus, direct deposits induce learning 

about the financial accounts and help to partially mitigate the kinds of consumer protection issues 

that are common in settings with limited capacity for regulating consumer transactions. 

The learning and consumer protection impacts from receiving a payroll account are accompanied 

by an increase in trust, as measured by whether the respondent would feel comfortable leaving BDT 

1,000 (US$12) in an account.6 This effect is most pronounced for mobile money accounts – the 

more novel and technologically demanding type of account used in our study. While baseline trust 

in bank accounts (56%) is substantially higher than trust in mobile money accounts (38%), our 

intervention eliminates this trust gap almost entirely for individuals who are given a payroll account. 

Our treatments also affect real outcomes, including savings and the ability to cope with unan-

ticipated shocks. Receiving wage payments into a formal account causes a large increase in formal 

and overall savings at all measured time horizons. Specifically, our intervention increases the like-

lihood of having any savings by 4-11 percentage points and more than doubles the likelihood of 

individuals having savings in a formal account from a base of 25%. In contrast, simply providing 

an account has much smaller and often undetectable impacts on savings. Our results suggest that 

workers both shift resources from informal to formal vehicles and generate new savings by reducing 

discretionary consumption as a result of receiving direct deposit wage payments. In line with prior 

research, on account ownership and savings we also find evidence that our treatments improved the 

ability of workers to smooth consumption. Workers receiving direct deposits report fewer instances 

where they were unable to mitigate an unforeseen shock due to lack of resources. However, we 

cannot statistically distinguish these effects from the account only group. 

In the second part of our analysis, we examine which characteristics shape an individual’s ability 

to learn how to optimally use the technology. Rather than search for treatment effect heterogeneity 

trait-by-trait, we use the machine learning (ML) approach proposed by Chernozhukov et al. (2018) 

to let the data reveal patterns of heterogeneity. We detect no heterogeneity in our main savings 

and consumption smoothing outcomes, which suggests equal gains through exposure for all groups. 

The ML procedure does detect heterogeneous impacts on consumption and consumer learning. 

Interestingly, the ML tool partitions the sample into “savers” and “learners.” The “savers” cut 

is likely much higher. 
5For individuals with their own account, a person-to-person transaction requires visiting an agent to perform 

a cash in transaction and then executing a simple transfer on the mobile phone. An over-the-counter transaction 
requires visiting the same agent to make the transfer. 

6We use the exchange rate as of May 2014, the start date of our experiment, for all currency conversions. 
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discretionary consumption to generate new savings, but do not experience large learning-by-doing 

gains, while the “learners” do not cut consumption by as much but experience large learning-by-

doing gains. “Savers” are more likely to be females, parents, in positions of low levels of household 

resource control, and those with low levels of education and experience with financial products. 

In contrast, “learners” are more likely to be men, those without children, those with higher levels 

of education, and prior financial access. These results suggest that while the benefits of direct 

deposits and accounts are spread throughout the population of workers, consumer protection gains 

from learning-by-doing are largely experienced by those with some prior financial access. More 

far-reaching interventions may be needed to benefit the least experienced users. 

Finally, we ask whether consumer learning generates positive externalities at the market level. 

We examine this question through an audit study that we conducted in neighborhoods surrounding 

our study location which differ in the local level of payroll account adoption. In the audit study, fac-

tory workers were assigned to visit mobile money agents located in neighborhoods with high versus 

low levels of payroll account penetration and ask for assistance with a simple financial transaction. 

The outcome of interest is whether consumers are charged an extra fee for the transaction, which is 

a practice that is banned by the platform, but extremely common in practice. We find that mobile 

money agents are significantly less likely to overcharge inexperienced workers in areas with higher 

payroll account penetration. Specifically, we find that the same worker is 15 percentage points less 

likely to be overcharged in an area with above-median payroll account penetration. This result is 

robust to controlling for supply-side factors, such as the density of the agent network, suggests that 

unsophisticated users stand to benefit as the average user becomes better informed, and implies 

positive externalities from consumer learning. 

Taken together, our results show that financially inexperienced consumers can benefit substan-

tially from payroll accounts when the employer and financial service providers play active roles in 

the process. Our results reveal that the benefits of payroll accounts arise from two separate chan-

nels: the direct benefits of account ownership, as well as the benefits of “learning-by-doing” that 

generate tangible consumer protection benefits. Subsidizing, rather than restricting, the use of new 

financial technologies may therefore be an effective approach to reducing some types of consumer 

protection risks. The results also suggest where scarce regulatory resources should be targeted – 

toward women and less financially included and experienced populations. 

Our paper contributes to three main strands of the literature. First, we contribute to a literature 

on new financial products and consumer protection. While new financial products and technologies 

have numerous features that have been helpful to financial inclusion (see Bachas et al. 2017; Suri 

2017), they may also generate risks, especially for populations with low prior levels of financial 

literacy and experience (see Campbell et al. 2011; Bartlett et al. 2019). Several studies show 

that lenders target less educated consumers and strategically exploit information asymmetries and 

behavioral biases in a way that harms consumers (Gabaix and Laibson, 2006; Bertrand and Morse, 
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2011; Dobbie and Skiba, 2013; Giné et al., 2014, 2017; Egan et al., 2018). Similarly, in many 

consumer finance settings, financial intermediaries face incentives to sell commissions-based services, 

rather than services that minimize costs for the consumer (see Anagol et al. 2017, 2020 and Egan 

et al. 2019). While there is a small literature showing that individuals learn from their financial 

experiences (Anagol et al. 2020), there is little evidence on whether “learning-by-doing” can enable 

consumers to avoid common risks over time. One notable exception is Giné and Goldberg (2020), 

who show that inexperienced consumers who were induced to actively use a bank account are more 

likely to choose a lower-cost account when given the option. We shed light on these issues by 

examining to what extent active engagement with a financial technology helps consumers learn to 

use its features to their advantage and avoid common consumer protection risks. 

Second, our results speak to the literature on financial inclusion. A large body of research 

has documented high demand for bank and mobile accounts among the unbanked and illustrated 

various benefits of account ownership (see Jack and Suri 2014, 2016; Callen et al. 2019; Breza and 

Chandrasekhar 2019; Schaner 2018). Burgess and Pande (2005) and Bruhn and Love (2014), for 

example, study branch banking expansion and find positive impacts on income levels and poverty 

reduction. At the same time, large account opening drives led by governments and the private sector 

have often been unsuccessful at encouraging active engagement with formal accounts. Agarwal et 

al. (2018) study the world’s largest financial inclusion program, under which 255 million bank 

accounts were opened in India and report that more than 80% of account holders do not make a 

single deposit or withdrawal within six months of account opening. We contribute to this line of 

research by documenting the real effects of payroll accounts and consumer learning. 

Third, our results add to a literature that has examined how commitment features and de-

fault assignments in financial products can incentivize account use and generate behavioral change 

(see Madrian and Shea 2001; Ashraf et al. 2006; Beshears et al. 2018, 2020; Blumenstock et al. 

2018; Somville and Vandewalle 2018; Dupas and Robinson 2013; Riley 2020).7 Such commitment 

features are increasingly being used to incentivize active engagement with accounts, for example 

by channeling government transfer payments into bank or mobile accounts.8 Our study uses the 

assignment to payroll accounts, a technology that generates similarly strong incentives to actively 

engage with an account, to examine impacts on consumer learning and real outcomes. 

The remainder of the paper is structured as follows. In Section 2, we describe the context, setting 

and design of our study. Section 3 describes our data sources and presents descriptive statistics. 

Section 4 presents our empirical strategy and experimental results, while Section 5 presents the 

design and results of the supplemental audit study. Section 6 concludes. 

7See also Breza et al. (2018) who examine signaling motivations in the demand for commitment savings products. 
8See, for example, Muralidharan et al. 2016; Field et al. 2018, who study accounts opened alongside a large 

workfare program in India, or Bachas et al. (2017) who study debit cards rolled out as part of the Oportunidades 
conditional cash transfers program in Mexico. See also Haushofer and Shapiro (2016) who study the impact of 
unconditional cash transfers into mobile accounts. 
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2 Background and Research Design 

2.1 Payroll Accounts for Low-Income Workers 

We study consumer learning in the context of a simple financial technology: payroll accounts for 

low-income workers. Despite rapid advances in financial inclusion, cash wage payments are still 

the norm in low and middle-income economies. Approximately 85% of all salaried employees in 

developing economies receive their wages in cash and are often unable to open a formal financial 

account without the assistance of their employer, despite having documented regular income.9 

The introduction of employer-sponsored payroll accounts addresses the inefficiencies of cash 

wage payments from the perspective of the firm as well as that of the employee.From the firm’s 

perspective, payroll accounts are efficiency-improving because they dramatically reduce transaction 

costs of administering regular wage payments. Payroll accounts also reduce the scope for corruption 

and wage theft, as well as security and insurance costs associated with disbursing wages in cash. 

With the increasing integration of international supply chains, firms have faced greater calls for 

wage transparency and adherence to international labor standards, often as a prerequisite for doing 

business with large multinational buyers in the export market.10 The introduction of payroll 

accounts reduces the scope for violations of minimum wage laws and limits on weekly work hours 

and enables employers to transparently document wage payments to employees. More recently, 

the Covid-19 pandemic has led to a dramatic increase in the use of payroll accounts globally, as 

many firms have sought to phase out cash payments that require person-to-person interactions. 

Many countries have, in fact, made it mandatory for employers to phase out cash payments. In 

Bangladesh, the government made a bailout for the garment sector conditional on the introduction 

of payroll accounts for workers, which led to 800 firms digitizing wage payments for more than one 

million workers within one month.11 

From the employee’s perspective, payroll accounts are attractive because of their potential fi-

nancial inclusion benefits. The majority of salaried employees around the world remain unbanked 

and face significant barriers that prevent them from accessing a formal account. Such barriers 

include prohibitive minimum balance and documentation requirements and a wide range of social 

constraints that prevent inexperienced customers from engaging with the formal banking system. 

Payroll accounts typically do not have minimum balance requirements, allow the employer to sub-

mit documentation on behalf of the employee, and can reduce social barriers to account use by 

9See Demirgüç-Kunt et al. (2017) for details and additional statistics on financial inclusion around the world. 
10In many industries, including the garment manufacturing sector where our study is set, paying wages through 

payroll accounts is increasingly becoming a requirement for doing business with large buyers in the export market. 
These requirements have largely taken effect after we completed our intervention and have led to a steep worldwide 
increase in the adoption of payroll accounts. Relatedly, Boudreau (2020) shows how multinational enforcement of 
labor regulations can improve compliance and worker safety. 

11See “Scaling the Impact of Digital Financial Services: The Opportunity and Imperative during Covid-19”. Mas-
tercard Center for Inclusive Growth, September 2020. 
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making accounts mandatory and providing training and banking facilities near the workplace.12 

Payroll accounts are also typically portable and remain accessible to the employee even after the 

employment relationship has ended, and potentially provide a pathway to the use of other financial 

products. Because payroll accounts generate an inherent incentive to actively engage with a formal 

account, they are likely to have additional inclusion benefits, similar to those that have been shown 

in the case of direct deposit government payments and other financial products with a default 

component (see Muralidharan et al. 2016, Blumenstock et al. 2018, and Callen et al. 2019). 

Traditionally, payroll accounts have used the conventional banking infrastructure, channeling 

paychecks into deposit accounts. However, in many developing economies, the limited reach of the 

physical banking infrastructure has hampered the expansion of payroll accounts. In recent years, 

mobile money technologies have been able to successfully address these challenges by establishing a 

decentralized network of mobile money agents.13 In addition, financial service providers have used 

mobile money technologies to develop hybrid payroll account products that combine the advantages 

of bank and mobile money accounts.14 In order to shed light on the comparative advantages of 

different types of payroll accounts, we use bank and mobile money accounts in our experiment. 

Because consumers access mobile money accounts through commissions-motivated intermedi-

aries (mobile money agents), their widespread adoption raises a number of consumer protection 

issues that go beyond those present in conventional banking (see Anagol et al. 2017). While access 

to a mobile money account reduces transaction costs, inexperienced customers often require assis-

tance to use their account and do not use the technology in the most cost-effective way. Instead 

of transferring money from person-to-person using their own account, many inexperienced users 

require the help of an intermediary and make transfers using agent-to-agent transactions that incur 

additional fees on both ends of the transaction. Although the practice is officially not permitted 

by mobile money providers in our setting, it is extremely widespread. In our audit study, we 

find that agents overcharge consumers in 31% of all transactions. Similarly, inexperienced work-

ers may be unable to use their account without an intermediary and may be prone to disclose 

passwords and other identifying information to mobile agents or peers to help them access their 

account, which raises additional consumer protection concerns. One question we ask in this study is 

whether repeated interaction with the financial technology through direct deposit wage payments 

enables inexperienced customers learn to use accounts in a more cost-saving manner and avoid 

these common consumer protection risks. 

12In our population, workers by and large could not have opened accounts without the assistance of their employers. 
The firm, for example, provided employment records and identification data directly to the partner financial institu-
tions. Formal account ownership at baseline was exceedingly rare, and it was not possible to link wage payments to 
pre-existing accounts. 

13Mobile money also offers additional features and functionality that traditional bank accounts lack, and that 
may make mobile money more useful for certain types of transactions such as remittances. In our experiment we 
use accounts that permit person-to-person transactions, the ability to cash in or out at any registered agent in the 
nationwide network, the ability to make direct payments, and airtime purchases from mobile providers. 

14See Suri (2017) for an overview of the literature on mobile money. 
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2.2 Setting and Sample Population 

We conduct our study with workers in the garment manufacturing industry in Bangladesh. The 

ready-made garment sector is one of the largest exporting industries globally and among the most 

important sources of formal employment in the developing world. Bangladesh currently ranks as 

the world’s second largest exporter of ready-made garments, just behind China, and the country’s 

large garment industry accounts for approximately 20% of the country’s GDP and 85% of the 

nation’s $40 billion in annual exports.15 

The labor force employed in Bangladesh’s garment manufacturing sector has grown at an annual 

rate of 17% since 1980. Today, garment manufacturing firms in the sector employ approximately 

4 million workers, of which 80% are female (Heath and Mobarak 2015). Many workers from rural 

areas are drawn to the relatively high, regular salaries paid in the garment industry and aim to 

save a portion of their paychecks. However, owing to high account maintenance fees, minimum 

balance requirements, and documentation requirements, workers in the garment sector are usually 

unbanked. At the time of our intervention, even large firms in the sector still paid wages entirely 

in cash. Moreover, there are significant social barriers that prevent low-income households from 

active participation in the formal banking system. Anecdotally, many workers reported not feeling 

comfortable using bank branches or mobile money agents, despite having clear savings goals. These 

characteristics make the setting ideal for studying how individuals learn about financial products 

– there is a clear unmet demand for savings products and other financial services, but low baseline 

literacy, social barriers, and the incentives of agents limit the ability for workers to learn. 

The population for our study consists of workers employed by two large garment manufacturing 

firms located in greater Dhaka, Bangladesh. Workers in the sample were selected from the universe 

of production workers employed by these firms at the time of our baseline survey. The firms 

provided us with full lists of their manufacturing line workers. Workers are assigned to one of 

several salary grades, based on seniority and task. We exclude workers at the lowest seniority level, 

which consists of workers whose tenure at the firm is too temporary to warrant opening a formal 

payroll account. This leaves us with a sample of 3,136 workers who participated in our experiment. 

2.3 Experimental Treatments 

Prior to our study, all workers in the sample received monthly wage payments entirely in cash. The 

treatment conditions of our experiment randomly assigned workers to receive their wage payments 

through different channels:16 workers were assigned either to a control group that continued to 

15See Machiavello et al. (2020a) and Machiavello et al. (2020b) for studies set in the same context. 
16Because of the substantial fixed costs of setting up the intervention at each participating firm, we use a within-firm 

randomization. To the extent that workers in the control group receive spillovers from treated workers, we should 
expect that to make it harder to detect impacts of our payroll treatment relative to the other conditions. We test for 
the presence of spillover effects directly in Appendix D.2. 
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receive wage payments in cash, a treatment group in which workers received direct deposit wage 

payments into a payroll account, or a treatment group in which workers were provided with an 

account but continued to receive wage payments in cash. 

Control group. We assigned 728 (23%) workers to a control group, in which workers continued 

to receive wage payments in cash. Workers assigned to this treatment were paid once a month and 

received their wage payments in cash on the firm’s premises following the same protocol that was 

in place prior to our study. 

Bank or mobile payroll. We assigned a total of 1,757 (56%) workers to our main treatment 

group, the bank or mobile payroll treatment condition. Within this group, the partner firm opened 

bank payroll accounts for 884 workers and mobile payroll accounts for 873 workers. Workers 

received a payroll account with monthly direct deposit wage payments.17 Workers who received a 

bank payroll account were provided with a debit card that they could use for withdrawals at an ATM 

installed on the factory premises, or at bank branches, ATMs, and stores outside the workplace. 

For workers assigned to receive a mobile money account, the partner firm opened a payroll account 

with Bangladesh’s most popular mobile money platform, which is widely used among all segments 

of the population and has an extensive agent network throughout the country.18 Whenever a worker 

was assigned to a mobile payroll account, we additionally issued the worker a personal SIM card 

linked to their account to ensure that accounts could be accessed reliably and that workers were 

not dependent on linking their account to a phone number that is not their own.19 Any worker who 

did not have reliable access to a mobile phone was encouraged to opt out of the payroll component 

of their account, but still received a non-payroll account.20 

Bank or mobile account In order to separate the effect of receiving direct deposit wage 

payments into an account from the effect of account opening alone, we assigned a total of 651 

workers (21%) to a bank or mobile account treatment group. Within this group, our partner firm 

opened 201 bank accounts and 450 mobile money accounts, but continued to pay monthly wages 

in cash so that use of the account was entirely optional. Workers in the bank or mobile account 

group were free to use the same ATMs and mobile money agents at or outside the workplace that 

were also available to participants in the payroll account group. As in the payroll account group, 

workers who received a mobile money account were additionally issued a personal SIM card to 

ensure reliable access to their account. 

To hold the cost of access constant across the two types of accounts, our partner firms installed 

17Workers could opt out of the treatment if they were not able to access the account securely or did not wish to 
receive direct deposit wage payments for any other reason. 

18In 2018, the platform had more than 30 million active users, a network of more than 160,000 agents in all parts 
of the country, and a market share of over 90%. 

19In a separate exercise, we experimented with additionally providing a random set of participants who did not 
have primary access to a phone with their own mobile phone. The results do not alter our main findings and are 
available upon request. 

20As described below, we use an intent-to-treat (ITT) research design. 
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ATMs and stationary mobile money agents on the factory premises.21 While the mobile agents 

offered full service, the ATMs were only capable of withdrawals and did not accept deposits. In 

addition, all account opening and transaction fees were reimbursed for the duration our study.22,23 

Throughout the study, a staff member was available on the factory premises to help workers with 

any technical difficulties or problems accessing their account. This was an especially important 

step in our setting, where baseline trust in accounts is very low and any problems accessing the 

account in the early trial period are very likely to cause participants to abandon the technology 

and revert to cash.24 

2.4 Treatment Implementation 

Within our sample frame of 3,136 workers, treatment was randomized at the individual worker level. 

Because randomization was conducted sequentially at each partner firm, we stratified treatment by 

firm. Within firm, we further stratified on worker gender and salary grade. 

Because collecting the required paperwork, processing account opening documents, and initi-

ating electronic wage payments was a relatively time-consuming process, we rolled out the experi-

mental treatments in multiple phases over a 12-month period at each study location.25 Individuals 

were randomized to both a treatment and an implementation date prior to the beginning of the 

intervention. Worker turnover is high in our setting, and we therefore obtained updated staff lists 

prior to each round of implementation and sampled from a replacement list in case a worker was no 

longer employed at the firm on their assigned treatment date. Members of the survey team visited 

study locations ahead of each phase of the account roll-out and conducted training sessions for 

workers assigned to receive an account. The training sessions were designed to familiarize workers 

with the features and functionality of the account, but did not contain any additional financial 

education content.26 

We use an intent-to-treat (ITT) analysis in all of our main specifications. There are several 

reasons why actual treatment and assigned treatment might differ. First, some individuals left the 

21The bank and mobile money partner institutions ensured that the ATMs and mobile agents had sufficient cash 
to meet the demands of workers on pay day. 

22The main charges when using a mobile money account are cash-out fees which, at the time of our study was 1.9 
percent of the transaction amount. In the payroll account treatment, we reimbursed an amount equivalent to the 
hypothetical fee that would be charged if the worker withdrew her entire salary. 

23The industry standard in Bangladesh is for the firm to pay any fixed account fees, but for the workers themselves 
to pay cash-out fees. The results of our study thus represent a no-fee benchmark. 

24This was, in fact, a dynamic we documented in several pilots. We interpret this as suggestive evidence that 
the introduction of simple financial technologies, such as the one we study, may be prone to fail in inexperienced 
populations unless all aspects are implemented well (see Kremer 1993). This is also supported by pilot tests that we 
conducted prior to our study, in which technical problems in the early stages of adopting the financial technology 
were a main reason for participants to opt out of payroll accounts in favor of cash payments. 

25The main experiment was conducted between November 1, 2014 and December 1, 2016. 
26Our implementation provided extensive training and assistance with accounts. Thus, our results highlight the 

potential benefits of payroll technologies under a best-case scenario and are likely an upper bound, relative to adoption 
in a less controlled setting. 
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factory before being treated. While our policy was to only announce treatment status one month 

prior to the actual treatment date, we conduct our analysis on the full set of workers present in the 

factory before the first treatment phase was announced. Second, a small number of individuals opted 

out of receiving the direct deposit component of the payroll account. Third, the bank and mobile 

money partners rejected a number of account applications due to insufficient documentation.27 

Finally, in some cases, account opening took longer than one month, thus delaying the actual 

treatment date. In our panel analysis of the follow-up surveys, we therefore use intended rather than 

actual treatment date in our main regression specifications. We present the first-stage relationship 

between assigned and actual treatment in Appendix Table D.3. On average, 92% of individuals 

assigned to the bank or mobile payroll treatment received the treatment and 90% of individuals 

assigned to the account only treatment eventually received an account. The difference is not 

statistically significant (p-value = 0.407). 

3 Data and Descriptive Statistics 

To analyze how exposure to payroll accounts affects behaviors and real outcomes, we combine 

multiple rounds of survey data with administrative records that capture the universe of financial 

transactions made through mobile and bank accounts assigned as part of our study. These data 

cover a time period of approximately two years, during which our field experiment was conducted.28 

3.1 Survey Data 

Our main data source consists of a comprehensive baseline and endline survey, as well as five rounds 

of shorter midline surveys, administered over a period of approximately two years. Before being 

assigned to one of the experimental treatments, each worker completed a baseline survey that 

included modules on demographics, savings, consumption, household finances, financial literacy, 

and planning. In total 3,136 study participants completed the baseline survey, of which 2,749 were 

successfully assigned to one of the treatment groups. Workers then completed periodic follow-

up surveys that were much shorter than the baseline survey and focused primarily on questions 

relating to ongoing expenditures and financial decisions. We administered a comprehensive endline 

survey approximately 18 months after the first participants were enrolled in the study and received 

an account. The endline survey was completed by 2,376 of the 3,136 respondents of the baseline 

27Both financial partners required all workers to pass a “know your client” (KYC) document review, mandated by 
the regulator, before opening an account. The most common reason for rejection at this step were inconsistencies in 
the worker’s national ID card. For example, some workers’ ID cards had their photograph, but an incorrect first or 
middle name, or different spelling than in other documents. The lack of unique identification and straightforward 
procedures for proof of identity is an important barrier to financial inclusion facing many developing countries. 

28See Appendix B for a timeline of our intervention, survey rounds, and additional data collection. 
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survey.29 Of the participants in this sample, 1,109 completed the full panel of baseline, follow-up, 

and endline surveys.30 

Table 1 reports summary statistics for our sample, using data from the baseline survey. The 

average respondent in our sample is female, has been employed at the firm for three years, and 

earns a monthly base salary of BDT 6,779 (US$80). On average, workers in our sample have 

completed only elementary school, 57% are not literate, and many workers in our sample also 

struggle with numeracy, as reflected in comparatively low average scores on a digit span test. 

While most respondents in our sample state that they plan to save, many are unable to meet 

their savings goals: 22% of our respondents would not be able to save BDT 5,000 for emergency 

expenses, 47% needed to borrow at the end of the month, and 65% report having difficulty sticking 

to financial plans. 

Workers in our sample have very little experience using formal financial services and low trust in 

formal accounts. While a high share of workers stated that they planned to save, only 25% report 

had savings in any formal account at baseline. The median worker sends monthly remittances worth 

approximately 22% of her monthly base salary, indicating high demand for remittance services. 

While seventy-five percent had used a mobile payments platform to send money, very few used 

their own account – less than 1% had a balance in a mobile account. The use of informal financial 

services, on the other hand, is widespread: 33% of workers had informal savings, such as keeping 

cash at home or with local savings groups, while approximately half of all participants had informal 

loans outstanding, typically at extremely high interest rates. 

The baseline summary statistics also reveal extremely low trust in formal accounts. We asked 

respondents “would you be comfortable leaving BDT 1,000 in a [bank or mobile] account for 30 

days? ”. Answers were given on a 10-point scale. Averaging across bank and mobile responses, 

the mean report is 3.7. Panel (a) of Figure 5 splits the sample into groups who report (¿5) vs. 

(¡=5) on the trust question, averaged over account type. 73% of respondents fall into the low 

average trust category.31 Figure 5, panel (b) shows that trust in formal accounts is even lower 

among respondents that have never used a bank or mobile account.32 Figure 2 reports summary 

statistics on respondents’ confidence using the formal financial services. The figure plots responses 

to the question “how comfortable are you making a transaction at a bank branch or mobile money 

29At one study location, the first follow-up survey was conducted before treatment assignments had been revealed. 
In that location, we restrict our sample to individuals still working in the factory at the time of that follow-up. 

30In some of the follow-up rounds, we did not have the permission of the factories to survey the full set of partic-
ipants. In these “thin” rounds, we randomized which workers were contacted. This explains why the set of workers 
with a full panel is much smaller than the set of workers who completed an endline survey. 

31Focus group discussions suggest that workers are worried about being overcharged by financial agents in regular 
transactions as well as the lower probability event that an agent fraudulently uses personal account information to 
make withdrawals. 

32This masks differences in trust between types of accounts. Trust in bank accounts is generally higher than trust 
in mobile accounts. This may be due to customers not thinking of mobile accounts as a savings device, or customers 
being less inclined to trust commissions-motivated mobile money agents through which they access the account. 
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agent? ”. Figure 2, panel (a) shows that a large majority of respondents in our sample are not 

comfortable using bank branches or mobile money agents, and Figure 2, panel (b) shows that this 

is even more true for respondents in the low-experience sample who have not used a bank or mobile 

account before. 

3.2 Administrative Data 

In addition to the survey data, we obtained detailed transaction data for all participant accounts in 

our study. With the consent of participants, our partner bank and mobile money provider shared 

data on monthly account balances and the universe of transactions made in all accounts linked 

to our study. Each transaction record in this data set includes the transaction time, location, as 

well as information on the transaction type and fees charged. In total, this data set covers 903 

bank accounts, 1,093 mobile accounts and records 82,055 individual transactions over a period of 

approximately two years. These data enable us to study consumer learning by comparing account 

usage over time between those receiving a payroll account versus a simple account Moreover, access 

to the administrative data allows us to supplement and validate the survey responses. Notably, 

the administrative data reflects the full universe of workers receiving any account and is free from 

attrition concerns and concerns of enumerator demand effects. Having access to the complete 

transaction data for all accounts linked to our study allows us to test for these possibilities and 

verify the quality of the survey data. 

We also received personnel data from the partner firms. While these outcomes are not the focus 

of our analysis, we report a summary of treatment effects in Appendix Table D.12. 

3.3 Main Outcomes of Interest 

The focus of our study is the impact of payroll accounts on account use, consumer learning, and 

consumer protection. To measure how actively consumers engage with the account, we use both 

the self-reported survey data and the administrative transaction-level data. Intuitively, we would 

expect to see more active engagement with accounts under the payroll accounts treatment, as 

workers in this treatment condition receive direct deposit wage payments into their account by 

default and thus face much stronger incentives to actively engage with the account than workers 

in the bank or mobile account condition, for whom use of the account is optional. 

We use two key outcomes to track how consumers learn to navigate the financial technology. 

Our first outcome, outside transactions, is an indicator for whether a transaction was performed 

outside the workplace. As Figure 2 illustrates, most employees in our sample report being either 

“uncomfortable” or “very uncomfortable” using a bank or mobile money agent without assistance. 

In the implementation of the study, we ensured that workers assigned to receive an account always 

had access to a bank or mobile money representative who could assist with problems accessing the 
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account and resolve any technical issues. Such assistance was not available outside the workplace, 

which makes outside transactions a meaningful indicator of having learned to navigate the financial 

technology sufficiently to use it without assistance. 

Our second outcome of interest is an indicator for performing a financial transaction through 

one’s account rather than an intermediary. We focus on send-money transactions which, in our 

setting, only occur in mobile money accounts and are particularly relevant because of their potential 

use as a low-cost means of sending remittances. Making a send-money or payment transaction 

requires the customer to navigate the English language mobile money interface, enter their PIN, the 

transaction amount (inclusive or exclusive of cash-out fees), and the recipient’s phone number. This 

opens up many possibilities for error, so the norm is for inexperienced consumers to perform send-

money transactions through a mobile agent who typically charges between 2-6% of the transaction 

amount for providing this service in addition to any fees charged by the mobile money provider.33 

These added fees are formally prohibited by the mobile money platform, but are commonplace. We 

thus measure learning using the outcome variable direct transactions, which measures to what extent 

customers learn to make transactions directly through their own account, thereby sidestepping 

intermediaries and avoiding illicit fees altogether. This is the key indicator for evaluating any 

consumer protection benefits of payroll accounts and learning. 

While not our main focus, we can also measure whether payroll accounts affect other real 

outcomes of interest, including total savings, remittances sent to friends and family, consumption, 

and the ability to smooth shocks. 

3.4 Balance and Attrition 

Table 1, column (3) presents a test of balance and confirms that the randomization was successful. 

The tests show that the treatment groups are balanced along pre-treatment observables. 

Given the high rates of worker turnover we observe in our setting, one potential concern is the 

possibility of differential attrition by treatment.34 In order to reduce the overall level of attrition, 

we collected additional contact data for all study participants and complemented field surveys with 

phone interviews of workers that either left the factory after the initial treatment assignment or 

couldn’t be reached in-person. Table 2 tests for differential survey attrition and worker turnover 

by treatment. Columns (1) and (3) test for differential survey completion at follow-up (Panel A) 

and endline (Panel B). Columns (2) and (4) test for differential employment turnover. We find 

no detectable differential attrition or worker turnover in any treatment or at either time horizon. 

While the absence of differential attrition is reassuring, we can also validate a subset of our survey 

33In our setting, send-money transactions are free of charge. The recipient is charged a fee of 1.9% of the transaction 
amount only when cashing out. 

34If workers thought the payroll account was a useful perk, treatment could reduce turnover. On the other hand, if 
workers were better able to meet their savings goals in treatment arms in which they received an account, treatment 
could hasten turnover. 
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results with administrative data, which contains usage information on the full universe of program 

accounts over time. 

4 Empirical Strategy and Results 

Treatment was randomly assigned at the individual level, so that we can estimate the impact of 

payroll accounts using simple treatment effect regressions of the form: 

where       is an outcome of interest measured post-treatment,                is a treatment indicator equal 

to one if an individual was assigned to the bank or mobile account treatment and                     is a 

treatment indicator equal to one if individual i was assigned to the bank or mobile payroll account 
 treatment condition.35 X is a vector of controls which, where we use survey data includes the value 

of the outcome variable at baseline             as well as strata dummies, and      is a stochastic error 

term. In this specification, the coefficient                    measures the impact of payroll accounts with 

direct deposit wage payments. 

Where we use administrative data rather than survey outcomes to estimate treatment effects we 

use regressions where the treatment indicators                                               are zero in the periods before 

the randomly-assigned account opening date and equal to one thereafter. This means that in these 

specifications, the treatment effects are estimated relative to a control group whose outcomes are 

zero by construction. Because we do not observe transactions for the control group, the comparison 

of interest in these specifications is between                                   the treatment effect estimates for 

the payroll account, compared to the account only treatment groups, respectively. 

4.1 Account Use and Learning 

In this section, we examine the effect of payroll accounts on account use and learning. The main 

interest of our study is to understand whether consistent use of a formal account enables inex-

perienced consumers to learn how to navigate the financial technology more effectively and avoid 

common consumer protection risks. Examining this question requires variation on the extensive 

margin of account ownership as well as the intensive margin of how frequently the account is used. 

Our experiment is designed to generate variation along both dimensions by separately randomizing 

access to an account and automatic wage payments into the account. We begin our analysis by 

outlining patterns of account usage over time to confirm that the payroll account treatment was 

indeed successful at encouraging active engagement with the account, over and above the effect of 

35We pool the bank and mobile money account treatments in our main analysis, and provide disaggregated results 
in Appendix D.1. 
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account opening alone. 

Account use. Figure 3 shows patterns of account use over time for the payroll account and 

account only groups for the first six months post treatment.36 The figure is based on administrative 

data, so that there is no scope for interviewer demand effects. The figure reveals that employees 

assigned to the payroll account treatment use their account more actively than employees assigned 

to the account only treatment group. Figure 3, panels (a) to (c) show that they make more 

withdrawals, more deposits, and more send-money transactions.37 The observation that employees 

in the payroll account group use their account more frequently overall (Figure 3, panel (d)) is in 

part mechanical, given that workers in this group receive their wages into the account and make 

withdrawals to cover daily expenses. In Figure 3, panel (e) we therefore exclude withdrawals and 

show that employees in the payroll account treatment condition use their account much more 

actively, even when we consider only deposit, payment, and send-money transactions.38 

Table 3, reports treatment effects on account use. The dataset we use for this exercise is a 

panel that records the universe of transactions for all participants who received an account as part 

of our study. Because administrative data is not available for the control group, and we are most 

interested in a comparison of the payroll account and account only groups, our analysis uses the fact 

that treatment date was staggered over time and randomized at the individual level. We define a 

time-varying treatment indicator for each account in the data that is equal to zero prior to account 

opening and equal to one thereafter. This allows us to estimate treatment effects for the payroll 

account and account groups. Table 4, panel A uses dummy variables for all outcomes, so that the 

treatment effect estimates can be interpreted as the share of workers in each treatment condition 

that made a given type of transaction. we account for multiple hypothesis testing by reporting 

sharpened q-values in brackets in Table 3 and subsequently (Anderson, 2008). Sharpened q-values 

are calculated within data source, that is, separately for administrative and survey data. 

The results in Table 3, columns (1) to (6) confirm that engagement with the account is signif-

icantly higher for workers in the payroll accounts group, who received an account with monthly 

direct deposit wage payments. Workers in the payroll account group are 59 percentage points to 

make a transaction through their account (p-value=0.000). In a given month, workers in the pay-

roll account group are 58 percentage points more likely to make a withdrawal from their account 

(p-value=0.000), only one percentage point more likely to make a deposit (p-value=0.171), and 

27 percentage points more likely to make a send-money transaction (p-value=0.000) than workers 

in the account only treatment condition. In Table 3, column (5) we report total transactions ex-

cluding withdrawals to ensure that the higher overall engagement with the account in the payroll 

36Note that account opening occurred in several phases and was staggered over time, so that the figure shows 
months since account opening, rather than calendar months. 

37In our setting, sending remittances through the conventional banking system is prohibitively expensive, so that 
the send-money and payment transactions in our data are all made using mobile money accounts. 

38The size of these effects naturally differs between bank and mobile money accounts. We report descriptive 
statistics by type of account in the appendix. 
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account group is not simply result of workers mechanically having to withdraw their salary. The 

results show that this is not the case. In a given month, workers in the payroll account group are 

12.8 percentage points as likely to make a non-withdrawal transaction than workers in the account 

only treatment group (p-value=0.000). Workers in the payroll account condition also accumulate 

balances that are, on average, BDT 334 (approximately 7% of the median monthly wage) higher 

than those of workers in the account only group (p-value=0.000). 

Overall, these patterns indicate that our main treatment encouraged active account use, and 

suggests that active engagement helps inexperienced consumers to not only become sufficiently 

comfortable with the technology to perform an increasing number of transactions but also to accu-

mulate formal savings in their accounts. 

Learning. We next turn to the effect of payroll accounts on learning. We measure learning us-

ing the two outcome variables described in Section 3.3, above. Our first group of learning outcomes 

are indicators for whether a transaction was performed outside the workplace, where assistance with 

the account was not readily available. Table 4, panel A reports the results using administrative 

data, which records the precise geographical location of each transaction and allows us to iden-

tify whether a transaction took place at the banking and mobile money facilities available on the 

premises of our partner firm or outside. We use the same panel and specification as in Table 3 for 

this exercise, so that treatment effects can be interpreted as the average post-treatment likelihood 

of making an outside transaction for workers in the payroll and account only treatment conditions. 

Table 4, columns (1) to (3) show that workers assigned to the payroll account treatment quickly 

become confident enough to make a significant share of their transactions at locations outside the 

workplace. They are 21 percentage points more likely to make a withdrawal (p-value=0.000), 27 

percentage points more likely to make a send-money transaction (p-value=0.000), but not more 

likely to make a deposit outside the workplace (p-value=0.197). In Table 4, column (5) we again 

verify that the higher number of outside transactions is not explained mechanically by withdrawals 

in the payroll account treatment group alone. The results show that this is not the case. When we 

exclude withdrawals, we find that workers in the treatment group are still 12 percentage points more 

likely to make a transaction outside the workplace than workers in the account group. This suggests 

that workers who use their account more actively learn to navigate the technology more quickly 

and become sufficiently comfortable with the account to also use it in settings where assistance is 

not as readily available as at the banking facilities in the workplace. 

One possible concern with this interpretation is that the increase in outside transactions we 

observe in the payroll account group might be the result of banking facilities not being available 

at times when employees need to access their account, rather than the result of learning. To test 

this potential alternative explanation, Appendix Table D.13 repeats the estimates in Table 4, panel 

A, columns (1) to (6), but excludes any transactions that occurred on weekends. Appendix Table 

D.14 repeats the exercise and additionally excludes transactions that occurred outside work hours. 
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The results are similar in all three samples, which suggests that the increase in outside transactions 

occurs by choice rather than as a result of banking facilities and mobile agents at the workplace 

being unavailable when workers in the payroll account group need to access their account. 

Our second learning outcome is an indicator for whether send-money transactions are made 

directly through a study participant’s own account, rather than a mobile money agent. Learning 

to make transactions through one’s account directly eliminates various consumer protection risks, 

including illicit fees and service charges which are widespread in our context and many similar 

settings. We examine treatment effects on direct versus indirect transactions using primarily data 

from the endline survey. This has the advantage of allowing us to observe both direct and indirect 

transactions (indirect transactions are typically routed through a mobile agent’s account on behalf 

of the customer, so that we do not observe them in administrative data).39 

Figure 4 shows unconditional means of the share of transactions made directly through the 

worker’s account (direct transactions) in panel (a) as compared to transaction that are intermedi-

ated by an agent (indirect transactions) in panel (b). The figure illustrates that, at endline, workers 

in the payroll account treatment condition are 42 percentage points more likely to make send-money 

transactions through their own account than workers in the account only group (p-value<0.001) 

and that, at the same time, they are 32 percentage points less likely to make transactions that are 

intermediated by a mobile money agent (p-value<0.001). 

Table 4, panel B reports treatment effect estimates on direct versus intermediated transactions. 

For this exercise, we use survey data, which –unlike administrative data– also allows us to observe 

changes in intermediated transactions that are made through a channel other than the respondent’s 

own account. The results confirm that workers in the payroll account treatment condition reduce 

the share of transactions intermediated by an agent and learn how to transact through their own ac-

count. The results in columns (1) and (2) confirm that, at endline, study participants in the payroll 

account treatment condition are 32 percentage points less likely to make send-money transactions 

through an intermediary, and 42 percentage points more likely to make make send-money transac-

tions through their own account than participants in the account only group (p-values=0.000). 

In Table 4, panel B, columns (3) to (6) we examine intermediated and non-intermediated trans-

actions by type of transaction. The results in columns(3) and (4) show that the decline in agent-

intermediated transactions arises from both a reduction in agent-to-agent transactions, which are 

16 percentage points lower in the payroll account than in the accounts only group (p-value=0.000), 

as well as a reduction in agent-to-person transactions which, at endline, are 15 percentage points 

less common in the payroll accounts than in the account only group (p=0.000). Turning to columns 

(5) and (6) we see that at the increase in direct transactions in the payroll accounts group is larger 

for person-to-agent transfers, which are 32 percentage points more common in the payroll than in 

39We report results using administrative data in the appendix for comparison and confirm that the results on direct 
transactions are consistent with estimates using self-reported data. 
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the account only group, than for person-to-person transactions with an approximate 23 percentage 

point difference. This is not surprising, given that remittance recipients are often located in rural 

areas where, at the time of our study, mobile money penetration was still comparatively low. 

Since our estimates are based on a within-firm randomization, one might be concerned that our 

results —especially the estimated impacts on learning –could be obscured by peer effects. While 

any learning from peers would bias our treatment effects towards zero, we nonetheless examine this 

possibility to understand whether peer effects are at play in our setting. In Appendix Table D.9, 

we report results that additionally control for the size of each employee’s network, measured as 

the number of employees employed in firm k who come from the same sub-district (upazila) s as 

employee i,  , as well as the share of peers that are treated in each employee’s network 

with either a payroll account or an account 
 

 .

We do not find significant network effects, and our main results remain unchanged. 

Trust in the Technology. To interpret the mechanisms through which our treatments lead

to consumer learning, we examine the impact of payroll accounts on trust in the technology. In 

Table 5, we examine how the more frequent interaction with the financial technology, induced by 

the payroll account treatment affect trust in the technology. We measure trust, using a set of 

questions from the endline, in which respondents were asked how comfortable they would be to 

leave an amount of BDT 1,000 (US$ 12) or BDT 5,000 (US$ 60) in their account for a period of 

one month. Trust in formal accounts at baseline is low, and especially so in the case of mobile 

accounts: 55.6% of respondents would be comfortable leaving BDT 1,000 in a bank account for 

one month, while only 38% of respondents would be willing to leave the same amount in a mobile 

money account. The observation that consumers have lower trust in mobile money accounts is not 

surprising and likely due to several factors, including the technology being newer, less established, 

more complex to use, and more susceptible to consumer protection issues. 

             

The results in Table 5, summarized in Figure 5, show that the payroll account treatment

increases trust in the technology, particularly so in the case of mobile money accounts. While 

the treatment effects are positive for both the bank payroll and bank account only treatments, 

relative to control, the effects are not statistically significant.40 Moreover, the impacts are not 

detectably different between the payroll and account only groups. In contrast, the mobile payroll 

accounts are particularly effective at increasing trust. Receiving a simple mobile account increases 

trust in leaving 1,000 BDT by 8.2 percentage points (p-value 0.036), an increase of 22% relative 

to the control mean. The payroll account treatment has an even larger effect, increasing trust in 

the account by 16.8 percentage points (p-value 0.031), an increase 44% relative to control. We 

can also reject equality of the payroll and account only treatments. Receiving a payroll account 

almost completely eliminates the trust gap between mobile money and bank accounts. Against 

               

40We note that between baseline and endline, trust in both technologies in the control group increased substantially. 
This may be due to the increased prevalence of formal accounts in Dhaka or because of spillovers from the treatments 
onto the control group. In the presence of spillovers, the coefficients would be underestimates. 
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the background of the learning results, our preferred interpretation of this finding is that active 

engagement with a formal account promoted by the payroll account treatment causes customers to 

learn how to use the technology in a more effective and cost-saving manner. This, in turn allows 

them to sidestep common financial consumer protection risks, such as illicit transaction fees, and 

generates greater trust in the financial technology. It is not surprising that this effect is larger in 

the case of mobile money accounts for which baseline trust is lower, consumer protection risks are 

more severe, and the scope for learning about the features of the technology is greater. 

4.2 Real Effects: Savings, Consumption, and Shock-Mitigation 

In this section, we report the impact of payroll accounts on real outcomes. While the main interest 

of our study is on how inexperienced individuals learn to use the financial technology, we also 

measure the extent to which engagement with accounts affects real outcomes, such as total savings, 

consumption, and the ability to cope with unanticipated economic shocks. Our analysis of real 

effects relies mainly on survey data, which allows us to capture a richer set of outcomes than 

administrative data alone. We report results for all outcomes that are available in administrative 

and survey data in the appendix and show that the results are consistent. 

Savings. In Table 6, we examine the effect of payroll accounts on savings, remittances, and 

shock-mitigation. Panel A shows results based on endline survey data only, panel B reports results 

from the combined panel of follow-up and endline surveys. The results in column (1) reveal that 

the payroll account treatment had a strong positive effect on the extensive margin of savings and 

increased the share of participants who reported having any savings by approximately 4 percentage 

points at endline and 11 percentage points when we use the full panel of midline and endline surveys. 

This effect is statistically different from the account only condition in both datasets (p-values 0.036 

and 0.007), which confirms that the direct deposit feature is helpful at encouraging new savings. 

The results in Table 6, column (2) show that the payroll account treatment has an even larger 

effect on the intensive margin of savings. Participants in the payroll accounts group increased their 

savings by 51 percentage points at endline and 89 percentage points when we consider the full panel 

of follow-up and endline surveys. The effects are statistically different for the bank or mobile payroll 

and bank or mobile account conditions in the endline sample (p-value 0.041) as well as in the panel 

of follow-up and endline surveys (p-value 0.084). This is consistent with previous work on the effect 

of account ownership and suggests that, although direct deposits provide an additional commitment 

device that promotes savings, simply being given an account can help increase savings. In Table 

6, columns (3) and (4) we turn to the impact of payroll accounts on the share of formal versus 

informal savings and find that, as one would expect, our treatments reduce the share of informal 

savings and an increase in the share of formal savings. These effects are again concentrated in the 
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payroll account group (p-value 0.000 in both samples).41 

In column (5) we report treatment effects on remittances. A priori, the potential impact of 

payroll accounts on remittances is ambiguous in our setting. In addition to supporting the con-

sumption of network members back home, workers also use remittances to save. 42 Savings held by 

friends and family may be subject to problems of control, as documented for example by Jakiela 

and Ozier (2015).As we have shown above, when used correctly, formal accounts reduce the cost 

of sending remittances, which should lead to an increase in transfers. However, formal accounts 

also lower the relative cost of private savings. This force would lead payroll accounts to decrease 

remittances. We find no evidence that payroll accounts increase remittances. Moreover, while the 

point estimate is negative, it is not statistically significant.43 Our finding that remittances do not 

increase shows that improvements in learning cannot be explained by an increased demand for 

remittance services. 

Consumption. Table 6, columns (6) to (10) turn to the impact of payroll accounts on con-

sumption. In Table 6, column (6) we report treatment effects on total consumption, columns (7) 

and (8) show disaggregated effects for food and non-food consumption. The results, while not sta-

tistically distinguishable between the payroll account and account treatment groups, suggest that 

participants the payroll accounts group are able to mobilize new savings by reducing consumption. 

When we disaggregate the results by type of consumption, we find that this reduction in expendi-

tures is concentrated entirely in discretionary spending, while food consumption remains constant. 

In column (9), we additionally consider larger purchases of more than BDT 1,000 (approximately 

20% of the median monthly wage). The results indicate a statistically significant decrease in such 

larger purchases for our treatment group relative to the cash wage payments control group. How-

ever, we cannot statistically distinguish the treatment effects between the payroll account and 

account groups (p-values 0.561 and 0.966). 

Shock mitigation. Summary statistics from our baseline survey highlight the fact that many 

workers face savings constraints and find it difficult to smooth consumption across the month.44 

Given that direct deposits increase savings and appear to decrease spending on discretionary goods, 

41In Appendix D.1, we further decompose these impacts by bank and mobile account. Both account types offer 
a similar interest rate for deposits and encourage savings, though the impacts are larger in bank payroll accounts. 
The impacts on remittances are similar by account type. Finally, the impacts on consumption and shock-mitigation 
are also comparable. While workers save more in their bank accounts, mobile recipients experience an increase in 
incoming transfers, both of which may help to mitigate shocks. 

42Because many workers do not have a safe or convenient place to save in the city, many ask family members in 
their place of origin to save on their behalf, either in their homes or in a rural bank account. 

43We note that our findings contrast with those of Lee et al. (2020), who show that giving simple mobile money 
accounts to both the senders and recipients of remittances in Bangladesh causes a large increase in remittances. 
Treating both parties may cause a larger total decrease in the cost of sending money than our treatment, and it 
also may give the remittance recipients more bargaining power over migrant earnings. This latter interpretation is 
consistent with the decreases in migrant health and well-being they document. 

44Nearly half of our sample needs to borrow to smooth consumption at the end of the month, 22% of our study 
participants report that they would not be able to save BDT 5,000 (approximately US$ 60) over a six-month period. 
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it is natural to ask whether they also help workers smooth consumption and mitigate large financial 

shocks. In Table 6, column (10) we consider the impact of payroll accounts on the ability to 

mitigate unanticipated income shocks. The results indicate that participants in the payroll accounts 

treatment group experience significantly fewer economic shocks that they are unable to mitigate 

with existing precautionary savings. However, we cannot distinguish the effect in the payroll 

account group from that of the account only group. We report additional results on mechanisms 

for smoothing consumption in Appendix Table D.12, which reports treatment effects on earnings 

and work satisfaction. In line with the results on shock-mitigation we find that, at endline, workers 

in the payroll account group are much less reliant on salary advances to at the end of the month. 

This is consistent with the increase in precautionary savings and reduction in discretionary spending 

in the payroll account group that we have documented above. 

Taken together, our results on the real effects of payroll accounts are consistent with the prior 

literature and suggest that through more intensive engagement with the financial technology, pay-

roll accounts increase savings on the intensive and extensive margin and improve the ability to 

cope with unanticipated income shocks. These positive impacts may reflect greater availability of 

precautionary savings documented above. Another interpretation is that the use of mobile pay-

ments might facilitate the receipt of transfers as well as strengthen and expand informal insurance 

networks among poor households (Jack and Suri, 2014). This is somewhat less likely in our setting, 

as workers in large factories are generally net senders of remittances. However, we do find some 

evidence that payroll accounts increase likelihood of receiving money through the accounts. 

4.3 Heterogeneity: Who Learns to Navigate the Technology? 

We document above that the introduction of payroll accounts increases account use and engagement 

and also leads to more efficient use of the new technology. However, from a regulatory perspective 

it is crucial to understand whether these consumer protection benefits are experienced broadly or 

whether certain subgroups are left behind. Our study population spans a heterogeneous set of indi-

viduals by gender, education, financial literacy, household composition and structure, control over 

household resources, and work experience. One might predict, ex ante, that any of these dimensions 

might lead to heterogeneous treatment effects.45 In order to test for treatment heterogeneity in a 

disciplined way, we implement the recently-developed methodology of Chernozhukov et al. (2018). 

We are especially interested to examine whether there is predictable heterogeneity in the two main 

findings reported above: (i) “learning by doing” and efficient use of the account (ii) expanding 

savings by cutting discretionary spending. 

Methodology. To proceed, we follow the method and road map laid out by Chernozhukov et 

al. (2018). Namely, we consider an environment in which we want to learn about the conditional 

45These are all listed as potential sources of heterogeneity in the outline of our study in the AEA RCT registry. 
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average treatment effect (CATE): 

 and          are the potential outcomes under the treatment and Z is a vector of covariates. The 

method laid out by Chernozhukov et al. (2018) uses machine learning (ML) proxies            for the 

CATE,           , and provides a method to conduct inferences on different features of the underlying 
 heterogeneous treatment effects.46 In addition to providing an estimate of the heterogeneous treat-

ment effect, Chernozhukov et al. (2018) demonstrate how to construct two additional features of 

the data. First, the authors show how to estimate group average treatment effects (GATES), which 

gives measures of the treatment effects separately for the most and least impacted groups. Follow-

ing Chernozhukov et al. (2018), we consider the highest and lowest quintile groups in our GATES 

analyses. Second, once the GATES have been constructed, Chernozhukov et al. (2018) show how 

to conduct a classification analysis (CLAN), which gives the average characteristics Z of the most 

and least affected groups. We follow these steps to ask if there is any detectable heterogeneity in 

our observed treatment effects as a function of 17 baseline characteristics.47

Results. We consider heterogeneous treatment effects for our key outcomes. Table 7 presents a 

GATES analysis, comparing the most affected quintile with the least affected quintile, by baseline 

characteristics. Panel A includes the main savings and consumption outcomes and pools across 

the bank and mobile direct deposit treatments relative to the control group. Panel B includes the 

main “learning-by-doing” outcomes. Because these outcomes mostly involve mobile account usage 

patterns, here we only consider the mobile direct deposit  treatment versus the control.48 Across 

most outcomes, we find no detectable heterogeneity in the treatment effects. This suggests that 

treatment gains, where we find them, tend to be spread evenly across the population. However, 

we do detect heterogeneity in two important dimensions: consumption as well as our key learn-

ing outcomes. Recall that a decrease in consumption is indicative of new savings, rather than a 

reallocation across formal and informal accounts. Total transactions indicate the level of worker 

engagement with their accounts, and direct transactions indicate efficient usage of the mobile tech-

nology, avoiding illicit fees, an outcome of direct relevance for consumer protection. 

Finally, in Table 8, we present a CLAN analysis to better understand which individual traits 

are associated with the largest impacts on new savings and learning. The first column pertains 

to the heterogeneity with respect to the effects on total consumption, while columns (2) to (4) 

46All of our estimates employ a Random Forest algorithm in the ML step. 
47We use the following set of baseline characteristics: gender, marital status, indicator for parent, education, 

indicator for literate in the local language, digit span test score, the fraction of income shared with others, control 
over food expenditures within the household, an indicator for strictly positive savings, an indicator for positive formal 
savings, an indicator for being able to save BDT 5,000, an indicator for sending remittances in a typical month, an 
indicator for having prior experience with mobile transactions, and indicator for needing to borrow to pay for basic 
consumption at the end of the month, number of years in current job, and expected tenure in current job. 

48Appendix Table D.15 presents the CATE analysis for the same set of outcomes. 
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pertain to the learning impacts – total transactions, outside transactions, and direct transactions.49 

Interestingly, we find that the results split our sample into “savers” and “learners” – the traits that 

are correlated with a large, negative consumption response are often the same traits that predict 

a smaller learning response and vice versa. Females, and workers with low baseline control over 

expenditures, low levels of savings, and low levels of prior financial experience are more likely 

to be classified in the group which has the largest decline in consumption. This implies that 

the treatment enables new savings out of consumption for those individuals who were previously 

most severely excluded from the formal financial system either through gender norms, spousal 

sharing restrictions, basic access, or knowledge. In contrast, men, non-parents, workers with more 

education, and workers with higher levels of savings, or baseline financial inclusion are more likely to 

be classified into the group with the largest “learning-by-doing” treatment responses. This suggests 

that learning-by-doing is most effective for those who have some prior exposure to financial products 

and higher ex ante levels of financial control and literacy. 

Taken together, the results suggests that the treatments have two different sets of impacts on the 

“savers” and “learners.” For those with previously low levels of financial inclusion, the treatments 

give households access to a safe, convenient, and individually-controlled place to save, which leads 

treated workers to decrease consumption in order to fund savings. However, learning by doing may 

not be enough for these individuals to solve important consumer protection problems on their own. 

More far-reaching interventions may be needed. 

In contrast, for those with higher baseline rates of financial inclusion, the treatment does not 

change the extensive margin of consumption versus savings, but does encourage workers to engage 

more deeply with the new technology. For these workers, engagement with the account has large 

impacts on avoiding illicit transaction fees, indicating substantial consumer protection gains from 

learning through active use of accounts. 

5 Externalities from Consumer Learning 

In this section, we explore the possible market-level externalities of consumer learning. Our results 

so far show that the introduction of payroll accounts has positive impacts on learning and real 

outcomes on average, but also highlights that these benefits are concentrated among consumers 

with comparatively higher baseline levels of financial literacy and experience. Less experienced 

consumers who might depend on the help of peers or commission motivated agents to use the 

technology, on the other hand, remain exposed to numerous consumer protection risks. In light of 

these results, an interesting question is whether inexperienced customers benefit from the average 

customer becoming more informed as a result of the financial technology being rolled out at scale. 

49Note that the most affected group is the one with the largest absolute treatment effect. In the case of consumption, 
the least affected group is that with the most negative consumption response. 
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We examine this question using a separate audit study that takes advantage of local variation 

in the extent of payroll account adoption. In the audit study, workers were trained to approach 

mobile money agents located in areas with different levels of payroll account adoption and ask for 

assistance with a simple remittance transaction. The workers were trained on two scripts: a low 

skill script that signaled very limited prior experience with the technology and a high skill script 

which indicated that the worker was an experienced user of the technology, who had previously 

used their own account to send and receive money.50 

We conducted the audit study in a suburban area surrounding our main study site, which is 

one of the largest industrial areas in the country. We divided this area into 24 roughly equal-

sized zones with each zone corresponding to a self-contained neighborhood, and obtained data on 

total employment, number of manufacturing firms, and number of firms that had adopted payroll 

accounts in each neighborhood.51 We use this information to calculate payroll account penetration 

for each neighborhood and assign each auditor to attempt an equal proportion of transactions 

in neighborhoods with high (above median) and low (below median) payroll account adoption. 

In total, auditors attempted 504 transactions over a six-month period, of which 154 (31%) were 

successful in the sense that the transaction was completed and the full amount was remitted to 

the recipient. The outcome of interest is whether the sender was charged a fee in addition to the 

recipient cash-out charge, which is a practice explicitly prohibited by the mobile money provider. 

The results suggest that there are positive externalities from the widespread adoption of digital 

payroll accounts. Figure 6 plots unconditional means for the frequency of illicit transaction fees 

in high and low payroll account adoption areas and shows that, unconditionally, workers are 16 

percentage points less likely to be charged an illicit fee in areas with high payroll account adoption. 

Table 9 reports treatment effect estimates that control for auditor fixed effects. The results from 

this exercise, reported in column (1), show that the same worker is 15 percentage points more 

likely to be charged an illicit fee when attempting a transaction in a neighborhood with low payroll 

account adoption. The results in column (2) show that workers who signal a lack of experience 

with the mobile account are 44 percentage points more likely to be charged an illicit transaction 

fee than workers who are experienced users. However, the effect of being inexperienced is much 

more pronounced in areas with low payroll account adoption. The results in column (4) indicate 

that inexperienced customers were approximately 12 percentage points more likely to be charged 

an illicit fee in areas with low payroll account adoption. 

There are two possible explanations for this result. The lower probability of uninformed workers 

being overcharged in areas with high payroll penetration could be a positive spillover of widespread 

technology adoption, with mobile agents becoming more cautious about charging extra fees as the 

average consumer becomes better informed. Alternatively, a lower incidence of consumers being 

50The scripts used in the audit study are available in the appendix. 
51Data were obtained from the national industry association and verified by survey staff on the ground. 
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overcharged could also be the result of greater competition between mobile agents. While it is 

beyond the scope of our study to exogenously vary the intensity of competition between mobile 

agents, we can partly address this concern by controlling for the number and density of mobile agents 

in each neighborhood. We report the results from this exercise in Appendix Table D.16, where we 

control for the density of mobile agents directly, and show that the results remain unchanged. 

We therefore interpret our results as suggestive evidence that the widespread adoption of payroll 

accounts generates a positive externality by reducing information asymmetries at the market level 

and decreasing the likelihood of mobile agents extracting rents from uninformed consumers. 

Conclusion 

Over the last two decades, an unprecedented expansion in access to finance has presented households 

around the world with an ever-widening set of new financial products and technologies. While this 

has given consumers greater choice and autonomy, it has also given rise to public policy concerns 

in light of growing evidence that inexperienced consumers are especially susceptible to exploitation 

by financial intermediaries. 

We conducted an experiment to understand how much learning occurs naturally, and in the 

absence of any regulatory intervention, when a new financial technology is rolled out to an inexpe-

rienced customer population. We introduced payroll accounts—a simple financial technology that 

generates a powerful incentive to actively engage with a formal account—to a population of largely 

unbanked manufacturing workers in Bangladesh and examined how quickly individuals learn to use 

the account without assistance and avoid ubiquitous consumer protection risks. 

We find compelling evidence of learning-by-doing. Workers in the payroll account treatment 

condition interact with the account more frequently, develop greater trust in the technology, learn 

to use the account without assistance, and learn how to avoid common consumer financial risks 

and use the account in the most cost-effective way. This is not mechanical, as we made it easy 

for treated individuals to replicate the status quo wage disbursements with their payroll accounts. 

Receiving wages into a payroll account benefits employees through this learning channel, as well as 

its impact on real outcomes including an increase in savings on the extensive and intensive margin 

and the improved ability to mitigate unanticipated shocks. 

The benefits of engaging with the financial technology are not evenly distributed in the popula-

tion. Results from a data-driven machine learning analysis of treatment effect heterogeneity neatly 

partition our sample into a population of “savers” and a population of “learners”. Individuals with 

comparatively lower literacy, financial experience, and prior control over household finances benefit 

from exposure to the technology primarily from accumulating savings but do not necessarily learn 

to use the financial technology in the most cost-effective manner. Individuals with higher levels of 

literacy, financial experience, and prior control over household finances, on the other hand, benefit 
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by learning to use the technology more effectively and sidestepping common consumer protection 

risks. We additionally examine the impact of introducing the financial technology at scale and find 

suggestive evidence of positive market externalities of consumer learning: inexperienced customers 

are less likely to face extra charges in areas with higher payroll account adoption. 

Our results speak to a larger debate on the optimal targeting of financial consumer protection 

policies. While we show that there is a substantial amount of learning that occurs naturally, 

through trial and error, we are cautious to note that these learning benefits are present only for a 

subset of our population. Looking at the individual characteristics that determine who can benefit 

from learning-by-doing, our results suggest that training and education interventions would have 

the highest marginal effect on individuals with low baseline levels of literacy, experience, and prior 

control over household finances. All of these characteristics are highly correlated with accessing 

one’s account through an intermediary, which precludes learning-by-doing. 

Our findings also lend support to policies that promote consumer learning through automatic 

payments into an account. We find that channeling wage payments into an account creates a strong 

incentive to engage with the account and learn about the features of the technology in a way that 

is not achieved by account opening alone. Indeed, automatic payments into an account are now 

the default for many government transfer payments (see, for example, Muralidharan et al. 2016 

and Bachas et al. 2017). Channeling wage payments into formal accounts is an obvious next step 

with potentially large positive implications for access to finance and consumer learning in low and 

middle-income countries where wage payments are still made predominantly in cash. 

One lingering question, given the benefits of payroll accounts and the costs of cash, is why the 

market has not stepped in to expand the availability of payroll accounts at scale. While we note 

that payroll accounts have expanded rapidly since our intervention, our results also point to several 

barriers that could be at play. First, employers may fear resistance from employees due to a lack 

of trust in the technology. Indeed our results document very low levels of trust at baseline, which 

improve as consumers interact with the technology on a regular basis. Second, an important barrier 

to scale-up may be insufficient documentation. In our setting we found that many workers did not 

have sufficient documentation and had to rely on identification and guarantees provided by their 

employer to open an account. Third, some employers may want to avoid the transparency that 

comes with payroll accounts and may require nudges from regulators to adopt payroll accounts. 
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Figures and Tables 

Figure 1 
Trust in Formal Accounts 

Total sample Low experience sample

N=244 N=407 N=47 N=112
37% 63% 30% 70%
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Notes: The figure shows unconditional means and 95% confidence intervals for self-reported 
trust in formal accounts for the control group (N=728). The trust variables are calculated 
using responses to: ”would you be comfortable leaving BDT 1,000 in a [bank or mobile] account 
for 30 days?” Answers are reported on a 10-point scale. We first average responses across bank 
or mobile. ”Trust” is defined as an indicator for whether this average trust score is > 5. Panel 
(a) shows trust for the entire sample, panel (b) shows trust for workers with low prior exposure 
to formal accounts, defined as never having used a bank or mobile money account. 
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Figure 2 
Confidence Using Formal Accounts 

Total sample Low experience sample

N=178 N=353 N=28 N=96
34% 66% 23% 77%
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Notes: The figure shows unconditional means and 95% confidence intervals of participants’ 
self-reported level of confidence using bank branches or mobile money agents (N=534). Panel 
(a) shows responses for the entire sample, panel (b) shows responses for workers with low prior 
exposure to formal accounts, defined as never having used a bank or mobile money account. 
The figure is based on responses to the survey question “how comfortable are you making a 
transaction at a bank branch or mobile money agent”. 
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Figure 3 
Transactions Over Time 
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Notes: The figure shows monthly averages of transactions and account use over time for the bank or mobile payroll and bank or 
mobile account treatment groups, based on administrative data for the first six months post treatment. Panel (a) shows the number 
of deposits, panel (b) shows the number of withdrawals, panel (c) shows the number of send-money transactions, panel (d) plots the 
number of total transactions, panel (e) plots the number of total monthly transactions excluding withdrawals, and panel (f) plots 
monthly account balances. Error bars show 95% confidence intervals for a test of equality between the treatments. 



Figure 4 
Learning: Direct versus Indirect Transactions 

Direct Transactions Indirect Transactions

p<0.001 p<0.001
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0
.3

.6
.9
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Notes: Panel (a) shows person-to-person transactions at endline as a share of total transactions 
for the mobile payroll account and mobile account groups. For reference, the mean of the 
control group is 12%, which is statistically distinguishable from both the Mobile payroll and 
Mobile account treatments. Panel (b) displays the share of indirect transactions, intermediated 
by a mobile agent, at endline for the mobile payroll account and mobile account groups. For 
reference, the mean of the control group is 61%, which is statistically distinguishable from 
both the Mobile payroll treatment, only. Error bars show 95% confidence intervals of the 
mean. Horizontal bars show p-values for t-tests of equality between the treatment conditions. 
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Figure 5 
Trust in the Technology 

Leave BDT 1,000 in account Leave BDT 5,000 in account

p=0.045 p=0.005
p=0.032

p=0.012
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Mobile payroll Mobile account Mobile payroll Mobile account

Notes: Panel (a) displays the share of participants that feel “comfortable” or “very comfort-
able” leaving BDT 1,000 and BDT 5,000 in their account for the mobile payroll group, based 
on data from the endline survey. Panel (b) shows the share of participants who feel “very 
comfortable” or “absolutely comfortable” leaving BDT 1,000 and BDT 5,000 in their account 
for the mobile accounts group, based on data from the endline survey. For reference, the mean 
of the control group is 38% for both the BDT 1,000 BDT 5,000 questions. Error bars show 
95% confidence intervals of the mean. Horizontal bars show p-values for t-tests of equality of 
means between the different treatment conditions. 

36 



Figure 6 
Externalities of Payroll Account Adoption 
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Notes: The figure displays the percentage of audit visits on which auditors were charged 
illicit extra fees to process send-money transactions in areas with low (below median) 
and high (above median) payroll account adoption. The sample is split by the number 
of firms in the area that have adopted payroll accounts. Error bars show 95% confidence 
intervals of the mean. Horizontal bars show p-values for a t-test of equality of means. 
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Table 1 Summary Statistics and Balance 

Treatment 

Payroll Account Payroll 
Control - control - control - account 

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

Panel A: demographics 

Female 0.576 0.011 0.005 0.006 
(0.019) (0.023) (0.028) (0.024) 

Married 0.720 -0.003 -0.004 0.001 
(0.018) (0.021) (0.026) (0.022) 

Depedent children 0.565 0.018 0.014 0.004 
(0.019) (0.023) (0.028) (0.024) 

Education 3.289 0.066 0.217 -0.151 
(0.059) (0.070) (0.091) (0.078) 

Literate 0.573 0.028 0.067 -0.039 
(0.019) (0.023) (0.028) (0.023) 

Digit span score 5.143 -0.050 0.029 -0.078 
(0.048) (0.057) (0.068) (0.057) 

Monthly wage, taka 6778.743 139.119 65.944 73.174 
(59.029) (73.771) (94.019) (85.515) 

Work experience, years 3.840 -0.078 -0.394 0.316 
(0.166) (0.183) (0.182) (0.108) 

Experience in current job, years 3.055 -0.056 -0.420 0.364 
(0.077) (0.090) (0.104) (0.085) 

Expected tenure in current job, years 4.364 -0.375 -0.967 0.592 
(0.475) (0.576) (0.654) (0.555) 

Panel B: financial experience and planning 

Ever used bank account 0.054 -0.008 0.006 -0.014 
(0.009) (0.010) (0.013) (0.011) 

Ever used mobile money 0.770 -0.002 0.006 -0.008 
(0.017) (0.020) (0.024) (0.020) 

Ever received mobile money 0.206 -0.002 0.049 -0.051 
(0.016) (0.019) (0.024) (0.021) 

Has balance in bank account 0.054 -0.008 0.006 -0.014 
(0.009) (0.010) (0.013) (0.011) 

Has balance in mobile money account 0.003 0.001 0.009 -0.008 
(0.002) (0.003) (0.005) (0.005) 

Basic expenditures control 0.469 0.013 -0.012 0.025 
(0.020) (0.023) (0.028) (0.024) 

Income sharing 0.462 0.009 -0.045 0.054 
(0.020) (0.023) (0.028) (0.024) 

Panel C: savings and debt 

Has savings 0.498 0.008 0.017 -0.009 
(0.020) (0.023) (0.028) (0.024) 

Has formal savings 0.283 -0.031 -0.050 0.019 
(0.018) (0.021) (0.025) (0.021) 
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Table 1: Summary Statistics and Balance (Continued) 

Has informal savings 0.215 0.039 0.067 -0.028 
(0.016) (0.019) (0.025) (0.021) 

Log total savings 4.782 -0.030 0.055 -0.085 
(0.194) (0.229) (0.280) (0.237) 

Log formal savings 2.835 -0.312 -0.535 0.223 
(0.178) (0.208) (0.248) (0.204) 

Log informal savings 2.541 0.272 0.588 -0.316 
(0.163) (0.195) (0.245) (0.212) 

Has loans 0.513 0.009 -0.014 0.023 
(0.020) (0.023) (0.028) (0.024) 

Has formal loans 0.058 -0.005 -0.004 -0.001 
(0.009) (0.011) (0.013) (0.011) 

Has informal loans 0.498 -0.001 -0.019 0.018 
(0.020) (0.023) (0.028) (0.024) 

Log total loans 4.447 -0.019 -0.177 0.158 
(0.174) (0.205) (0.251) (0.210) 

Log formal loans 0.093 -0.041 -0.044 0.003 
(0.038) (0.042) (0.047) (0.034) 

Log informal loans 4.244 -0.100 -0.215 0.115 
(0.171) (0.202) (0.246) (0.207) 

Sent remittances 0.810 -0.029 -0.049 0.020 
(0.015) (0.019) (0.023) (0.020) 

Log remittances 8.691 -0.272 -0.507 0.235 
(0.170) (0.205) (0.258) (0.225) 

Panel D: consumption smoothing 

Need to borrow 0.470 0.034 0.068 -0.034 
(0.020) (0.023) (0.028) (0.024) 

Able to save BDT 5,000 0.782 -0.005 0.016 -0.022 
(0.016) (0.019) (0.023) (0.020) 

Trouble sticking with financial plans 0.639 0.022 0.018 0.004 
(0.019) (0.022) (0.027) (0.023) 

Notes: This table reports statistics for the baseline sample and tests of randomization balance 
across the treatment groups. * p < 0.1, ** p < 0.05, *** p < 0.01. 
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Table 2 
Attrition by Treatment 

Dependent variable: 

Surveyed 
(1) 

Employed 
(2) 

Surveyed 
(3) 

Employed 
(4) 

Bank or mobile payroll -0.002 
(0.017) 

-0.020 
(0.021) 

-0.004 
(0.017) 

-0.026 
(0.021) 

Bank or mobile account -0.011 
(0.022) 

-0.001 
(0.026) 

-0.011 
(0.022) 

-0.003 
(0.026) 

Baseline controls 
Observations 
R-squared 
Mean control [follow-up] 

2,850 
0.005 
0.840 

2,850 
0.008 
0.719 

X 
2,850 
0.052 
0.840 

X 
2,850 
0.069 
0.719 

Notes: Tests for balanced attrition by treatment. The dependent variable in 
columns (1) and (3) is a dummy equal to 1 if a participant is in the data 
at the follow-up and end-line surveys, respectively. The dependent variable 
in columns (2) and (4) is a dummy equal to 1 if a participant was employed 
at the partner firm at the time of the follow-up and endline surveys, respec-
tively. Controls include stratification dummies, marital status, number of de-
pendents, dummies for savings, formal savings, years of work experience, and 
years with current employer. Robust standard errors in parentheses. Sharp-
ened q-values in brackets. * p < 0.1, ** p < 0.05, *** p < 0.01. 
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Table 3 
Treatment Effects: Account Use 

Dependent variable: 

Deposits 
(1) 

Withdrawals 
(2) 

Send-money 
(3) 

Total 
(4) 

Excl. withdrawals 
(5) 

Balance 
(6) 

Bank or mobile payroll 0.060*** 
(0.004) 
[0.001] 

0.629*** 
(0.008) 
[0.001] 

0.292*** 
(0.010) 
[0.001] 

0.683*** 
(0.008) 
[0.001] 

0.200*** 
(0.008) 
[0.001] 

440.763*** 
(47.377) 
[0.001] 

Bank or mobile account 0.050*** 0.046*** 0.021*** 0.073*** 0.072*** 106.719** 
(0.006) 
[0.001] 

(0.006) 
[0.001] 

(0.004) 
[0.001] 

(0.009) 
[0.001] 

(0.008) 
[0.001] 

(47.498) 
[0.003] 

Test: payroll = account 
Observations 
R-squared 

0.171 
40,458 
0.018 

0.000 
40,458 
0.454 

0.000 
24,046 
0.181 

0.000 
40,458 
0.492 

0.000 
40,458 
0.068 

0.000 
40,458 
0.011 

Notes: The table reports treatment effect estimates on account use, based on monthly administrative data. The de-
pendent variable is a dummy equal to one if at least one transaction was recorded in a given calendar month. The 
omitted group consists of observations prior to random assignment to treatment, for which all outcomes are mechan-
ically equal to zero. Regressions control for stratification dummies. Robust standard errors, clustered at the account 
level, in parentheses. Sharpened q-values in brackets. * p < 0.1, ** p < 0.05, *** p < 0.01. 
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Table 4 
Treatment Effects: Learning 

Panel A: transactions outside the workplace 

Dependent variable: 

Deposits 
(1) 

Withdrawals 
(2) 

Send-money 
(3) 

Total 
(4) 

Excl. withdrawals 
(5) 

Balance 
(6) 

Bank or mobile payroll 0.058*** 
(0.004) 
[0.001] 

0.260*** 
(0.006) 
[0.001] 

0.292*** 
(0.010) 
[0.001] 

0.353*** 
(0.008) 
[0.001] 

0.199*** 
(0.008) 
[0.001] 

440.763*** 
(47.377) 
[0.001] 

Bank or mobile account 0.049*** 
(0.006) 
[0.001] 

0.049*** 
(0.005) 
[0.001] 

0.021*** 
(0.004) 
[0.001] 

0.082*** 
(0.008) 
[0.001] 

0.072*** 
(0.008) 
[0.001] 

106.719** 
(47.498) 
[0.003] 

Test: payroll = account 
Observations 
R-squared 

0.197 
40,458 
0.018 

0.000 
40,458 
0.113 

0.000 
24,046 
0.181 

0.000 
40,458 
0.150 

0.000 
40,458 
0.068 

0.000 
40,458 
0.011 

Panel B: send money transactions 

Dependent variable: 

Agent-to-agent 
(1) 

Agent-to-person 
(2) 

Person-to-agent 
(3) 

Person-to-person 
(4) 

Indirect 
(5) 

Direct 
(6) 

Mobile payroll -0.194*** 
(0.029) 
[0.001] 

-0.061** 
(0.026) 
[0.047] 

0.362*** 
(0.024) 
[0.001] 

0.343*** 
(0.023) 
[0.001] 

-0.277*** 
(0.030) 
[0.001] 

0.494*** 
(0.025) 
[0.001] 

Mobile account -0.030 
(0.037) 
[0.260] 

0.094*** 
(0.034) 
[0.019] 

0.038 
(0.023) 
[0.128] 

0.094*** 
(0.022) 
[0.001] 

0.051 
(0.035) 
[0.160] 

0.071*** 
(0.027) 
[0.022] 

Baseline controls 
Test: payroll = account 
Observations 
R-squared 
Mean control [endline] 

X 
0.000 
1,311 
0.094 
0.402 

X 
0.000 
1,311 
0.068 
0.252 

X 
0.000 
1,311 
0.250 
0.081 

X 
0.000 
1,311 
0.256 
0.049 

X 
0.000 
1,311 
0.153 
0.613 

X 
0.000 
1,311 
0.353 
0.120 

Notes: The table reports treatment effects on learning. Estimates in panel A are based on administrative data. The dependent 
variable is a dummy equal to one if at least one transaction was recorded in a given month. The omitted group consists of obser-
vations prior to random assignment to treatment, for which all outcomes are mechanically equal to zero. Robust standard errors, 
in parentheses, are clustered at the account level. Estimates in panel B are based on endline survey data. The omitted group con-
sists of respondents in the control who continued to be paid in cash and did not receive an account. Controls include stratification 
dummies, marital status, number of dependents, dummies for savings, formal savings, years of work experience, and years with 
current employer. Robust standard errors in parentheses, sharpened q-values in brackets. * p < 0.1, ** p < 0.05, *** p < 0.01. 



Table 5 
Trust in the Technology 

Dependent variable 

Bank account Mobile money account 

Leave BDT Leave BDT Leave BDT Leave BDT 
1,000 in account 

(1) 
5,000 in account 

(2) 
1,000 in account 

(3) 
5,000 in account 

(4) 

Bank or mobile payroll 0.049 
(0.030) 
[0.128] 

0.042 
(0.028) 
[0.153] 

0.168*** 
(0.031) 
[0.001] 

0.146*** 
(0.028) 
[0.001] 

Bank or mobile account 0.030 0.047 0.082** 0.035 
(0.049) 
[0.321] 

(0.044) 
[0.241] 

(0.036) 
[0.049] 

(0.033) 
[0.241] 

Baseline controls X X X X 
Sample 
Test: payroll = account 
Observations 
R-squared 
Mean control [endline] 

Bank+Contl 
0.688 
1,159 
0.103 
0.556 

Bank+Contl 
0.913 
1,363 
0.096 
0.558 

Mobile+Contl 
0.014 
1,311 
0.112 
0.380 

Mobile+Contl 
0.001 
1,559 
0.103 
0.377 

Notes: The table reports treatment effects on trust in the technology. The dependent variable in columns 
(1) and (3) is a dummy equal to one if a respondent indicates that they would be fully comfortable leav-
ing an amount of BDT 1,000 in a bank or mobile money account respectively, for a period of one month. 
The dependent variable in columns (2) and (4) is a dummy equal to one if a respondent indicates that 
they would be comfortable to leave an amount of BDT 5,000 in a bank or mobile money account respec-
tively, for a period of one month. The sample in columns (1) and (2) consists of the control group and 
respondents assigned to a bank account, the sample in columns (3) and (4) consists of the control group 
and respondents assigned to a mobile money account. Controls include stratification dummies, marital 
status, number of dependents, dummies for savings, formal savings, years of work experience, and years 
with current employer. Robust standard errors in parentheses, sharpened q-values in brackets. * p < 0.1, 
** p < 0.05, *** p < 0.01. 
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Table 6 
Treatment Effects: Savings and Consumption 

Dependent variable: 

Savings and remittances Consumption 

Has any 
savings 

(1) 

Log total 
savings 

(2) 

Log 
formal 
savings 
(3) 

Log 
informal 
savings 
(4) 

Log total 
remit-
tances 
(5) 

Log total 
consump-

tion 
(6) 

Log food 
consump-

tion 
(7) 

Log 
non-food 

tion 
(8) 

Bought 
item > Tk 

1,000 
(9) 

Shocks 
index 

(10) 

Panel A: endline 

Bank or mobile payroll 0.038** 
(0.019) 
[0.076] 

0.508** 
(0.198) 
[0.027] 

2.424*** 
(0.226) 
[0.001] 

-0.333 
(0.203) 
[0.128] 

-0.196 
(0.219) 
[0.249] 

-0.116* 
(0.063) 
[0.095] 

0.009 
(0.154) 
[0.502] 

-0.135** 
(0.063) 
[0.065] 

-0.027* 
(0.015) 
[0.095] 

-0.051** 
(0.026) 
[0.080] 

Bank or mobile account -0.005 
(0.024) 
[0.453] 

0.074 
(0.252) 
[0.427] 

0.389 
(0.276) 
[0.160] 

-0.025 
(0.252) 
[0.494] 

0.054 
(0.276) 
[0.453] 

-0.092 
(0.079) 
[0.236] 

-0.174 
(0.191) 
[0.249] 

-0.078 
(0.079) 
[0.245] 

-0.018 
(0.019) 
[0.245] 

-0.049 
(0.031) 
[0.130] 

Baseline controls 
Test: payroll = account 
Observations 
R-squared 
Mean control [endline] 

X 
0.036 
2,376 
0.063 
0.815 

X 
0.041 
2,376 
0.098 
7.519 

X 
0.000 
2,376 
0.169 
2.736 

X 
0.155 
2,376 
0.076 
6.259 

X 
0.297 
2,376 
0.075 
7.395 

X 
0.747 
2,376 
0.069 
8.819 

X 
0.268 
2,376 
0.134 
5.974 

X 
0.439 
2,376 
0.051 
8.466 

X 
0.561 
2,376 
0.039 
0.101 

X 
0.918 
2,002 
0.042 
0.169 

Panel B: full panel 

Bank or mobile payroll 0.110*** 
(0.015) 
[0.001] 

0.885*** 
(0.144) 
[0.001] 

1.322*** 
(0.128) 
[0.001] 

-0.146 
(0.122) 
[0.236] 

-0.081 
(0.125) 
[0.403] 

-0.077** 
(0.038) 
[0.084] 

0.066 
(0.110) 
[0.410] 

-0.086** 
(0.040) 
[0.067] 

-0.016* 
(0.009) 
[0.122] 

-0.013* 
(0.007) 
[0.099] 

Bank or mobile account 0.059*** 
(0.019) 
[0.006] 

0.576*** 
(0.185) 
[0.006] 

0.593*** 
(0.159) 
[0.001] 

0.182 
(0.170) 
[0.280] 

-0.131 
(0.183) 
[0.397] 

-0.043 
(0.055) 
[0.397] 

0.110 
(0.155) 
[0.397] 

-0.039 
(0.056) 
[0.397] 

-0.017 
(0.014) 
[0.236] 

-0.004 
(0.008) 
[0.463] 

Respondent fixed effects 
Test: payroll = account 
Observations 
R-squared 
Mean control [follow-up] 

X 
0.007 
16,286 
0.074 
0.440 

X 
0.084 
16,286 
0.051 
4.304 

X 
0.000 
16,286 
0.022 
2.533 

X 
0.047 
16,286 
0.157 
2.158 

X 
0.780 
13,415 
0.049 
4.510 

X 
0.555 
13,436 
0.012 
8.812 

X 
0.777 
13,436 
0.046 
6.773 

X 
0.415 
13,435 
0.017 
8.292 

X 
0.966 
13,429 
0.001 
0.068 

X 
0.282 
8,467 
0.001 
0.020 

Notes: Treatment effects on savings and consumption. Panel A reports results based on the endline survey, Panel B reports results 
based on data from the midline follow-up and endline surveys. The omitted group in both panels consists of respondents in the control 
group who continued to be paid in cash and did not receive an account. Baseline controls include stratification dummies, marital sta-
tus, number of dependents, dummies for savings, formal savings, years of work experience, and years with current employer. Robust 
standard errors in parentheses, sharpened q-values in brackets. * p < 0.1, ** p < 0.05, *** p < 0.01. 



Table 7 
Machine Learning: GATES Analysis 

Most Affected Least Affected Difference 
γ5 γ1 γ5 -γ1 

(1) (2) (3) 

Panel A: savings and consumption 

Log total savings -0.025 -0.293 0.300 
[1.000] [1.000] [1.000] 

(-0.820,0.821) (-0.990,0.636) (-0.954,1.340) 
Log formal savings 0.524 0.598 -0.168 

[0.596] [0.604] [1.000] 
(-0.461,1.199) (-0.346,1.616) (-1.480,1.265) 

Log informal savings -0.488 -0.191 -0.209 
[0.791] [1.000] [1.000] 

(-1.802,0.813) (-1.239,0.674) (-1.894,1.525) 
Log total remittances 0.003 -0.563 0.496 

[1.000] [0.667] [1.000] 
(-1.347,1.201) (-1.798,0.398) (-1.965,2.984) 

Log total consumption -0.024 -0.494 0.465 
[1.000] [0.006] [0.049] 

(-0.335,0.295) (-0.828,-0.166) (0.053,0.910) 
Shock index -0.027 -0.073 0.055 

[1.000] [0.807] [1.000] 
(-0.172,0.100) (-0.220,0.076) (-0.153,0.237) 

Panel B: account use and learning 

Deposits 0.065 0.031 0.039 
[0.601] [0.762] [1.000] 

(-0.057,0.184) (-0.037,0.136) (-0.174,0.211) 
Withdrawals 1.298 0.802 0.498 

[0.000] [0.000] [0.000] 
(1.042,1.602) (0.567,1.007) (0.260,0.721) 

Send-money 1.019 0.338 0.662 
[0.000] [0.000] [0.000] 

(0.705,1.280) (0.220,0.494) (0.307,0.953) 
Total Transactions 1.730 1.131 0.605 

[0.000] [0.000] [0.001] 
(1.289,2.167) (0.805,1.453) (0.217,0.996) 

Direct Transactions 0.536 0.224 0.304 
[0.000] [0.000] [0.000] 

(0.450,0.645) (0.152,0.305) (0.191,0.441) 
Indirect Transactions -0.099 -0.277 0.193 

[0.274] [0.002] [0.136] 
(-0.204,0.014) (-0.446,-0.101) (-0.012,0.379) 

Outside Transactions 0.943 0.470 0.453 
[0.000] [0.001] [0.131] 

(0.571,1.164) (0.225,0.787) (-0.014,0.869) 

Notes: The table reports sorted group average treatment effect coefficients for 
savings and mobile money payroll account use at endline. The sample is di-
vided into K=5 groups, γK , based on the quintiles of the machine learning 
proxy predictor S(Z). Medians over 100 splits. 90% confidence intervals in 
parentheses, p-values for the hypothesis that the parameter is equal to zero in 
brackets. 
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Table 8 
Machine Learning: Classification Analysis (CLAN) 

Total Total Outside Direct 
Consumption Transactions Transactions Transactions 

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

Female -0.295 -0.851 -0.774 -0.854 
[0.000] [0.000] [0.000] [0.000] 

(-0.373,-0.214) (-0.904,-0.797) (-0.839,-0.710) (-0.926,-0.785) 
Married -0.016 -0.033 -0.022 -0.097 

[1.000] [0.975] [1.000] [0.224] 
(-0.100,0.064) (-0.123,0.060) (-0.113,0.069) (-0.215,0.023) 

Dependent children -0.079 -0.158 -0.201 -0.335 
[0.224] [0.004] [0.000] [0.000] 

(-0.175,0.019) (-0.258,-0.057) (-0.300,-0.104) (-0.462,-0.209) 
Education 0.197 1.337 1.682 1.694 

[0.330] [0.000] [0.000] [0.000] 
(-0.082,0.481) (1.011,1.654) (1.364,2.003) (1.319,2.073) 

Literate 0.095 0.236 0.380 0.301 
[0.128] [0.000] [0.000] [0.000] 

(-0.006,0.195) (0.141,0.331) (0.289,0.472) (0.172,0.430) 
Digit span score 0.042 0.687 0.734 0.612 

[1.000] [0.000] [0.000] [0.000] 
(-0.216,0.296) (0.420,0.942) (0.491,0.980) (0.298,0.930) 

Experience in current job, years -0.832 1.109 0.231 0.650 
[0.000] [0.000] [0.466] [0.024] 

(-1.199,-0.484) (0.735,1.474) (-0.151,0.604) (0.141,1.163) 
Expected tenure in job, years 0.753 0.484 -0.174 0.743 

[0.000] [0.012] [0.585] [0.001] 
(0.413,1.073) (0.146,0.801) (-0.515,0.151) (0.312,1.179) 

Ever used mobile money 0.397 0.190 0.174 0.350 
[0.000] [0.000] [0.000] [0.000] 

(0.313,0.481) (0.102,0.276) (0.089,0.257) (0.241,0.460) 
Income sharing 2.358 6.065 3.582 14.04 

[0.797] [0.042] [0.371] [0.000] 
(-3.182,7.966) (0.939,11.28) (-1.742,8.772) (6.841,21.09) 

Basic expenditures control 0.189 0.418 0.340 0.573 
[0.000] [0.000] [0.000] [0.000] 

(0.096,0.284) (0.326,0.511) (0.243,0.436) (0.460,0.685) 
Has savings 0.166 -0.060 -0.022 0.296 

[0.002] [0.504] [1.000] [0.000] 
(0.066,0.265) (-0.162,0.043) (-0.124,0.081) (0.165,0.428) 

Has formal savings 0.063 0.008 -0.019 0.320 
[0.243] [1.000] [1.000] [0.000] 

(-0.023,0.147) (-0.076,0.095) (-0.106,0.070) (0.219,0.423) 
Has loans -0.068 -0.011 0.046 0.005 

[0.364] [1.000] [0.753] [1.000] 
(-0.169,0.032) (-0.113,0.091) (-0.056,0.149) (-0.132,0.141) 

Sent remittances 0.229 0.168 0.046 0.262 
[0.000] [0.000] [0.444] [0.000] 

(0.153,0.309) (0.092,0.247) (-0.028,0.117) (0.165,0.354) 
Need to borrow 0.095 0.073 0.120 0.097 

[0.126] [0.290] [0.042] [0.330] 
(-0.005,0.195) (-0.029,0.176) (0.018,0.221) (-0.040,0.234) 

Able to save Tk 5,000 0.021 0.095 0.114 0.107 
[1.000] [0.043] [0.007] [0.124] 

(-0.065,0.112) (0.014,0.176) (0.038,0.191) (-0.006,0.218) 

Notes: Classification analysis for total consumption and mobile money person-to-person trans-
fers at endline. Columns (1) to (3) report results on total consumption, columns (4) to (6) 
report results on person-to-person mobile money transactions, both measured at endline. The 
sample is divided into K=5 groups, δK , based on the quintiles of the CATE proxy predic-
tor S(Z). Medians over 100 splits. 90% confidence interval in parentheses, p-values for the 
hypothesis that the parameter is equal to zero in brackets. 
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Table 9 
Treatment Effects: Externalities from Technology Adoption 

Dependent variable: 

Extra charge = 1 

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

Low adoption area 0.151∗∗∗ 0.151∗∗∗ 0.056 
(0.048) (0.049) (0.034) 

Low skill 0.443∗∗∗ 0.443∗∗∗ 0.387∗∗∗ 

(0.115) (0.115) (0.111) 

Low adoption area × Low skill 0.118 
(0.075) 

Worker fixed effects X X X X 
Week fixed effects X X X X 
Observations 504 504 504 504 
Clusters (# neighborhoods) 24 24 24 24 
R-squared 0.142 0.145 0.171 0.173 
Mean dep.var 0.310 0.310 0.310 0.310 

Notes: The table reports treatment effects from the audit study. The depen-
dent variable in all regressions is an indicator equal to 1 if the customer was 
charged an illicit fee for receiving assistance with the transaction. “Low skill” is 
a treatment indicator for the low skill audit script assignment. “Low adoption 
area” is an indicator equal to one if the transaction takes place in a neighbor-
hood with below median payroll account penetration, measured by the share 
of firms that have adopted payroll accounts. Robust standard errors, clustered 
by neighborhood, in parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01. 
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Supplementary Appendix (For Online Publication) 

A Appendix Figures 

Figure A.1 
Bank and Mobile Money User Interface 

Notes: The figure shows the user interface of the ATM machines used in our experiment. The 
menu was customized to display text in English and Bangla. Users are able to make withdrawals 
only, using a bank issued card that can be used for debit transactions and at bank branches. 

Notes: The figure shows the user interface of the mobile money platform used in the experiment. 
The menu is in English and looks identical on smart phones and conventional phones. Users are 
able to make payment, send-money, cash-in, cash-out, and buy airtime transactions. 
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B Timeline 

Notes: The figure shows the timeline of the surveys, intervention, and administrative data used 
in the main experiment. The experiment was conducted at two study sites. Survey dates shown 
indicate dates at which in-person surveys were conducted. Each survey round was accompanied 
by an additional phone survey, tracking respondents who were not present or no longer employed 
at the firm. Treatments were staggered over the time period indicated in the figure. 
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C Scripts 

C.1 Low-knowledge Script 

Customer: Assalamu’alaikum, do you offer [name of mobile money provider] service? 

Agent: Yes. How can I help you? 

Customer: I need to send some money to my home. 

Agent: Ok, how much money do you want to send? 

customer: 300 Taka. 

Scenario 1 
Agent: We don’t do any transaction under 500 Taka or I cannot do the transaction for some 

other reason. You can try another mobile money agent. Sorry. 
[Conversation ends.] 

Scenario 2 
Agent: We can do the transaction for you, but will charge you an extra [amount] taka. 

Customer: No problem. 

Scenario 3 
Agent: Have you brought the number with you? 

Customer: Yes. This is the number. [Worker passes the paper to the agent] 

Agent: Is this a personal account or agent number? 

Customer: I dont know. I am not familiar with [name of mobile money provider]. I dont know 
how it works. 

Agent: Does the account holder run [name of mobile money provider] shop or business with this 
number or it is just his personal number? 

Customer: He uses this number for his own mobile. He asked me to send money to this number. 

Agent: That means it is a personal account. Do you want to include cash out charge with the 
amount so that when he cashes out the money he gets the full amount? 

Customer: I dont know the fee for that. How much do I have to give you for sending 500 or 1,000 
Taka? 

Agent: That would be 510 or 1,020 Taka. 

Customer: All right. Here is the money. Please send it to the number I gave you. 
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C.2 High-knowledge Script 

Customer: Assalamu’alaikum, do you offer [name of mobile money provider] mobile money 
service? 

Agent: Yes. How can I help you? 

Customer: I need your help with a transaction. I use my own account to do mobile money 
transactions all the time, like sending money using my own [name of mobile money provider] 
account. However, I am facing some trouble sending the money. I did everything exactly like 
before. First, I checked my balance to make sure there is enough money. After that, I selected 
the send money option, then I entered the account number and the amount of money and finally 
I used the correct password. But for some reason the transaction is not going through and I get 
an error message every time. 

Scenario 1 
Agent: We don’t do any transaction under 500 Taka or I cannot do the transaction for some 

other reason. You can try another mobile money agent. Sorry 
[Conversation ends.] 

Scenario 2 
Agent: I can do the transaction for you, but will charge you an extra [amount] taka. 

Customer: No problem. 

Scenario 3 

Agent: No problem. 

Agent: Have you brought the number with you? 

Customer: Yes. This is the number. [Worker passes paper to the agent] 

Agent: Is this a personal account or agent number? 

Customer: This is a personal account. 
Agent: Do you want to include cash out charge with the amount so that when he cashes out the 
money he gets the full amount? 

Customer: Yes, please. Here is the money [give correct amount]. Please send this amount to the 
number I gave you. 
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D Appendix Tables 

Table D.1 
Summary Statistics: Transaction Data 

N Mean Median StDev Min Max 

Panel A: bank and mobile money accounts 

Deposits 1,911 0.122 0.000 0.518 0.000 20.000 
Withdrawals 20,606 1.313 1.000 1.189 0.000 22.000 
Send-money 5,014 0.319 0.000 0.886 0.000 17.000 
Total 28,466 1.814 1.000 1.872 0.000 37.000 
Excl. withdrawals 7,860 0.501 0.000 1.299 0.000 27.000 
Outside 15,715 1.001 0.000 1.866 0.000 37.000 
Balance 601.069 41.190 3237.861 0.000 9.0e+04 

Panel B: bank accounts 

Deposits 46 0.005 0.000 0.076 0.000 2.000 
Withdrawals 12,108 1.390 1.000 1.181 0.000 22.000 
Send-money 0 0.000 0.000 0.000 0.000 0.000 
Total 12,154 1.395 1.000 1.198 0.000 22.000 
Excl. withdrawals 46 0.005 0.000 0.076 0.000 2.000 
Outside 2,767 0.318 0.000 0.896 0.000 22.000 
Balance 733.071 60.100 3848.849 0.000 9.0e+04 

Panel C: mobile money accounts 

Deposits 1,865 0.267 0.000 0.747 0.000 20.000 
Withdrawals 8,498 1.217 1.000 1.192 0.000 10.000 
Send-money 5,014 0.718 0.000 1.217 0.000 17.000 
Total 16,312 2.336 2.000 2.366 0.000 37.000 
Excl. withdrawals 7,814 1.119 1.000 1.759 0.000 27.000 
Outside 12,948 1.854 1.000 2.349 0.000 37.000 
Balance 430.530 9.020 2199.890 0.000 4.7e+04 

Notes: The table reports summary statistics for the bank and mobile money ac-
count transaction data. Bank transaction data is available from February 2015 to 
November 2016 and mobile money transaction data from May 2015 to November 
2016. The data record all deposit, withdrawal, payment, and send-money transac-
tions for a period of 22 months. 
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Table D.2 
Summary Statistics, Audit Study 

N Mean Median StDev Min Max 

Extra charge 504 0.310 0.000 0.463 0.000 1.000 
Number of firms per area 504 6.008 5.000 2.650 3.000 12.000 
Number of mobile agents per area 504 7.964 7.000 2.632 4.000 13.000 
Payroll account adoption, % factories 504 34.770 30.000 24.274 0.000 80.000 
Mobile agents per 1000 workers 422 4.059 3.627 2.931 0.769 11.111 

Notes: The table reports summary statistics for the audit study experiment. Extra charge is 
a dummy equal to one of a worker was charged an illicit transaction fee. The study area was 
divided into 24 audit zones, audits were conducted by 38 workers over the course of ten weeks. 
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Table D.3 
First Stage: Treatment Status by Assigned Treatment 

Dependent variable: 

Treated Treated 
(1) (2) 

Bank or mobile payroll 0.920∗∗∗ 

(0.011) 
1.004∗∗∗ 

(0.003) 

Bank or mobile account 0.896∗∗∗ 0.983∗∗∗ 

(0.006) (0.014) 

Strata FE X 
Factory Cluster 
Test: payroll = account 
Observations 
R-squared 

X 
0.407 
2,197 
0.914 

X 
0.434 
2,197 
0.916 

Notes: The table reports regressions of treatment status on treatment assignment for the main 
experiment. The dependent variable is an indicator equal to one if an individual in our sample 
was treated, where treatment is measured as receiving an account. Bank or mobile payroll 
assigned is an indicator equal to one if a participant was assigned to the bank or mobile payroll 
treatment, bank or mobile account assigned is an indicator equal to one if a participant was 
assigned to the one of the account only treatments. 
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D.1 Disaggregated Treatment Effects 

Table D.4 
Disaggregated Treatment Effects: Account Use 

Dependent variable: 

Deposits Withdrawals Send-money Total Excl. withdrawals Balance 
(1) (2) (3) (4) (5) (6) 

Bank payroll 0.002∗∗ 0.747∗∗∗ 0.000 0.748∗∗∗ 0.003∗∗∗ 608.583∗∗∗ 

(0.001) (0.009) (.) (0.009) (0.001) (84.444) 

Mobile payroll 0.109∗∗∗ 0.531∗∗∗ 0.292∗∗∗ 0.630∗∗∗ 0.357∗∗∗ 305.888∗∗∗ 

(0.006) (0.011) (0.010) (0.012) (0.011) (49.724) 

Bank account 0.210∗∗∗ 0.387∗∗∗ 0.000 0.412∗∗∗ 0.211∗∗∗ 3012.336∗∗ 

(0.042) (0.079) (.) (0.074) (0.042) (1396.125) 

Mobile account 0.044∗∗∗ 0.040∗∗∗ 0.021∗∗∗ 0.065∗∗∗ 0.063∗∗∗ 27.729∗∗ 

(0.006) (0.005) (0.004) (0.008) (0.008) (11.210) 

Test: payroll = account [bank] 0.000 0.000 . 0.000 0.000 0.086 
Test: payroll = account [mobile] 0.000 0.000 0.000 0.000 0.000 0.000 
Observations 40,458 40,458 24,046 40,458 40,458 40,458 
R-squared 0.069 0.481 0.181 0.502 0.257 0.020 

Notes: Treatment effects on account use, disaggregated by type of account and based on administrative data. The dependent 
variable is a dummy equal to one if at least one transaction was recorded in a given calendar month. The omitted group 
consists of observations prior to random assignment to treatment, for which all outcomes are mechanically equal to zero. All 
regressions include strata fixed effects. Robust standard errors, clustered at the account level, in parentheses. * p < 0.1, ** 
p < 0.05, *** p < 0.01. * p < 0.1, ** p < 0.05, *** p < 0.01. 
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Table D.5 
Disaggregated Treatment Effects: Learning, Transactions Outside the Workplace 

Dependent variable: 

Deposits Withdrawals Send-money Total Excl. withdrawals Balance 
(1) (2) (3) (4) (5) (6) 

Bank payroll 0.002∗∗ 0.194∗∗∗ 0.000 0.200∗∗∗ 0.003∗∗∗ 608.583∗∗∗ 

(0.001) (0.006) (.) (0.006) (0.001) (84.444) 

Mobile payroll 0.106∗∗∗ 0.316∗∗∗ 0.292∗∗∗ 0.476∗∗∗ 0.356∗∗∗ 305.888∗∗∗ 

(0.006) (0.010) (0.010) (0.011) (0.011) (49.724) 

Bank account 0.210∗∗∗ 0.243∗∗∗ 0.000 0.384∗∗∗ 0.211∗∗∗ 3012.336∗∗ 

(0.042) (0.063) (.) (0.076) (0.042) (1396.125) 

Mobile account 0.043∗∗∗ 0.041∗∗∗ 0.021∗∗∗ 0.069∗∗∗ 0.063∗∗∗ 27.729∗∗ 

(0.006) (0.005) (0.004) (0.008) (0.008) (11.210) 

Test: payroll = account [bank] 0.000 0.433 . 0.015 0.000 0.086 
Test: payroll = account [mobile] 0.000 0.000 0.000 0.000 0.000 0.000 
Observations 40,458 40,458 24,046 40,458 40,458 40,458 
R-squared 0.066 0.140 0.181 0.237 0.256 0.020 

Notes: Treatment effects on learning (transactions outside the workplace), disaggregated by type of account and based on 
administrative data. The dependent variable in all columns is a dummy equal to one if at least one transaction of the type 
indicated in the column header was recorded in a given month. The omitted group consists of observations prior to random 
assignment to treatment, for which all outcomes are mechanically equal to zero. All regressions include strata fixed effects. 
Robust standard errors, clustered at the account level, in parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01. 
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Table D.6 
Disaggregated Treatment Effects: Savings and Consumption, Endline Survey 

Dependent variable: 

Savings and remittances Consumption 

Has any 
savings 

(1) 

Log total 
savings 

(2) 

Log 
formal 
savings 
(3) 

Log 
informal 
savings 
(4) 

Log total 
remit-
tances 
(5) 

Log total 
consump-

tion 
(6) 

Log food 
consump-

tion 
(7) 

Log 
non-food 

tion 
(8) 

Bought 
item > Tk 

1,000 
(9) 

Shocks 
index 

(10) 

Bank payroll 0.098∗∗∗ 

(0.020) 
1.164∗∗∗ 

(0.209) 
4.366∗∗∗ 

(0.238) 
-0.204 
(0.228) 

-0.173 
(0.248) 

-0.144∗ 

(0.076) 
0.035 
(0.175) 

-0.154∗∗ 

(0.076) 
-0.025 
(0.016) 

-0.041 
(0.028) 

Mobile payroll -0.021 
(0.022) 

-0.125 
(0.231) 

0.484∗ 

(0.253) 
-0.449∗ 

(0.232) 
-0.156 
(0.248) 

-0.088 
(0.073) 

-0.013 
(0.177) 

-0.116 
(0.074) 

-0.029∗ 

(0.016) 
-0.062∗∗ 

(0.028) 

Bank account 0.020 0.439 0.588 0.389 0.276 0.011 0.217 0.000 -0.007 -0.054 
(0.036) (0.373) (0.395) (0.372) (0.430) (0.115) (0.277) (0.117) (0.032) (0.042) 

Mobile account -0.016 -0.085 0.318 -0.201 -0.029 -0.134 -0.332 -0.110 -0.023 -0.047 
(0.027) (0.279) (0.298) (0.279) (0.299) (0.090) (0.214) (0.089) (0.020) (0.033) 

Baseline controls X X X X X X X X X X 
Test: payroll = account [bank] 
Test: payroll = account [mobile] 
Observations 
R-squared 
Mean control [endline] 

0.021 
0.846 
2,376 
0.078 
0.815 

0.040 
0.883 
2,376 
0.117 
7.519 

0.000 
0.567 
2,376 
0.274 
2.736 

0.105 
0.363 
2,376 
0.081 
6.259 

0.291 
0.665 
2,376 
0.088 
7.395 

0.189 
0.616 
2,376 
0.069 
8.819 

0.505 
0.127 
2,376 
0.136 
5.974 

0.193 
0.951 
2,376 
0.052 
8.466 

0.546 
0.734 
2,376 
0.039 
0.101 

0.725 
0.593 
2,002 
0.043 
0.169 

Notes: Treatment effects on savings and consumption, disaggregated by type of account and based on data from the endline survey. The 
omitted category consists of participants in the control group who are paid in cash and did not receive an account. Controls include strat-
ification dummies, marital status, number of dependents, dummies for savings, formal savings, years of work experience, and years with 
current employer. Robust standard errors in parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01. 
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Table D.7 
Disaggregated Treatment Effects: Savings and Consumption, Full Survey Panel 

Dependent variable: 

Savings and remittances Consumption 

Has any Log total Log Log Log total Log total Log food Log Bought Shocks 
savings savings formal informal remit- consump- consump- non-food item > Tk index 

savings savings tances tion tion tion 1,000 
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) 

Bank payroll 0.157∗∗∗ 1.225∗∗∗ 1.616∗∗∗ -0.049 -0.134 -0.152∗∗∗ -0.022 -0.144∗∗∗ -0.024∗∗ -0.021∗∗ 

(0.018) (0.175) (0.155) (0.148) (0.155) (0.050) (0.137) (0.052) (0.012) (0.011) 

Mobile payroll 0.063∗∗∗ 0.557∗∗∗ 1.033∗∗∗ -0.235 -0.034 -0.011 0.142 -0.034 -0.009 -0.009 
(0.018) (0.172) (0.155) (0.147) (0.148) (0.048) (0.135) (0.050) (0.011) (0.007) 

Bank account 0.087∗∗ 1.017∗∗∗ 0.695∗∗∗ 0.577∗ -0.050 0.069 0.206 0.082 -0.041 -0.014 
(0.034) (0.323) (0.224) (0.320) (0.347) (0.106) (0.313) (0.105) (0.032) (0.012) 

Mobile account 0.048∗∗ 0.419∗∗ 0.550∗∗∗ 0.048 -0.150 -0.070 0.087 -0.068 -0.010 -0.001 
(0.021) (0.202) (0.181) (0.182) (0.199) (0.061) (0.167) (0.062) (0.014) (0.009) 

Respondent fixed effects X X X X X X X X X X 
Test: payroll = account [bank] 0.047 0.533 0.000 0.056 0.813 0.044 0.479 0.037 0.604 0.590 
Test: payroll = account [mobile] 0.518 0.529 0.014 0.148 0.584 0.389 0.767 0.631 0.930 0.412 
Observations 16,286 16,286 16,286 16,286 13,415 13,436 13,436 13,435 13,429 8,467 
R-squared 0.075 0.052 0.023 0.158 0.049 0.012 0.047 0.018 0.001 0.001 
Mean control [follow-up] 0.440 4.304 2.533 2.158 4.510 8.812 6.773 8.292 0.068 0.020 

Notes: Treatment effects on savings and consumption, disaggregated by type of account and based on data from the endline and midline 
follow-up surveys. The omitted category consists of workers in the control group who are paid in cash and did not receive an account. Con-
trols include stratification dummies, marital status, number of dependents, dummies for savings, formal savings, years of work experience, 
and years with current employer. Robust standard errors in parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01. 



Table D.8 Trust 

Dependent variable 

Bank account Mobile money account 

Leave BDT 
1,000 in account 

(1) 

Leave BDT 
5,000 in account 

(2) 

Leave BDT 
1,000 in account 

(3) 

Leave BDT 
5,000 in account 

(4) 

Bank payroll 0.043 
(0.030) 

0.039 
(0.028) 

0.026 
(0.030) 

-0.006 
(0.028) 

Mobile payroll 0.021 
(0.031) 

0.026 
(0.028) 

0.165∗∗∗ 

(0.030) 
0.144∗∗∗ 

(0.028) 

Bank account 0.006 
(0.047) 

0.041 
(0.043) 

0.096∗ 

(0.051) 
0.069 
(0.047) 

Mobile account 0.062∗ 

(0.036) 
0.015 
(0.034) 

0.082∗∗ 

(0.036) 
0.036 
(0.033) 

Baseline controls 
Test: payroll = account [bank] 
Test: payroll = account [mobile] 
Observations 
R-squared 
Mean control [endline] 

X 
0.422 
0.241 
2,002 
0.085 
0.556 

X 
0.955 
0.719 
2,375 
0.075 
0.558 

X 
0.160 
0.018 
2,002 
0.087 
0.380 

X 
0.102 
0.001 
2,375 
0.088 
0.377 

Notes: The table reports treatment effects on trust in bank and mobile money measured at end-
line, disaggregated by type of account. The dependent variable in columns (1) and (3) is a dummy 
equal to one if a respondent indicates that they would be comfortable to leave an amount of BDT 
1,000 in a bank or mobile money account respectively, for a period of one month. The dependent 
variable in columns (2) and (4) is a dummy equal to one if a respondent indicates that they would 
be comfortable to leave an amount of BDT 5,000 in a bank or mobile money account respectively, 
for a period of one month. Controls include stratification dummies, marital status, number of de-
pendents, dummies for savings, formal savings, years of work experience, and years with current 
employer. Robust standard errors in parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01. 
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D.2 Robustness to Network Effects 

Table D.9 
Robustness to Network Effects: Learning 

Dependent variable: 

Agent-to-agent 
(1) 

Agent-to-person 
(2) 

Person-to-agent 
(3) 

Person-to-person 
(4) 

Indirect 
(5) 

Direct 
(6) 

Mobile payroll -0.194∗∗∗ 

(0.029) 
-0.059∗∗ 

(0.027) 
0.365∗∗∗ 

(0.024) 
0.344∗∗∗ 

(0.023) 
-0.277∗∗∗ 

(0.030) 
0.497∗∗∗ 

(0.025) 

Mobile account -0.030 
(0.037) 

0.094∗∗∗ 

(0.034) 
0.040∗ 

(0.023) 
0.093∗∗∗ 

(0.022) 
0.051 
(0.035) 

0.073∗∗∗ 

(0.027) 

Network 0.169 
(6.396) 

0.455 
(6.197) 

7.649 
(4.998) 

-0.502 
(4.794) 

-1.374 
(6.484) 

6.782 
(4.869) 

Network treated payroll 0.028 
(10.621) 

-0.963 
(10.475) 

-13.019 
(8.508) 

-0.673 
(7.983) 

3.328 
(10.882) 

-11.628 
(8.124) 

Network treated account -1.826 
(11.063) 

-0.426 
(10.182) 

-7.784 
(8.885) 

7.891 
(8.726) 

-4.255 
(11.434) 

-6.333 
(9.371) 

Baseline controls 
Test: payroll = account 
Observations 
R-squared 
Mean control [endline] 

X 
0.000 
1,311 
0.094 
0.402 

X 
0.000 
1,311 
0.070 
0.252 

X 
0.000 
1,311 
0.251 
0.081 

X 
0.000 
1,311 
0.258 
0.049 

X 
0.000 
1,311 
0.153 
0.613 

X 
0.000 
1,311 
0.354 
0.120 

Notes: Treatment effects on learning based on survey data, controlling for the size of each respondent’s network and the share of individ-
uals treated within the network. The dependent variable in all columns is a dummy equal to one if at least one transaction of the type 
indicated in the column header was recorded in a given month. Network is defined for each worker as the number of workers from the same 
sub-district as worker i, employed by firm k, divided by the total number of workers employed by firm k. Network treated payroll is defined 
as the number of workers from the same sub-district as worker i, employed by firm k and assigned to the payroll account treatment, divided 
by the total number of workers employed at firm k. Network treated account is defined as the number of workers from the same sub-district 
as worker i, employed by firm k and assigned to the account treatment, divided by the total number of workers employed at firm k. The 
median worker has a network of 29 peers from their place of origin, of which 46.94% are assigned to the payroll account and 20.57% to 
the account only treatment. The omitted category consists of workers in the control group who continued to be paid in cash and did not 
receive an account. Controls include stratification dummies, marital status, number of dependents, dummies for savings, formal savings, 
years of work experience, and years with current employer. Robust standard errors in parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01. 
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Table D.10 
Robustness to Network Effects: Savings and Consumption 

Dependent variable: 

Savings and remittances Consumption 

Has any 
savings 

(1) 

Log total 
savings 

(2) 

Log 
formal 
savings 
(3) 

Log 
informal 
savings 
(4) 

Log total 
remit-
tances 
(5) 

Log total 
consump-

tion 
(6) 

Log food 
consump-

tion 
(7) 

Log 
non-food 

tion 
(8) 

Bought 
item > Tk 

1,000 
(9) 

Shocks 
index 

(10) 

Bank or mobile payroll 0.036∗ 

(0.019) 
0.490∗∗ 

(0.198) 
2.376∗∗∗ 

(0.225) 
-0.322 
(0.204) 

-0.157 
(0.218) 

-0.114∗ 

(0.063) 
-0.016 
(0.156) 

-0.131∗∗ 

(0.064) 
-0.028∗ 

(0.015) 
-0.052∗∗ 

(0.026) 

Bank or mobile account -0.004 
(0.024) 

0.078 
(0.251) 

0.423 
(0.271) 

-0.009 
(0.252) 

0.069 
(0.273) 

-0.096 
(0.079) 

-0.190 
(0.193) 

-0.081 
(0.079) 

-0.016 
(0.019) 

-0.049 
(0.031) 

Network -1.966 
(3.404) 

-30.750 
(35.058) 

-53.004 
(44.042) 

18.896 
(39.951) 

25.678 
(43.014) 

0.317 
(12.914) 

-38.269 
(30.280) 

3.572 
(12.955) 

1.423 
(2.551) 

-2.582 
(4.904) 

Network treated payroll 4.664 
(5.786) 

63.930 
(59.424) 

107.061 
(74.021) 

-23.686 
(67.440) 

-44.345 
(72.559) 

-3.398 
(21.577) 

65.122 
(51.324) 

-8.805 
(21.645) 

-0.922 
(4.274) 

4.355 
(8.287) 

Network treated account -5.206 
(6.266) 

-29.421 
(64.339) 

-35.100 
(74.714) 

-67.749 
(69.620) 

-13.399 
(77.830) 

15.609 
(22.266) 

43.821 
(52.502) 

11.125 
(22.398) 

-9.038∗∗ 

(4.608) 
1.971 
(8.037) 

Baseline controls 
Test: payroll = account 
Observations 
R-squared 
Mean control [endline] 

X 
0.052 
2,376 
0.065 
0.815 

X 
0.052 
2,376 
0.103 
7.519 

X 
0.000 
2,376 
0.187 
2.736 

X 
0.148 
2,376 
0.081 
6.259 

X 
0.343 
2,376 
0.090 
7.395 

X 
0.810 
2,376 
0.069 
8.819 

X 
0.294 
2,376 
0.135 
5.974 

X 
0.492 
2,376 
0.052 
8.466 

X 
0.423 
2,376 
0.041 
0.101 

X 
0.914 
2,002 
0.044 
0.169 

Notes: The table reports treatment effects on savings and consumption based on survey data, controlling for the size of each respondent’s net-
work and the share of treated individuals in the network. Network is defined for each worker as the number of workers from the same sub-district 
as worker i, employed by firm k, divided by the total number of workers employed by firm k. Network treated payroll is defined as the number of 
workers from the same sub-district as worker i, employed by firm k and assigned to the payroll account treatment, divided by the total number 
of workers employed at firm k. Network treated account is defined as the number of workers from the same sub-district as worker i, employed by 
firm k and assigned to the account treatment, divided by the total number of workers employed at firm k. The median worker has a network of 
29 peers from their place of origin, of which 46.94% are assigned to the payroll account and 20.57% to the account only treatment. The median 
worker has a network of 29 peers from their place of origin, of which 46.94% are assigned to the payroll account and 20.57% to the account only 
treatment. The omitted category consists of workers in the control group who continued to be paid in cash and did not receive an account. 
Controls include stratification dummies, marital status, number of dependents, dummies for savings, formal savings, years of work experience, 
and years with current employer. Robust standard errors in parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01. 



Table D.11 
Robustness to Network Effects: Trust 

Dependent variable 

Bank account Mobile money account 

Leave BDT Leave BDT Leave BDT Leave BDT 
1,000 in account 

(1) 
5,000 in account 

(2) 
1,000 in account 

(3) 
5,000 in account 

(4) 

Bank or mobile payroll 0.046 
(0.031) 

0.043 
(0.028) 

0.169∗∗∗ 

(0.031) 
0.145∗∗∗ 

(0.028) 

Bank or mobile account 0.021 0.044 0.083∗∗ 0.034 
(0.049) (0.045) (0.036) (0.033) 

Network -9.609 -0.937 2.240 -3.270 
(6.770) (6.503) (6.344) (5.834) 

Network treated payroll 14.218 
(11.544) 

0.076 
(10.995) 

-2.279 
(10.749) 

6.024 
(9.822) 

Network treated account 19.902∗ 7.084 -11.346 0.155 
(11.433) (10.999) (11.403) (10.574) 

Baseline controls X X X X 
Sample 
Test: payroll = account 
Observations 
R-squared 
Mean control [endline] 

Bank+Contl 
0.606 
1,159 
0.108 
0.556 

Bank+Contl 
0.985 
1,363 
0.101 
0.558 

Mobile+Contl 
0.015 
1,311 
0.115 
0.380 

Mobile+Contl 
0.001 
1,559 
0.105 
0.377 

Notes: The table reports treatment effects on trust in bank and mobile money based on survey data, 
controlling for the respondent’s network and the share of treated individuals in the network. The depen-
dent variable in columns (1) and (3) is a dummy equal to one if a respondent indicates that they would 
be comfortable to leave an amount of BDT 1,000 in a bank or mobile money account respectively, for a 
period of one month. The dependent variable in columns (2) and (4) is a dummy equal to one if a re-
spondent indicates that they would be comfortable to leave an amount of BDT 5,000 in a bank or mobile 
money account respectively, for a period of one month. Network is defined for each worker as the number 
of workers from the same sub-district as worker i, employed by firm k, divided by the total number of 
workers employed by firm k. Network treated payroll is defined as the number of workers from the same 
sub-district as worker i, employed by firm k and assigned to the payroll account treatment, divided by the 
total number of workers employed at firm k. Network treated account is defined as the number of workers 
from the same sub-district as worker i, employed by firm k and assigned to the account treatment, di-
vided by the total number of workers employed at firm k. The median worker has a network of 29 peers 
from their place of origin, of which 46.94% are assigned to the payroll account and 20.57% to the account 
only treatment. The omitted category consists of workers in the control group who continued to be paid 
in cash and did not receive an account. Controls include stratification dummies, marital status, number 
of dependents, dummies for savings, formal savings, years of work experience, and years with current em-
ployer. Robust standard errors in parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01. 
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D.3 Workplace Outcomes 

Table D.12 shows impacts on wage earnings, as reported by the garment factories and on self-reported job 
satisfaction. We find that payroll accounts lead to significantly lower salary advances (column 5), which in 
turn raise salary payments received on pay day (column 1). We find suggestive negative impacts on labor 
supply, as measured by unpaid absences (column 4). We find the opposite patterns in the simple account 
treatments. One speculative explanation is that the simple bank accounts were more illiquid, requiring 
physical visits to a branch to make deposits. 

Table D.12 
Treatment Effects: Earnings and Work Satisfaction 

Dependent variable: 

Total payable Overtime Attendance Absence Salary Work 
salary payment bonus deduction advance satisfaction 
(1) (2) (3) (4) (5) (6) 

Bank or mobile payroll 53.328 ∗∗ -2.097 -3.496 14.577 ∗∗ -88.961 ∗∗∗ 0.273 ∗∗ 

(22.934) (14.769) (2.926) (6.786) (6.030) (0.123) 

Bank or mobile account -84.665 ∗∗ -16.368 -6.201 -11.255 86.173 ∗∗∗ 0.291 ∗ 

(34.582) (20.313) (4.066) (10.188) (9.254) (0.153) 

Baseline controls X 
Test: payroll = account 0.000 0.443 0.497 0.016 0.000 0.893 
Observations 48,245 48,301 48,301 48,292 48,301 2,375 
R-squared 0.642 0.427 0.028 0.043 0.810 0.093 
Mean control 9041.824 1464.441 389.893 67.090 305.248 7.165 

Notes: The table reports treatment effects on earnings and work satisfaction based on survey data. Total 
payable salary is total monthly earnings including overtime and salary deductions. Overtime payment 
is the total monthly overtime earnings, attendance bonus is a bonus payment for not missing any work 
days in a given week. Salary advance are salary advances taken from the employer, which are deducted 
from the payable wage the next month. Work satisfaction is survey-elicited work satisfaction, measured 
at endline. The omitted category are participants in the control group who are paid in cash and did 
not receive an account. Controls include stratification dummies, marital status, number of dependents, 
dummies for savings, formal savings, years of work experience, and years with current employer. Robust 
standard errors in parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01. 
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D.4 Additional Results 

Table D.13 
Transactions Outside the Workplace, Excluding Weekends 

Dependent variable: 

Deposits 
(1) 

Withdrawals 
(2) 

Send-money 
(3) 

Total 
(4) 

Excl. withdrawals 
(5) 

Balance 
(6) 

Bank or mobile payroll 0.044∗∗∗ 

(0.003) 
0.226∗∗∗ 

(0.006) 
0.256∗∗∗ 

(0.010) 
0.319∗∗∗ 

(0.007) 
0.173∗∗∗ 

(0.007) 
440.763∗∗∗ 

(47.377) 

Bank or mobile account 0.039∗∗∗ 

(0.005) 
0.040∗∗∗ 

(0.004) 
0.016∗∗∗ 

(0.003) 
0.072∗∗∗ 

(0.007) 
0.061∗∗∗ 

(0.007) 
106.719∗∗ 

(47.498) 

Test: payroll = account 
Observations 
R-squared 

0.445 
40,458 
0.014 

0.000 
40,458 
0.095 

0.000 
24,046 
0.156 

0.000 
40,458 
0.131 

0.000 
40,458 
0.059 

0.000 
40,458 
0.011 

Notes: The table reports treatment effects on transactions outside the workplace, excluding weekends, 
based on administrative data. The dependent variable is a dummy equal to one if at least one trans-
action was recorded in a given calendar month. The omitted group consists of observations prior to 
random assignment to treatment, for which all outcomes are mechanically equal to zero. All regressions 
include strata fixed effects. Robust standard errors, clustered at the account level, in parentheses. * p 
< 0.1, ** p < 0.05, *** p < 0.01. 

Table D.14 
Transactions Outside the Workplace, Weekdays and Work Hours Only 

Dependent variable: 

Deposits Withdrawals Send-money Total Excl. withdrawals Balance 
(1) (2) (3) (4) (5) (6) 

Bank or mobile payroll 0.031∗∗∗ 0.172∗∗∗ 0.191∗∗∗ 0.255∗∗∗ 0.131∗∗∗ 440.763∗∗∗ 

(0.002) (0.005) (0.008) (0.006) (0.006) (47.377) 

Bank or mobile account 0.030∗∗∗ 0.030∗∗∗ 0.011∗∗∗ 0.060∗∗∗ 0.049∗∗∗ 106.719∗∗ 

(0.004) (0.004) (0.002) (0.006) (0.006) (47.498) 

Test: payroll = account 0.865 0.000 0.000 0.000 0.000 0.000 
Observations 40,458 40,458 24,046 40,458 40,458 40,458 
R-squared 0.010 0.072 0.114 0.102 0.044 0.011 

Notes: The table reports treatment effects on transactions outside the workplace, based on administra-
tive data, in a sample restricted to weekdays and work hours only. The dependent variable is a dummy 
equal to one if at least one transaction was recorded in a given calendar month. The omitted group 
consists of observations prior to random assignment to treatment, for which all outcomes are mechan-
ically equal to zero. All regressions include strata fixed effects. Robust standard errors, clustered at 
the account level, in parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01. 
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Table D.15 
Machine Learning: BLP Treatment Effects 

Average Treatment Heterogeneous Treatment 
Effect (ATE) Effect (HET) 

(1) (2) 

Panel A: savings and consumption 

Log total savings -0.133 0.124 
[0.809] [0.817] 

(-0.462,0.188) (-0.172,0.409) 
Log formal savings 0.451 -0.026 

[0.002] [1.000] 
(0.171,0.735) (-0.335,0.289) 

Log informal savings -0.306 -0.044 
[0.120] [1.000] 

(-0.616,0.011) (-0.590,0.424) 
Log total remittances -0.188 0.196 

[0.419] [1.000] 
(-0.558,0.108) (-0.578,0.918) 

Log total consumption -0.125 0.374 
[0.129] [0.003] 

(-0.269,0.009) (0.129,0.713) 
Shock index -0.048 0.083 

[0.138] [1.000] 
(-0.106,0.002) (-0.263,0.458) 

Panel B: account use and learning 

Deposits 0.033 0.065 
[0.216] [1.000] 

(-0.006,0.075) (-0.358,0.425) 
Withdrawals 1.008 0.519 

[0.000] [0.000] 
(0.869,1.142) (0.313,0.799) 

Send-money 0.617 0.700 
[0.000] [0.000] 

(0.501,0.717) (0.402,0.989) 
Total Transactions 1.317 0.400 

[0.000] [0.001] 
(1.105,1.526) (0.164,0.647) 

Direct Transactions 0.344 0.689 
[0.000] [0.000] 

(0.290,0.405) (0.414,0.947) 
Indirect Transactions -0.202 0.398 

[0.000] [0.188] 
(-0.254,-0.150) (-0.060,0.842) 

Outside Transactions 0.610 0.290 
[0.000] [0.015] 

(0.484,0.739) (0.071,0.517) 

Notes: The table reports best linear predictor (BLP) treatment effects for sav-
ings and consumption (panel A), account use, and learning outcomes (panel 
B). Medians over 100 splits. 90% confidence interval in parentheses, p-values 
for the hypothesis that the parameter is equal to zero in brackets. 
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Table D.16 
Externalities from Consumer Learning, Robustness 

Dependent variable: 

Extra charge = 1 

(1) (2) (3) (4) (5) (6) (7) (8) 

Low adoption area 0.150∗∗∗ 

(0.047) 
0.150∗∗∗ 

(0.048) 
0.056 
(0.034) 

0.162∗∗∗ 

(0.049) 
0.163∗∗∗ 

(0.049) 
0.042 
(0.039) 

Low skill 0.443∗∗∗ 

(0.115) 
0.443∗∗∗ 

(0.115) 
0.387∗∗∗ 

(0.111) 
0.491∗∗∗ 

(0.121) 
0.494∗∗∗ 

(0.122) 
0.437∗∗∗ 

(0.118) 

Low adoption area × Low skill 0.118 
(0.075) 

0.150∗∗ 

(0.066) 

Number of agents -0.001 
(0.010) 

-0.004 
(0.011) 

-0.001 
(0.010) 

-0.001 
(0.010) 

Number of agents per 1,000 workers 0.001 
(0.007) 

0.012 
(0.008) 

0.001 
(0.007) 

0.001 
(0.006) 

Worker fixed effects 
Week fixed effects 
Observations 
Clusters (# neighborhoods) 
R-squared 
Mean dep.var 

X 
X 
504 
24 

0.142 
0.310 

X 
X 
504 
24 

0.145 
0.310 

X 
X 
504 
24 

0.171 
0.310 

X 
X 
504 
24 

0.173 
0.310 

X 
X 
422 
24 

0.162 
0.310 

X 
X 
422 
24 

0.174 
0.310 

X 
X 
422 
24 

0.197 
0.310 

X 
X 
422 
24 

0.201 
0.310 

Notes: The table reports robustness checks for the audit study. The dependent variable in all regressions is an indicator equal to 1 
if the customer was charged an illicit fee for receiving help with the transaction. Low skill is a dummy for the low skill treatment 
condition. Low adoption area is an indicator for areas with below-median payroll account adoption. Mobile agents total is the 
number of mobile agents in the neighborhood, Mobile agents per worker is the number of mobile agents per 1,000 workers in the 
neighborhood. Robust standard errors, clustered by neighborhood, in parentheses. * p < 0.1, ∗∗ p < 0.05, ∗ ∗ ∗ p < 0.01. 
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