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Abstract

Public-works programmes (‘workfare’) are offered by governments in many de-
veloping countries, in part because this form of social protection is potentially self-
targeting. However, public works can also be administratively demanding, costly
and corrupt. We propose a welfare scheme designed to retain the self-targeting
aspect of public works while improving accessibility and reducing operational com-
plexity and fraud: beneficiaries are paid to solve educational micro-tasks on a
smartphone. Hence, while participants in traditional public-works schemes typi-
cally build or maintain physical infrastructure, participants in the proposed scheme
would build their human capital. In a randomised-controlled trial in Karnataka,
South India, we recruited 114 illiterate workers with experience of India’s flagship
public-works scheme. The treatment group was given access to the scheme for a
week. The intervention increased the number of characters recognised from the lo-
cal script by 65%, and more than half the test users prefer the proposed scheme over
the existing public-works programme. We also report on an earlier trial that had
no effect on character recognition, probably due to an overly ambitious ‘syllabus’.

JEL: I38, O15, O17
Key words: Social protection; self-targeting; public works; NREGA; literacy;

India

1 Introduction

Many governments rely on means testing to target welfare benefits to those who need

them. Typically, means testing in a rich country involves using tax data to establish the

income, wealth or employment status of potential beneficiaries, which is then compared

to a welfare scheme’s eligibility criteria. However, more than 60% of the world’s working

population are in the informal economy (ILO, 2018), and most of these are in developing

countries. As these workers do not appear in administrative records, governments in

developing countries need alternative targeting strategies.1

Public-works schemes, or ‘workfare’, exist in many developing countries (Subbarao

et al., 2013). Rather than paying unemployment allowance, in these schemes the govern-

ment acts as the ‘employer of last resort’. If the combination of the type of work offered

(typically unskilled manual labour, such as building or repairing roads) and remuner-

ation is relatively unattractive compared to private employment, so that only those in

need apply, then this form of social protection can effectively be self-targeted. However,

public-works programmes are administratively demanding and prone to inefficiency and

corruption. Moreover, to provide effective social protection such schemes should provide

employment and income as and when needed—on demand—but in practice there are

often delays and inefficiencies in both the provision of work and the payment of wages.

This paper proposes and presents experimental evidence on a new form of self-

targeting welfare scheme—‘digital workfare’—in which beneficiaries are paid to engage

1Proxy means testing, whereby a household’s income or wealth is estimated using observables such as
TV ownership and roof construction material, is widely used but prone to measurement error. Fiszbein
and Schady (2009) document the use of proxy means tests in conditional cash transfer programmes.
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with an educational smartphone app. The scheme can be made available on demand,

avoiding delays in access. Work is instantly verified and payments can be made directly

from the centre to the end user, cutting out ‘middle men’ and thus reducing delays as

well as the scope for corruption. Administrative costs are transparent and likely to be

far lower.

Various types of work could be offered in the app. In the implementation described

here, the tasks were educational and aimed at improving character recognition, a key pre-

literacy skill. Therefore, while participants in traditional public works typically build or

maintain physical capital, beneficiaries of the scheme trialled here build their own human

capital.2

We present the results of a randomised-controlled trial in South India in which 114

illiterate adults with experience of the government’s flagship public-works programme,

the Mahatma Gandhi National Rural Employment Guarantee (NREG), were recruited.

Participants in the treated group were each provided with a smartphone on which the

educational app was pre-installed. They had access to the app for a week, and could

work on it as little or as much as they wanted, within set working hours. They accrued

earnings per second of engagement with the app, and their identity was verified with

fingerprints to prevent them from ‘farming out’ the work to others.

After a week’s exposure, the participants recognised 1.7 more characters of the local

Kannada script, an increase of 65% relative to the control group at baseline. At least some

of the effect appears to come from the extensive margin, that is, participants who went

from recognising zero characters at baseline to recognising at least one character at follow-

up. Analysis of app usage data also indicates learning: the number of attempts required

to identify characters correctly declined steadily over time. The learning outcomes were

achieved despite the fact that users were rewarded purely for engaging with the app,

without any explicit incentive to learn.

After the intervention, the treated participants were asked to compare the proposed

scheme with the existing public-works programme, NREG, along a number of dimen-

sions. A majority of users finds the proposed scheme less physically and mentally tiring,

more dignified, more suitable during a pandemic and less likely to be associated with

fraud and corruption. After just a week of exposure, 53% of treated participants would

choose to work with the app given a choice between that and the existing scheme. How-

ever, traditional public works are deemed by a majority to be more suitable for healthy,

working-age men and women, and to be better for the overall development of the village.

(The latter is probably due to the fact that the traditional scheme aims to improve local

infrastructure, while the benefits of the proposed scheme are primarily private.)

2Note that implementing the type of scheme proposed here would not necessarily lead to a decline in
infrastructure investment relative to traditional public works: any funds saved from reduced administra-
tion costs and fraud could be used to improve public infrastructure more efficiently and transparently,
using commercial contractors and skilled labour rather than the unskilled labour of welfare beneficiaries.

3



We also report the results of an earlier trial in which no significant learning results

were found (Appendix A). In the earlier trial, the app exposed test users to all 52 basic

characters of the Kannada script, plus 15 vowel diacritics. Given the low starting level

of the illiterate test users (the average number of characters recognised at baseline was

about 5) and that they only had access to the app for a week, attempting to teach all

52+15 characters was probably too ambitious. A decision was made to re-trial with a

focus on 10 commonly used characters. The second trial is the focus of this paper, but

we report results from the earlier trial for transparency.

Berg et al. (2017) tested an SMS-based prototype of a self-targeting welfare scheme

using basic mobile phones. However, there was no control group, the micro-tasks were

‘pure ordeals’, that is, they were non-productive rather than educational, and users were

exposed to the system for just two–three hours in a supervised setting.

To our knowledge, this paper is the first to propose the use of digital educational

tasks as the basis for a self-targeted social protection scheme. We describe a simple

app and a field implementation of the scheme. We present experimental results on the

scheme’s impact on learning, as well as results on user acceptability, in a group of potential

beneficiaries with experience of the existing workfare programme in India. These are the

main contributions of the paper.

The trials discussed here were designed to provide early evidence on the scheme’s

productivity (in terms of human capital), accessibility and user acceptability. A trial of

longer duration and with more advanced educational content would be required to obtain

robust estimates of effects on targeting and labour market outcomes.

This paper relates to previous work on self-targeting in social protection. Nichols and

Zeckhauser (1982) discusses imposition of deadweight losses (‘ordeals’), including menial

work, as a targeting mechanism for social transfers. Ravallion (1991) studies the mer-

its of several South Asian public-works programmes in providing self-targeting welfare.

Besley and Coate (1992) explore theoretically how a work requirement on beneficiaries

can act as a screening mechanism when income is unobservable. Coady et al. (2004)

review and assess self-targeting in social protection schemes across a range of developing

countries. Kleven and Kopczuk (2011) set out a model in which greater complexity in

the application process improves precision in targeting but imposes a cost on applicants.

Alatas et al. (2016) discuss self-targeting in the context of an Indonesian conditional cash

transfer programme. They find that requiring beneficiaries to apply, as opposed to being

automatically enrolled, improves targeting as those who are unlikely to pass the asset

test do not bother to apply.

This paper also relates to work on India’s Mahatma Gandhi National Rural Em-

ployment Guarantee (NREG), the world’s largest public-works scheme.3 While benefit-

3According to official records (https://nrega.nic.in, accessed on 29 September 2022), it generated 3.6
billion days of paid work for 106 million beneficiaries in the 2021–22 financial year.
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ing many, NREG is marred by rationing and delays in the provision of work, complex

and costly administration, widespread fraud, and delays in and non-payment of wages.

Sukhtankar (2017) provides an overview of the scheme and surveys related research. Us-

ing nationally representative survey data, Dutta et al. (2012) find that, across India, only

56% of those who wanted to work under the scheme are able to do so. Ravallion (2019)

discusses the roles of local implementation (non-wage) costs and corruption in explaining

rationing in the scheme. The challenges of scheme administration are also highlighted in

an ethnographic study of NREG in Bihar: ‘the state government lacks the capacity to

run projects as documented... Limitations on state capacity are complex, ranging from

inadequate staffing, training and salaries to an inability of officials to navigate panchayat

politics and the entrenched opposition of landowners.’4 Imbert and Papp (2011, 2014)

find evidence of large-scale leakage in NREG budgets by comparing representative house-

hold survey data on employment with official scheme reports.5 Niehaus and Sukhtankar

(2013a,b) document and classify corruption in the programme. Banerjee et al. (2020)

find that 47% of control-group GP leaders in their sample in Bihar agree that corrup-

tion in the administration is a major constraint in NREG implementation. Delays and

non-payment of wages are also widely reported (e.g., Aggarwal, 2017).

Rodriguez-Segura (2022) reviews evidence on the use of educational technology (‘EdTech’)

in developing countries. Ksoll et al. (2014) evaluates an SMS-based adult literacy pro-

gramme in California and finds it highly effective in improving reading skills. Aker et al.

(2012) find that teaching basic mobile-phone skills to adults in Niger improves their

writing and maths test scores, and these effects persist two years later (Aker and Ksoll,

2020).

2 The digital workfare scheme

Under the proposed social protection scheme, beneficiaries earn money by engaging with

a smartphone app. Figure 1 shows the main screens of the implemented app, which aims

to teach illiterate beneficiaries to recognise the characters of the Kannada script. On

the main screen, the task screen, a sound is played, corresponding to the pronunciation

of a randomly selected Kannada character. This character, along with three randomly

selected incorrect (‘distraction’) characters, are shown as ‘buttons’ on the screen, in

random order. The user’s task is to tap the character that corresponds to the sound

played. If an incorrect character is selected, the user’s choice is momentarily highlighted

in red but the screen does not otherwise change, thus permitting further attempts. When

4Witsoe (2014) as quoted by Sukhtankar (2017).
5They find that the proportion of reported scheme labour-days provided that could be verified through

household surveys were 51% in 2007–08, 71% in 2009-10 and 80% in 2011-12. Note that their leakage
measures are conservative since they compare officially reported NREG labour days to survey-based
measures of days in any public works, not just NREG.
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the correct character is pressed, this button is momentarily highlighted in green before

the app moves to the next screen. The task screen also has a ‘sound’ button which allows

the user to replay the sound of the task character.

Once the task is answered correctly, the app moves to the attention check screen. A

green dot is displayed in a random location on the screen. The user just needs to touch

the dot in order to proceed. The purpose of this is to make sure that the user is actually

looking at the screen, as opposed to interacting with the app without looking. Once

the attention check is passed, the app displays a fingerprint logo, prompting the user to

touch the phone’s fingerprint reader. The aim of authenticating the registered user is to

prevent the work being ‘farmed out’ to someone else. Once passed, the cycle is complete

and the app displays the next task.

Earnings accrue at a fixed rate per second whenever the beneficiary is engaging with

the app. The user is deemed to be engaged when the app registers a ‘valid action’:

Either pressing a character button, or pressing the green dot on the attention screen dot,

or providing the correct fingerprint at the fingerprint screen. Whenever a valid action is

registered, earnings accrue for five seconds, or until the next valid action is registered.

In this way, earnings accrue continuously as long as a valid action is registered at least

every five seconds. Users can pause at any time, for a shorter or longer period, and their

earnings are preserved but will not increase.

In order for the proposed social protection scheme to be equitable and not favour

those with pre-existing knowledge or skill, the app is designed to reward engagement

rather than task performance. For this reason, users are rewarded equally for tapping

correct and incorrect answers to the tasks. However, in order to prevent users from

earning money simply by pressing the same incorrect character button again and again,

without cycling through the screens, earnings accrue only once per character button per

task.

The balance earned is visible at the top of each of the main screens. The balance

is shown in green and increases every second whenever earnings are accruing (for five

seconds after any valid user action), and in grey when engagement is paused. A user’s

earnings never decreases.

To prevent overwork, and for comparability with NREG, tasks were only available to

beneficiaries between 9am and 5pm, Monday through Friday. Outside of these hours, a

‘sleep’ screen was displayed, informing the user of when tasks would next be available.

Within the eight-hour ‘working day’, users were free to engage as little or as much as they

wanted, and to take breaks whenever they wanted, and for however long they wanted.

There is thus no requirement to put in a full working day, or to work continuously, in

order to benefit.

There was a maximum daily earnings limit of 289 rupees, which was selected to match

the daily wage rate under NREG in Karnataka at the time. The per-second rate in the
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app was set so that the maximum daily earnings would be reached after six hours of

engagement. That is, in order to attain the maximum daily earnings, users would need

to engage with the app for six hours a day within the eight-hour window, but could take

their two hours of breaks whenever they wanted. If the maximum daily earnings limit was

reached (after six hours of engagement), or in any case at 5pm, the sleep screen would

be displayed until 9am the next working day.

The app selects tasks and answer options from a subset of ten characters from the

Kannada script, as an earlier trial suggests that teaching all 52 basic characters over

one week is overly ambitious (see Appendix A). The ten taught characters comprise six

consonants and four vowels and were selected on the basis of being commonly used and

easy to combine into simple words. The ten taught characters, and the remaining 42

basic characters of the Kannada script, are shown in Figure 2.

Clearly, the implemented app is very basic. The educational aspect would need to be

more sophisticated in order for the system to be viable as a social protection scheme at

scale. It would need to have more, and more varied, content. It should probably adapt to

the user’s pre-existing skill level and progress to more advanced topics as the user learns.

3 Experimental design, intervention and data

The fieldwork took place between November 2021 and March 2022. Participants were

recruited from four villages in the Ramanagara district of Karnataka, India.6 In each

village, enumerators went door to door to enlist participants. The criteria were age (18+),

being a native speaker of Kannada, being self-declared illiterate and having completed

no more than two years of schooling, and having participated in NREG public works in

the past three years. Those who met these criteria and gave their consent to take part

in the study were enlisted.

In all, 114 participants were recruited. After completing the baseline survey and

literacy test, they were randomly allocated to treatment and control arms. Randomisa-

tion was individual and stratified by village, sex and age. Table 1 presents participant

summary statistics by experimental arm. The average age of participants was 57, and

81% were female. On average they had 0.24 years of schooling (86% had completed

no schooling), and 74% were married as opposed to unmarried, divorced or widowed.

Most participants were lower-caste (‘Other Backward Castes’), while the proportion of

scheduled castes and tribes (SC/ST) was 12%. The mean number of Kannada characters

identified correctly at baseline (out of the ten focus characters) was 2.57. The normalised

difference between the arms, shown in the last column, does not exceed the conventional

6Three of the villages were in Magadi taluk and one was in Channapatna taluk. The villages were
selected on the basis of a high proportion of native Kannada speakers in the population and a high
participation rate in NREG public works, according to NREG statistics for the period 2016–2021.
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threshold of 0.25 for any of the variables.

Basic literacy tests were conducted before and after the intervention in both exper-

imental arms. Participants were shown a piece of paper with all the main Kannada

characters, and asked if they could identify any of them. There were ten versions of

the sheet, differing only in the random ordering of the characters, and participants were

randomly assigned to different test sheets at baseline and follow-up. The ten characters

taught in the app were presented separately, though still in random order. Enumerators

made a note of characters identified correctly by the participants, as well as characters

attempted but incorrectly identified.

The tests also included nine words, varying in length between two and four characters

and composed exclusively of the ten taught characters. All participants were presented

with the same nine words, in random order, before and after the intervention.

Treated participants were given access to the app for one week. To avoid selection on

phone ownership, all treated participants were lent dedicated smartphones. These were

all of the same make and model (Nokia 5.3) and locked to the literacy app so that they

could not be used for any other purpose.7 The app was only available on these phones,

that is, it could not be installed on any other device. The participants’ fingerprints were

registered on the devices as they were handed out.8 Participants were told that they

could use the app as much or as little as they wanted in the week they had access to

it, within the constraints on working hours described above. All treated participants

returned the phone at the end of the week, when they were also fielded an endline survey

and character recognition test, and paid.

All participants received 100 rupees at the end of the week for taking part in the

study. Treated participants received their accrued app earnings in addition.

Four treatment and three control participants dropped out between baseline and

follow-up surveys, so the final panel consists of 53 treated and 54 control participants.

The baseline characteristics of those observed at follow-up are also balanced across the

experimental arms (not shown).

4 Results

4.1 Learning outcomes

Figure 3 presents the main results visually. The bars represent the mean number of

characters recognised, out of the ten characters taught in the app, by experimental arm

before and after the intervention. Treated participants correctly identify about two more

7This was done to avoid confounding the results with any more general effects of having access to a
smartphone.

8Fingerprint registration and authentication were local to the device, so biometric information was
not transmitted over the internet or mobile network, and it was deleted after the intervention.
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characters after the intervention, while the increase in the control group is small. The

figure also confirms that test scores were balanced across the experimental groups at

baseline.

These results are confirmed by regression analysis in Table 2. The basic difference-in-

difference specification, without fixed effects, is shown in column 1. The number of taught

characters identified correctly by treated individuals increases by 1.767 more than the

corresponding increase in the control group, and the difference is statistically significant.

Standard errors are clustered at the participant level (the level of randomisation) here

and in all panel regressions presented.

Our preferred specification, which includes participant fixed effects, is presented in

column 2. The main coefficient suggests that the number of characters recognised by

treated individuals increased by 1.684 more than the control group after one week of

exposure to the programme, and the coefficient is statistically significant. This represents

an increase of 65% relative to the number of characters recognised in the control-group

mean at baseline.

Recall that the app exposed users to only 10 out of 52 basic characters in the Kan-

nada script. In column 3, the outcome variable is the number of ‘non-taught’ characters

recognised. This can be thought of as a placebo check: if the main effect on literacy in

column 2 stemmed from the treated group generally improving their pre-literacy skills,

rather than learning within the app, then one might expect them to learn characters

beyond the 10 taught in the app. However, there is no significant learning effect for the

characters not taught in the app.

In column 4, the outcome variable is the number of words read correctly, out of the

nine presented. Recall that each of these words are composed of two, three or four of

the taught characters. The coefficient of interest is small and not statistically significant,

suggesting that the improvement in character recognition did not imply an improved

ability to read words based on the taught characters. Reading words may be a separate

skill (‘blending’) which needs to be learnt separately from character recognition.9

One may wonder whether the average improvement in mean character recognition

score was driven by those who already knew a few characters, or none. The distributional

effect of the intervention on the recognition of taught characters is explored in Figure 4.

Visually comparing the distributions of test scores, the clearest effects of the intervention

seem to be a reduction in the number of participants recognising zero characters, along

with a more general rightward shift of the distribution. Thus it seems that the intervention

worked at least in part on the extensive margin: it taught some participants who started

off recognising zero characters to recognise at least some characters.

The regressions presented in Table 3 analyses the number of attempted characters and

9Kannada is a phonetic language, meaning that each character has a fixed pronunciation wherever it
occurs.
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words in the literacy tests, irrespective of whether the character or word was identified

correctly or not. This could be informative of whether the intervention gave participants

more confidence to attempt more characters or words, whether they truly knew them

or not. The results suggest that treated participants attempted more of the taught

characters, but increases in attempted other characters, and words, are not statistically

significant. It seems, therefore, that the increased confidence of treated participants was

restricted to the characters that they had actually learnt.

‘Hit rates’, understood as the proportions of characters or words identified correctly,

out of those attempted, are analysed in Table 4. None of interaction coefficients are

statistically significant. This again suggests that the intervention did not cause ‘false

confidence’ among the participants.

Table 5 looks at whether learning in the app is related to basic demographics. The

outcome variable, ‘Characters learnt’, is constructed as the individual increase in the

number of characters recognised between the baseline and endline tests. Learning is not

predicated by sex, age, marital status or caste. But participants with some schooling learn

about 1.9 fewer characters on average. Recall that most participants have no schooling,

but 14% have one or two years. One possible interpretation of this finding is that those

who never had a chance to go to school are able and/or motivated to learn, while those

who did enrol but dropped out early are selected on being less able and/or motivated.

4.2 App usage and time use

There was considerable variation in how much time users spent on the app over the week

they had access to it, ranging from just over a minute to almost 21 hours, with a mean

of 5.15 and a median of 3.41 hours for the week. Since earnings are directly proportional

to time spent in the app, and maximum earnings would require 5 × 6 = 30 hours of

engagement over the week, even the heaviest user earned only 70% of the maximum

possible, and the median user earned only 11% of the maximum possible over the week.

When asked why they did not spend more time on the app, the most common response

from users was that they were ‘busy elsewhere’. One interpretation of this is that the

scheme functioned as a fallback option, as intended.

Figure 5 is a graphical representation of each test user’s interaction with the app over

time. Horizontal lines represent individual users, and dots show the day and time of each

completed task. The vertical lines demarcate the beginning (9am) and end (5pm) of each

‘working day’. A small proportion (0.06%) of tasks are recorded as completed outside of

these hours due occasional to delays in the system or network.

Figure 6 confirms that there is a strong positive relationship between the time spent

engaging with the app and the total number of tasks a user solved.

Figure 7 shows the average number of attempts required by a user to solve a task
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correctly, as a function of the number of tasks solved previously. The downward trend

is indicative of learning, as users require fewer attempts to solve each task as they gain

experience.10 A similar downward trend is apparent when the vertical axis represents the

average time in seconds required to solve a task, rather than the number of attempts per

task (not shown).

All participants were asked, before and after the intervention, how much time they

had spent on a range of activities over the past seven days. The average treated user

reports spending 9.68 hours on the app over the intervention week.11 It is of interest to

look at where this time is taken from. Table 6 analyses data from the time use module.

The outcome variables are hours spent on various types of activities in the past seven

days. The specification is otherwise similar to those in Tables 2, 3 and 4.

There is no significant effect of the intervention on the time spent on any of the

measured categories, including traditional public works, private paid work, work on own

land or business, domestic work or education. There is also no significant impact on the

sum of time spent on all these activities (not shown). In itself this might lend support

to the idea that the time spent on the app was taken out of leisure time, which was

not explicitly captured in the survey. However, several of the time-use coefficients are

imprecisely measured. In particular, the not significant coefficient of -5.44 hours on paid

work should be seen in conjunction with the negative and significant effect on private

work found in the earlier trial (Table A3).

There is also no significant impact on the time spent at school or on homework among

children in the household, or on participants’ self-reported physical or mental health (not

shown).

4.3 User satisfaction

As part of the follow-up survey, test users—the treated partipants—were asked to com-

pare ‘app work’ to NREG work along a number of dimensions. (Recall that participants

were selected, in part, on the basis of having had experience of NREG public works in

the past three years.) For each of these questions, the answer options were ‘NREG work’,

‘App work’, ‘No difference’ and ‘Cannot say’. Table 7 shows the proportion of users

answering ‘App work’ to each question, out of those who stated a preference, that is, out

10The minimum achievable is 1, when every task is solved correctly at the first attempt. The curve
was smoothed by binning: the number of attempts required per task was averaged over the first 100
tasks, the next 100 tasks, and so on. Only the ten users who solved at least 5000 tasks are included
here. Including all users would give a graph with an even steeper drop in the number of attempts, but
it would be distorted as not all points on the curve would be based on data from the same users (a form
of survivorship bias).

11This is almost double the mean time engaged as measured in the app. Clearly it is possible to spend
time with the app without being recorded as engaged with it, since continuous recorded engagement
required the user to perform a valid action every five seconds. The difference may also arise from recall
error. Perhaps there was also desire to please the enumerators by exaggerating time spent on the app.
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of those who answered either ‘App work’ or ‘NREG work’.

Along most dimensions, the average test user compared the proposed scheme favourably

to public works. The average user found the proposed scheme less physically tiring (98%),

less mentally tiring (65%), more dignified (74%), better for building self-confidence (52%),

more suitable during a pandemic (98%), more likely to teach them something new (98%),

more suitable for pregnant women (100%), women with young children (98%), the elderly

(93%), those in poor health (100%), the disabled (100%) and the illiterate (92%), more

likely to pay out the correct amount of benefits (52%),12 more likely to pay benefits on

time (92%) and less likely to be associated with fraud and corruption (94%).

There were also a few dimensions along which users expressed a preference for tra-

ditional public works over the proposed scheme. Public works were thought to provide

better experience for taking up other employment (69%), probably because the type of

work that the participants would normally be offered — physical labour — would be

more similar to that offered under the existing public works programme. Most users also

considered public works to be more suitable for healthy, working-age men (100%) and

women (78%), possibly in contrast to the other demographic categories considered. This

suggests that the proposed scheme may be better thought of as a possible complement

to, rather than a substitute for, traditional public works.

Ninety-eight per cent of test users thought public works would be better for the

overall development of the village. This is most likely because of the focus of NREG on

the construction and repair of communal infrastructure, whilst the proposed scheme is

intended to build the human capital of individual beneficiaries. (The enumerators did

not mention to respondents the possibility of spending any savings associated with the

proposed scheme on infrastructure.) Ninety per cent of test users thought traditional

public works would be more likely to be available when needed. Anecdotally, for some

users this reflected the fact that the proposed scheme, as implemented, was available to

treated users for one specific week only. If rolled out at scale, however, the proposed

scheme may well be deemed more easily accessible than NREG, as the latter is demand-

led in principle but often not in reality.

Finally, test users were asked, if they could choose only NREG or the app, which they

would prefer. Fifty-three per cent of users with a preference answered that they would

prefer the proposed scheme. Given the brief exposure the users had to the scheme, and

the crudeness of the implemented app, it is noteworthy that more than half of them state

12This proportion might have been expected to be even higher, given that all test users were paid
the correct amount without delay according to our records, and no complaints were registered on the
helpline. Several users linked their answer to actually having to work in the app, while in NREG they are
sometimes paid without working. In effect NREG beneficiaries sometimes get paid part of the proceeds
from fraudulently reported work, often without being fully aware of what is going on. One test user said,
‘In NREG, wages are sometimes paid without working also. But in the app work, wages are paid only
when we work on it.’ In the earlier trial, 88% of test users thought ‘app work’ was better for receiving
the correct amount of pay.
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that they would prefer it over NREG given a choice.

Table 8 presents a regression of whether test users prefer the proposed scheme (‘app

work’) over traditional public works for themselves, on basic demographic characteristics.

Those who responded ‘No difference’ or ‘Cannot say’ are coded with missing values and

thus excluded from the analysis. No significant pattern across sex, age, schooling, marital

status or caste group is detected. This suggests that while the appeal of the proposed

scheme is not universal among test users, it is broad.

When earnings in the app are added to the right-hand side of the above regression,

the coefficient is positive and significant (not shown). This may suggest that those who

earn more in the proposed scheme are more likely to prefer the scheme, though clearly

earnings are potentially endogenous to scheme preference.

5 Conclusion

We propose a new form of social protection—‘digital workfare’—in which beneficiaries

are paid, by the second, to engage with an educational smartphone app. In a sample of

illiterate adults with experience of the existing Indian public-works programme, NREG,

we randomly allocate access to the smartphone-based scheme for a week. We find large

and significant effects on the ability of participants to recognise characters of the local

script, a key pre-literacy skill, when they are exposed to a subset of 10 characters. The

learning effect is noteworthy in part because users were incentivised to engage with the

app, but not explicitly to learn or to solve tasks correctly. However, there was no effect on

character recognition in earlier trial where participants were exposed to all 52 characters,

arguably because the ‘syllabus’ was overly ambitious.

There is some evidence that the proposed scheme crowds out paid work, although it

is not clear that this would persist if the intervention lasted longer as users may then test

the scheme before making decisions about how to spend their time. If crowding out did

persist, and if this were deemed undesirable, it would be straightforward to adjust the

rate of pay in the scheme so as to make it less attractive.

Across both trials, a majority of test users found the proposed scheme more dignified

and less likely to be associated with fraud than the existing scheme, and about half would

prefer it for themselves given a choice. Preferring the proposed scheme is not predicted

by basic demographic characteristics, suggesting the scheme would have broad appeal.

The scale of the trials discussed here was too small, and the intervention too short,

to study the potential effects on targeting and labour-market outcomes compared to

traditional public-works schemes, but this is something we hope to do in future work.

Overall, the results suggest that the type of scheme proposed here could be explored

as a complement to existing public-works schemes, potentially appealing to a broader set

of demographics while improving access and reducing delays, administration costs and

13



fraud.
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Table 1: Summary statistics and balance check

Control Treatment Normalized
difference

Age 56.246 57.368 0.088
(9.703) (8.310)

Female 0.807 0.807 0.000
(0.398) (0.398)

Years of schooling 0.246 0.228 -0.020
(0.635) (0.598)

Married 0.667 0.807 0.221
(0.476) (0.398)

SC/ST 0.123 0.123 0.000
(0.331) (0.331)

Taught characters 2.596 2.544 -0.011
identified correctly (3.278) (3.333)

Observations 57 57

Note: Summary statistics by experimental arm at baseline. Normal-
ized differences in the third column. Standard deviations in paren-
theses.
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Table 2: Main results

Taught Taught Other Words
characters characters characters read
identified identified identified correctly
correctly correctly correctly

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

Treated -0.0526
(0.621)

After 0.255 0.241 0.796 0.352
(0.270) (0.392) (0.590) (0.310)

Treated × After 1.767*** 1.684** -0.853 -0.144
(0.443) (0.643) (1.000) (0.449)

Individual fixed effects No Yes Yes Yes

Control-group mean 2.596 2.596 3.088 0.561
at baseline

Observations 221 221 221 221
Individuals observed twice 107 107 107 107

Note: OLS regressions. In columns 1 and 2, the dependent variable is the number of
taught characters identified correctly (0–10), in column 3 it is the number of ‘other’ (not
taught) characters identified correctly and in column 4 it is the number of words read cor-
rectly. Standard errors, clustered at the individual level, are in parentheses. * p < 0.10, **
p < 0.05, *** p < 0.01.
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Table 3: Attempts

Taught Other Words
characters characters attempted
attempted attempted

After 0.889 0.0370 0.222
(0.618) (1.409) (0.380)

Treated × After 2.507** 0.755 0.193
(0.980) (2.023) (0.666)

Individual fixed effects Yes Yes Yes

Observations 221 221 221
Individuals observed twice 107 107 107

Note: OLS regressions. The dependent variables are the number of taught
characters, ‘other’ (not taught) characters and words attempted, whether iden-
tified correctly or not. Standard errors, clustered at the individual level, are in
parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.
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Table 4: Hit rates

Taught Other Words
characters characters hit rate
hit rate hit rate

After -0.0404 0.0361 0.344
(0.0989) (0.210) (0.244)

Treated × After -0.0145 -0.0702 -0.343
(0.120) (0.233) (0.264)

Individual fixed effects Yes Yes Yes

Observations 160 91 50
Individuals observed twice 63 28 16

Note: OLS regressions. The dependent variables are proportions of taught
characters, ‘other’ (not taught) characters and words identified correctly,
out of those attempted. Standard errors, clustered at the individual level,
are in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.
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Table 5: Who learns?

Characters
learnt

Female 0.239
(0.814)

Age -0.494
(0.373)

Age, squared 0.00470
(0.00332)

Any schooling -1.904***
(0.666)

Married 0.403
(1.117)

SC/ST 0.400
(0.807)

Observations 53

Note: OLS regression. The depen-
dent variable is the difference be-
tween the number of taught char-
acters identified correctly at follow-
up and at baseline. Only the treat-
ment group is considered. Robust
standard errors are in parentheses.
* p < 0.10, ** p < 0.05, *** p <
0.01.
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Table 6: Time use

NREG Private Work on
(public paid own land Domestic
works) work or business work Education

After 0.444 0.648 -1.926 0.667 -0.111
(0.448) (3.322) (2.821) (2.726) (0.160)

Treated × After -1.331 -5.441 -1.206 -2.082 -0.0776
(1.001) (4.226) (4.239) (4.451) (0.315)

Individual fixed effects Yes Yes Yes Yes Yes

Observations 221 221 221 221 221

Note: OLS regressions. The dependent variables are the number of hours spent on each activity
in the last seven days. Standard errors, clustered at the individual level, are in parentheses. *
p < 0.10, ** p < 0.05, *** p < 0.01.
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Table 7: Comparing ‘app work’ to NREG work: Participant responses

Question Proportion
answering
‘app work’

Which type of work
. . . is more physically tiring? 2%
. . . is more mentally tiring? 35%
. . . is more dignified? 74%
. . . is better for building self-confidence? 52%
. . . provides better experience to take up other employment? 31%
. . . is more suitable during a pandemic such as Covid-19? 98%
. . . would help you to learn something new? 98%
. . . is more suitable for healthy, working-age men? 0%
. . . is more suitable for healthy, working-age women? 22%
. . . is more suitable for women who are pregnant? 100%
. . . is more suitable for women who have young children? 98%
. . . is more suitable for the elderly? 93%
. . . is more suitable for people in poor health? 100%
. . . is more suitable for the disabled? 100%
. . . is more suitable for the illiterate? 92%
. . . is better for the overall development of the village? 2%
. . . is better for receiving the correct amount of pay due to each worker? 52%
. . . is better for better for receiving payment on time? 92%
. . . is more likely to be available whenever the participant needs it? 10%
. . . is likely to have less fraud and corruption associated with it? 94%
If you could choose to work only with NREG or with the app,
which would you choose personally? 53%

Note: The four answer options for all questions listed here were ‘App work’, ‘NREG work’, ‘No differ-
ence’ and ‘Cannot say’. The second column shows the proportion who responded ‘App work’ to the
question, out of those who selected either ‘NREG work’ or ‘App work’. These questions were only asked
of the treatment group, as only these have experience with both types of work.
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Table 8: Who prefers the proposed scheme over traditional public works?

Prefers
proposed
scheme

Female -0.187
(0.195)

Age -0.0280
(0.0803)

Age, squared 0.000325
(0.000704)

Any schooling 0.198
(0.220)

Married -0.0983
(0.205)

SC/ST -0.233
(0.252)

Observations 49

Note: OLS regression. The de-
pendent variable is a binary vari-
able indicating whether the partic-
ipant would prefer ‘app work’ over
NREG work for themselves, given
the choice. Those who responded
‘No difference’ or ‘Cannot say’ are
coded as missing. Only the treat-
ment group is considered. Robust
standard errors are in parenthe-
ses. * p < 0.10, ** p < 0.05, ***
p < 0.01.
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Figure 1: Main app screens

Note: The figure shows the main screens of the app. The task screen shows four randomly selected
Kannada characters while playing the sound of one of them. The sound can be repeated by pressing
the sound icon. The task screen is displayed until the correct button is pressed. On the attention check
screen, the user needs to press a green dot that appears at a random location. The finger print screen
prompts the reader to authenticate biometrically, before the cycle starts again.
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Figure 2: Kannada characters

Note: The figure shows the basic characters of the Kannada script, highlighting the ten characters taught
in the app.
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Figure 3: Number of characters recognised before and after intervention, by experimental
arm
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Note: The graph shows the mean number of characters correctly identified in the literacy test, out of
the ten characters taught, before and after the intervention and by experimental arm.
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Figure 4: Number of characters recognised before and after intervention, by experimental
arm
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Note: Histograms showing the number of characters correctly identified, out of the ten characters taught,
before and after the intervention and by experimental arm.

27



Figure 5: App usage

Note: The figure shows each user’s engagement with the app over the week they had access to it.
Horizontal lines represent individual users, and each black dot indicates the day and time that the user
solved a task correctly. Each working day is demarcated by vertical lines at 9am and 5pm. The small
number of tasks registered as completed outside of these times relate to system or network delays.
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Figure 6: The number of tasks solved plotted against time spent engaging with the app
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Note: The figure shows, for each treated participant, the total number of tasks solved plotted against
the time spent engaging with the app over the week.
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Figure 7: Evolution of the number of attempts required to solve a task correctly
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Note: The figure shows the average number of attempts required by a user to solve a task correctly, as a
function of the number of tasks solved previously. The downward trend is indicative of learning, as users
require fewer attempts to solve each task correctly. The minimum achievable is 1, when every task is
solved correctly at the first attempt. The curve has been smoothed by averaging the number of attempts
required for the first 100 tasks, the next 100 tasks, and so on. Only the ten users who solved at least
5000 tasks are included, as otherwise the graph would be distorted by survivorship bias.
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A The earlier trial

The results of an earlier trial are reported here. The main difference between the two

trials was that in the earlier instance, treated users were exposed to all 52 characters of

the Kannada script, plus 15 vowel diacritics, over the one week they had access to the

app. This contrasts with the second trial in which, as explained above, participants were

only exposed to a subset of 10 characters. Another difference was that while characters

were drawn uniformly for each task for the trial described above, in the earlier trial the

algorithm exposed users with higher frequency to characters they had previously got

wrong. A further difference is that participants with up to four years of education were

recruited in the first trial, compared to a maximum of two years in the second trial, as

long as they self-identified as illiterate. Still, in both trials a large majority of participants

had no schooling.

In the earlier trial, 117 illiterate adults with experience of NREG were recruited in

Karnataka, South India, and randomly assigned to treatment and control arms.13 Base-

line summary statistics, by treatment arm, are presented in Table A1. None of the

normalized differences exceed the conventional critical value of 0.25. Three intended

treatment and two intended control participants dropped out between baseline and end-

line. Compared to the second trial, the average participant was about six years younger,

and more likely to belong to a scheduled caste or tribe.

Treated participants had access to the app for one week. Character recognition was

measured before and after the intervention among all participants.

Literacy results are presented in Table A2. There is no significant effect on the number

of characters recognised correctly, or on the ‘hit rate’ — the proportion of characters

recognised out of those attempted. The coefficient for the number of words read correctly

is large relative to the control-group mean, but not significant at the 5% level.

In hindsight it seems unsurprising that there is little evidence of learning in the earlier

trial. Exposing illiterate participants to the full set of characters in one week was probably

overly ambitious. With an intervention of longer duration it would probably be a good

idea to start with a small set of characters and gradually add to it as the participants

learn.

Self-reported time use analysis for the earlier trial is presented in Table A3. It appears

that the intervention made the treated group spend 13.4 fewer hours on paid work in the

intervention week, indicating a substitution away from normal paid activities. While

noteworthy, it is not necessarily the case that this effect would persist if the intervention

duration were longer, as users may then try out the proposed scheme initially, only to

return to their regular activities after a while. For comparison, the self-reported average

13The fieldwork took place in the period July–September 2021 in four villages Madhugiri taluk, Tumkur
district. Allocation to experimental arms was individual and stratified by village, sex and age.
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number of hours spent on the app in the treated group was 16.4. The effect on education

is not identified since no participant reported spending any time on this activity.

The results of the user poll are largely similar across the two trials, with a few ex-

ceptions. Table A4 presents the proportion of treated participants who agreed with each

statement, out of those that had an opinion. One difference is that more participants in

the earlier trial find the ‘app work’ more mentally tiring, perhaps because of the addi-

tional mental load of being exposed to the entire character set. Still, 90% thinks that app

work is more dignified than NREG. It is still the case that the app work is thought to

be less suitable for healthy, working-age men and women and more suitable for pregnant

women, the disabled and those in poor health. App work is still thought to be associated

with less fraud and delays in payment, but less good for the overall development of the

village. Out of the 46 treated respondents who stated a preference, 66% would personally

prefer app work over NREG work if they could only choose one.

Table A5 reveals that none of the basic demographic characteristics considered are

associated (at the 5% significance level) with preferring the proposed scheme over tradi-

tional public works, again lending support to the idea that the appeal is broad.
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Table A1: Summary statistics and balance check for the earlier trial

Control Treatment Normalized
difference

Age 50.707 52.542 0.126
(10.79) (9.520)

Female 0.603 0.678 0.109
(0.493) (0.471)

Years of schooling 0.603 0.407 -0.129
(1.138) (1.002)

Married 0.845 0.847 0.005
(0.365) (0.363)

SC/ST 0.414 0.322 -0.133
(0.497) (0.471)

Taught characters 5.50 4.57 -0.088
identified correctly (7.13) (7.77)

Observations 58 59

Note: Summary statistics by experimental arm at baseline. Normal-
ized differences in the third column. Standard deviations in paren-
theses.
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Table A2: Literacy results for earlier trial

Characters Characters Words
identified identified Character read
correctly correctly hit rate correctly

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

Treated -0.929
(1.413)

After 3.286* 3.286 0.00995 -0.357
(1.749) (2.473) (0.135) (0.330)

Treated * After 3.411 3.411 0.101 0.804*
(2.671) (3.778) (0.173) (0.438)

Individual fixed effects No Yes Yes Yes

Control-group mean 5.50 5.50 10.1 1.02
at baseline

Observations 224 224 150 224
Individuals observed twice 112 112 53 112

Note: OLS regressions. In columns 1 and 2, the dependent variable is the number of taught
characters identified correctly (0–10), in column 3 it is the number of ‘other’ (not taught)
characters identified correctly and in column 4 it is the number of words read correctly. Stan-
dard errors, clustered at the individual level, are in parentheses. * p < 0.10, ** p < 0.05, ***
p < 0.01.

Table A3: Time use in the earlier trial

NREG Private Work on
(public paid own land Domestic
works) work or business work Education

After -0.321 2.875 -3.625 0.911 0
(0.456) (4.222) (4.151) (3.477) (.)

Treated × After -1.107 -13.43** -3.964 2.143 0
(1.598) (5.806) (7.022) (5.188) (.)

Individual fixed effects Yes Yes Yes Yes Yes

Observations 224 224 224 224 224

Note: OLS regressions. The dependent variables are the number of hours spent on each activity
in the last seven days. The coefficients for education are not identified since none of the partic-
ipants reported spending any time on this activity. Standard errors, clustered at the individual
level, are in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.
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Table A4: Comparing ‘app work’ to NREG work in the earlier trial: Participant responses

Question Proportion
answering
‘app work’

Which type of work
. . . is more physically tiring? 8%
. . . is more mentally tiring? 64%
. . . is more dignified? 90%
. . . is better for building self-confidence? 90%
. . . provides better experience to take up other employment? 50%
. . . is more suitable during a pandemic such as Covid-19? 100%
. . . would help you to learn something new? 100%
. . . is more suitable for healthy, working-age men? 2%
. . . is more suitable for healthy, working-age women? 9%
. . . is more suitable for women who are pregnant? 100%
. . . is more suitable for women who have young children? 100%
. . . is more suitable for the elderly? 100%
. . . is more suitable for people in poor health? 100%
. . . is more suitable for the disabled? 100%
. . . is more suitable for the illiterate? 81%
. . . is better for the overall development of the village? 29%
. . . is better for receiving the correct amount of pay due to each worker? 88%
. . . is better for better for receiving payment on time? 92%
. . . is more likely to be available whenever the participant needs it? 13%
. . . is likely to have less fraud and corruption associated with it? 93%
If you could choose to work only with NREG or with the app,
which would you choose personally? 66%

Note: The four answer options for all questions listed here were ‘App work’, ‘NREG work’, ‘No differ-
ence’ and ‘Cannot say’. The second column shows the proportion who responded ‘App work’ to the
question, out of those who selected either ‘NREG work’ or ‘App work’. These questions were only asked
of the treatment group, as only these have experience with both types of work.
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Table A5: Who prefers the (earlier) trialled scheme over traditional public works?

Prefers
proposed
scheme

Female 0.189
(0.150)

Age 0.160*
(0.0914)

Age squared -0.00159*
(0.000858)

Any schooling 0.153
(0.182)

Married 0.292
(0.213)

SC/ST 0.101
(0.145)

Observations 47

Note: OLS regression. The de-
pendent variable is a binary vari-
able indicating whether the partic-
ipant would prefer ‘app work’ over
NREG work for themselves, given
the choice. Those who responded
‘No difference’ or ‘Cannot say’ are
coded as missing. Only the treat-
ment group is considered. Robust
standard errors are in parenthe-
ses. * p < 0.10, ** p < 0.05, ***
p < 0.01.
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