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Abstract

A growing literature explores the impact of home-based versus office-based work. Differences in pro-
ductivity may arise due to a treatment effect of the office or from workers with different abilities
sorting into office or home work. If more productive workers find working in the office less costly
(a selection effect) or more complementary to their skills (a selection on treatment effect), we ex-
pect positive selection into office work. But if more productive workers have stronger preferences for
home work or face more severe constraints on working outside the home, the selection effect could
be negative. We conduct an RCT in the data entry sector in India that exogenously allocates work-
ers to the home or office. We find that the productivity of workers randomly assigned to working
from home is 18% lower than those in the office. Two-thirds of the effect manifests itself from the
first day of work with the remainder due to quicker learning by office workers over time. We find
negative selection effects for office-based work: workers who prefer home-based work are 12% faster
and more accurate at baseline. We also find a negative selection on treatment: workers who prefer
home work are much less productive at home than at the office (27% less compared to 13% less for
workers who prefer the office). These negative selection effects are partially explained by subgroups
that likely face bigger constraints on selecting into office work, such as those with children or other
home care responsibilities as well as poorer households.
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1 Introduction

Several studies have documented that productivity is substantially lower in small household enterprises
than in larger firms, see, for example, Hsieh and Klenow (2014), La Porta and Shleifer (2014) or McCaig
and Pavcnik (2018). Casual observation also suggests a relationship between the rapid expansions in fac-
tory and office employment and the high growth rates both in Europe’s Industrial Revolution and in the
East Asian “miracle” economies. In the popular debate, these findings are often seen as causal evidence
that reallocating workers from household enterprises into office- or factory-based employment may play
a central role in improving productivity and living standards. However, the higher productivity of non-
household enterprises may also be driven by selection effects, for example, if more productive workers
find it less costly to work in a more-regulated office or factory environment.

The debate about the cost and benefits of working from home has recently received heightened in-
terest, even in developed countries, as a result of the Covid-19 pandemic, which forced many employers
to shift to working from home (for example see, Barrero et al. (2021), Harrington and Emanuel (2022),
Bloom et al. (2022), and Brynjolfsson et al. (2020) ). Yet we still know relatively little about whether
workers are more or less productive at home and how that varies with their preferences for working from
home.

In this paper, we aim to measure the productivity differences between home-based and office-based
production as well as the sources of such a difference. Productivity may differ across these two types
of work environments for several distinct reasons. Most obviously, if production is more efficient or if
learning is faster when organized in an office setting, the observed productivity difference between office
and home-based workmay be driven purely by a treatment effect of office-based productionmethods (as
explored in Bloom et al. (2014), Bloom et al. (2022), Kaur et al. (2015), and Schoar (2009)).

Alternatively, productivity may differ due to the sorting of workers with different abilities or prefer-
ences. If workers with a high ability or high effort have lower costs of working in a more-regulated office
environment, they might select into working in the office more readily than low-ability or low-effort
workers seeking a less demanding work environment (a positive selection effect). In this case, the office
would serve as a sorting device for productive workers and would bias upwards estimates of the produc-
tivity advantage ofworking from the office versus fromhome in non-experimental settings. Furthermore,
high-ability workers might possess skills that complement office work, such as the ability to learn from
their peers. In this scenario, treatment effects would be larger and thus theymay bemore likely to choose
officework (a positive selection on treatment effect). Of course, it is also possible that selection into office
work, and work outside the home more generally, could be constrained by factors that are orthogonal
to productivity or even negatively correlated with it. For example, some of the most productive workers
might have commitments at home such as a child or elderly care, or use home-based work as a way to
bridge unemployment spells while looking for another job. In these cases the selection of workers might

2



be negatively related to productivity, depending on the magnitude of the constraints.1

While the organizations literature has explored the impacts of the productivity-enhancing practices
used in offices and factories, and more recently the benefits of work-from-home, we are not aware of a
literature examining this second explanation for such productivity differences; that offices and factories
may act as a sorting device.

To study this question, we set up a randomized control trial in the data entry sector of the city of
Chennai, India. The Indian data-entry sector provides an excellent setting to explore these hypotheses.
First, it is a sector where working from home is particularly feasible since workers do not depend directly
on the work of others in the organization. Second, it is possible to record productivity and effort in great
detail via data entry software onworkers’ laptops. Wewere able to establish our own data entry operation
with several hundredworkers in order to control bothwork conditions and allocation to home and office
work. Third, data entry, and business process outsourcing more generally, is an important and growing
sector in India, a country where a large share of production is home based.

Our research design allows us to separate the treatment effect of the office environment from the se-
lection of high-effort and high-ability employees into these stricter work environments. At the same time,
we can also test whether social and cultural constraints affect the ability of workers to sort into different
jobs. Potential data entry workers are recruited through ads in leading local newspapers. Qualifying ap-
plicants are invited to an entry interview where they complete an initial application as well as some brief
data entry tasks to ascertain ability at baseline (measured through data entry tests that record speed and
error rates). Applicants are asked at this stage for their incentivized preference between office and home
work with similar conditions and identical equipment. All applicants are then randomized into either
the office or home work treatment for an 8-week data entry job. Minute-by-minute productivity as well
as idle times are recorded through the data entry software.2

Treatment effects of home work are measured by comparing people randomized into home work to
those randomized into the office-based group, independent of their preferences for either work environ-
ment. The importance of selection based on initial ability is captured by exploring how productivity de-
pends on an applicant’s choice betweenworking from home or the office chosen prior to the randomized
allocation (with the choice incentivized by informing the applicant that the probability of allocation to
their preferred group is greater than one half). Our research design also allows us to answer an additional
question. Is there complementarity between high-ability high-effort workers and office-based work? In
other words, are the mechanisms that induce high productivity in the office only effective when work-
ers are high-ability or high-effort types? If this is the case, the sorting induced by office-based work may
be essential in making these workers more productive. To address this question we also explore treat-

1In calculating impacts on aggregate output, it is important to recognize that these workers might not have participated
in the labor force at all without the flexibility of home-based work.

2These software features are relatively standard for data entry work and so workers with data entry experience would have
seen similar software and metrics at other firms.
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ment heterogeneity (i.e., do high-initial ability workers have higher treatment effects) and selection on
treatment (i.e., do those with higher returns to office work disproportionately select into it).

Turning to the results of the experiment, we first discuss the treatment effects of being allocated to
a particular work environment. We find that the productivity of workers randomly assigned to work
from home is 18% lower than that of the workers assigned to work from the office. Two-thirds of this
difference manifests itself immediately, starting from the first day of work. The remainder is a result of
slower learning for the home group over the subsequent eight weeks.

These results hold also controlling for baseline ability as well as when we look at other output mea-
sures such as typing speed, the accuracy of data entry, or a measure of data entry speed that is adjusted for
task difficulty. The treatment effect of working in the office is especially large when workers are assigned
to harder tasks. We find some but relatively limited heterogeneity in treatment effects acrossworker types.
That said, treatment effects are indistinguishable from zero for certain groups; poorer workers, workers
preferring part-time work, and women with family care obligations. Older female workers, richer work-
ers, and married workers exhibit the strongest treatment effects.

Second, contrary to our priors, we find a negative selection effect into office-based work. The work-
ers who state that they prefer a home-based job under incentivized elicitation are 12% faster, not slower,
when their data entry ability is measured at baseline as part of the interview process. They also show
higher accuracy of data entry and less idle time. What lies behind the unexpected negative selection ef-
fects? Our results are not due to selection on treatment. For example, we would find negative treatment
effects if low-ability workers know they have more to gain from working in the office because they have
self-control issues because they benefitmore frompeer interactions, or because they needmore guidance.
Similarly, wewould find negative selection if instead high ability workers believe they are immune to such
self control issues or have little to learn fromothers and somight as well enjoy the convenience ofworking
from home. Our selection on treatment estimates reject these explanations. Specifically, we find evidence
of negative selection on treatment. Workers who prefer home-based work are 27% less productive when
allocated toworking fromhome compared toworking from the office, while this gap is only 13% forwork-
ers who prefer office-based work. In other words, the workers who state a preference for working from
home have a particularly large negative treatment effect when working from home. Thus, the negative
selection of low productivity workers into the office is not because this group sees the largest benefits. In-
stead, these results suggest that at least some groups of workers are constrained from choosing the work
location in which they would be most productive.

Finally, we analyze the nature of the constraints and the characteristics associated withmore produc-
tive workers selecting into home work. For example, norms may prevent educated women or those with
home care responsibilities from working outside the house, or working in an office may be a status good
for low-ability workers even if it does not make themmore productive. We explore a number of different
dimensions of heterogeneity that might explain the negative self-selection. We find some limited support
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for these hypotheses by including controls for baseline characteristics related to each and evaluating how
much these additional controls attenuate the selection effect. Controls for low status individuals and
those with home pressures, responsibilities, and distractions have the most explanatory power, however,
even after including all sets of controls, we still find a substantial negative selection effect. Addition-
ally, we conduct an analysis of heterogeneity in the selection on treatment effects detailed above. We find
that selection on treatment is particularly negative among five groups withinwhich heterogeneity in con-
straintsmay be particularly acute: workers with family care responsibilities—especially womenwith such
responsibilities—workers with low family income, workers with children, and older workers.

A caveat in interpreting the magnitudes of the selection effects is that, in order to implement the
experiment, we restricted the sample of workers at the interview stage to those who would, in principle,
be willing to work in either home or office locations. Thus, applicants with themost extreme preferences
were filtered out. These workers would have dropped out from the experiment before starting work if
they were not allocated to the location of their choice, leading to selective attrition.3 We find that the
size of the selection effect in the filtered sample is smaller than the larger applicant sample suggesting that
filteringmight have reduced the selection effect and the selection effect in the populationmight be bigger
in magnitude.

Overall, our results suggest that although there are substantial productivity benefits to working in
an office, many workers chose to work from home—particularly those that are high ability and those
who would gain the most in terms of productivity from being in the office. Of course, to know whether
such choices are optimal from the worker’s perspective we need to better understand their preferences
and knowmore about the nature of the constraints they are making decisions under. For example, these
patterns are particularly pronounced among those with care responsibilities at home and those with chil-
dren. Such findings may be rationalized by heterogeneity in family pressures to stay inside the home
or heterogeneity in preferences to provide family care or other help around the home during the work-
day. Whatever their source, our results show that preferences and constraints on the optimal sorting into
office- and home-basedwork result in a significant loss in the productivity of theworkforce. These results
also raise the possibility that policies that relax the heterogeneity of these constraints, such as providing
universal child care, may have substantial effects on aggregate productivity.

1.1 Related Literature

This paper contributes to several literatures in economics. First, we are motivated by the burgeoning
literature that highlights large productivity differences between firms, particularly small household en-

3That said, our sample still included many with strong preferences: in the earliest waves of hiring for the experiment,
we observed substantial differential attrition from groups that did not receive the work location of their choice despite this
filtering. Only after introducing a sizable retention bonus were we able to avoid this attrition. Thus, our sample contains
not only applicants who are close to indifferent to their work location but also those who have strong preferences but can be
incentivized with a sufficiently large bonus at the end of the first week to work in an environment not of their choosing.
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terprises, and larger formal firms, a pattern that seems particularly prevalent in developing countries. For
example, Hsieh andKlenow (2009) and Bartelsman et al. (2013) document large dispersion in total factor
productivity across firmswithin the same industry. Hsieh andKlenow (2014) further highlight the partic-
ular prominence of small, informal, low-productivity firms in India andMexico. A related literature has
explored the costs of informality (for example, de Soto (1990), La Porta and Shleifer (2014), Levy (2010),
Bruhn (2011), and deMel et al. (2013)). Most relevant, McCaig and Pavcnik (2018) show substantial labor
productivity differences between household enterprises and non-household firms in Vietnam. We aim to
shedmore light on the origins of these differences and constraints on the optimal sorting of workers into
different work environments. In this regard, the paper is related toHsieh et al. (2019) that investigates the
degree of misallocation generated by historic work restrictions on women and blacks in the US.

A second relevant literature is the work in organizational economics that documents the importance
of management practices even within large formal workplaces (e.g., Bloom et al. (2013)). For example,
Kaur et al. (2015) carry out a range of experimental innovations at a data entry firm in India. They show
that some workers have self-control issues and are willing to choose dominated contracts that help them
solve these issues by punishing low effort and rewarding high effort. The presence of hard-working peers
nearby can also mitigate these self-control problems. This set of papers highlights how better managerial
practices can improve worker productivity in the office. However, this literature remains silent about the
role of worker sorting in generating productivity gains.

A related strand of the literature considers the development of work structures that accompanied
the industrial revolution. These papers argue that some of the expansion of the manufacturing sector
at the expense of agriculture, and within manufacturing the movement from the putting out a system
where manufacturing was done in homes to the factory system, was due to the fact that factory work
mitigated worker self-control problems that plagued home-based work (see, for example, Clark (1994),
Kaur et al. (2010), Hiller (2011, 2018), Forquesato (2016)). This of course relies on the productivity gains
being attributed to factory work itself rather than worker sorting, a hypothesis we test directly.

Finally, there is a small but growing literature on the productivity effects of working from home.
Bloom et al. (2014) find substantial productivity improvements from workers in a large Chinese travel
agency who were allowed to work from home compared to those who remained in the office. More re-
cently, Bloom et al. (2022) find that hybrid work-from-home at the same firm reduced worker attrition
and had small positive impacts on output. These studies differ in two ways from ours. First, the workers
in Bloom et al. (2014) and Bloom et al. (2022) were selected from the subset of workers who were already
at the firm (and in Bloom et al. (2014), the subset who additionally volunteered to work from home),
thereby shutting down the selection channel at the center of our analysis. Our work is complementary to
these studies aswe set out to analyze the role that sorting plays in driving productivity differences between
home-based employment and office-based work settings. Second, and closely related, the employees in
Bloom et al. (2014) and Bloom et al. (2022) were existing office workers who had previously been work-
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ing in an office environment in the same firm and thus might have already absorbed office work norms.
In contrast, our study population is very different. In addition to being poorer and less educated, many
of our job applicants have not previously worked in formal office environments let alone an office-based
data entry job and so will not have already learned many of the productivity-enhancing work habits that
office work may foster.

We alsomust caveat that we purposefully held themanagement technology fixed across bothwork lo-
cations at low levels. Specifically, there were weekly meetings between the worker andmanager regarding
their progress. Additionally, both workers in the office and at home could reach out to managers with
any queries, in the latter case via a telephone hotline. We chose this level of management to be similar
to existing data entry work operations. However, thanks in part to the recent uptake in working from
home due to the Covid-19 pandemic, new management practices have been developed to better cater to
the needs of home-based workers where face-to-face communication is limited and monitoring is more
invasive. As these new practices becomemore developed, an alternative experiment would be to compare
office and home work under different sets of management practices optimized for each setting.

2 Theoretical Motivation

In this section, we lay out the various hypotheses that lie behind our experimental design. Worker pro-
ductivity may differ across home and office work environments for at least two distinct reasons, namely
due to a treatment effect and due toworker sorting. As has been documented in the literature, office-based
formal employment might provide a more productive work environment, more opportunities for learn-
ing when surrounded by supervisors and peers, and stronger incentives as a result of better monitoring
(explored in Bloom et al. (2014), Kaur et al. (2015), or Schoar (2009)). We call any differences in produc-
tivity across different work environments holding fixed the characteristics of the worker the treatment
effect of the office.

However, these same forces that make office-based work environments more productive, or broader
societal forces, may lead to workers sorting into different work environments based on characteristics
such as the ability. We term this selection sorting on ability. We aim to test whether sorting on ability
is of first-order importance and to identify the forces that shape how employees sort across work envi-
ronments. There are several theoretical reasons why office-based work might serve as a sorting device.
The first is that office work is likely to be more demanding given fixed schedules, strict norms regarding
behaviors in the office, and peer pressures. These demands may be less costly and unpleasant for more
productive workers. Alternatively, there may be long-term benefits from office work due to greater in-
teractions with supervisors that are attractive to more ambitious types. In either case, the office would
be relatively more attractive to highly productive workers, while less productive workers would remain
in home production. Such sorting patterns will have further repercussions if high-ability or high-effort
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workers are complements in production, either through peer learning dynamics or anO-ring production
function. In this scenario, sorting into office and factory work plays a double role in generating produc-
tivity differences across firms as it also leads to further productivity gains through grouping high-effort
high-ability types together.

Workers may also differ in their preferences for working in the office environment versus amore flexi-
ble home environment and these preferencesmay be correlated with characteristics that relate to produc-
tivity. For example, there may be social and cultural sanctions at play that restrict certain groups from ei-
ther office- or home-based work. In many conservative societies, women are not allowed to work outside
the home to limit their interactions with men. Conversely, men who work at home may be stigmatized.
The strength of these social and cultural sanctions may vary with household wealth levels. Relatedly,
office work might be a status good, particularly so for workers with low social status. All of these forces
might generate correlationswith ability (e.g., womenmight bemore productive, as has beennoted in light
manufacturing and garment production, or the stigma of working outside the house might be largest for
highly educated women).

A separate sortingmechanism operates throughworkers having heterogeneous returns to office envi-
ronments and selectingbasedon these returns,whatwe call sorting on treatment effects. If theproductivity-
enhancing features of the office are complements with ability, themost talentedworkersmight select into
the office. For example, high-ability workers may learn relatively more than low-ability workers from be-
ing close to supervisors. This channel would lead to a positive correlation between worker ability and
the likelihood of selecting into office-based employment. A negative correlation would arise if the lowest
ability needed assistance from a supervisormost often (recall that both home and officeworkers were free
to seek help from supervisors at any time but the office workers could do so in person rather than over
the phone).

Alternatively, some workers may self-select into a formal work environment if they desire the delayed
payoff that comes from disciplined work but know that they are unable to induce the required effort
whenworking from home. Thus, workers with self-control issues or those who find it difficult to create a
productive work environment at home, might choose to work in an office-based environment in order to
take advantage of the discipline provided. In otherwords, they select the office inorder tobenefit from the
treatment effect. If high-ability workers aremore sophisticated about their self-control problems ormore
patient, we would see sorting of high ability types on the treatment effect.4 Alternatively, lower ability
workers might, on average, have larger self-control problems, more distractions at home, or find it more
difficult to find a quiet location in which to work. In this case, one might expect lower ability workers
to sort into the office disproportionately. But under either scenario, we would expect that workers who
select into the office experience the largest productivity gain in the office relative to home work.

Based on the above discussion, we wish to evaluate the following three hypotheses:
4We can think of office work as providing delayed benefits (i.e., higher wages) with an upfront cost (i.e., more effort now).
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1. Treatment effects: Evaluate if, independent of characteristics, office-based work induces higher
levels of worker productivity or faster learning.

2. Sorting on ability: Evaluate whether higher ability workers sort into officework, and if so, whether
such sorting generates meaningful productivity differences between office- and home-based work.

3. Sorting on treatment effects: Evaluatewhetherworkers select into the job environmentwhere they
are most productive.

3 Research Setting

3.1 Context and Implementation

This study implements a randomized control trial in the data entry industry in the South Indian city of
Chennai. We selected this sector since it provides three benefits for our analysis. First, this type of work
is very widespread in India and hence well known to potential applicants. Second, it has relatively low
skill requirements. Third, due to the discrete nature of the tasks, the work can easily be done from home
without support from colleagues using the same technology as in an office setting. This last feature is
crucial to ensure that productivity differences across the two types ofwork environment are not driven by
the use of different technologies. Finally, it is straightforward to collect detailed productivity and output
measures from data entry work (e.g., input per minute, errors, time working, etc.). Furthermore, this
type of data collection is common in the industry, allowing us to avoid imposing an artificial monitoring
system.

We established a data-entry operation with the option of both home- and office-based work.5 The
operation was managed by professional data entry supervisors who had previously worked in the data
entry industry. We also worked closely with a data entry firm inChennai to set up the office environment
and the support structure for the work: upfront training, technical help with equipment problems, and
compensation schemeswere allmodeled after a typical data entry firm in the city. Theworkers in both the
office and at home were provided with identical work assignments and identical laptops to complete the
data entry tasks.6 To ensure that the two environments were as comparable as possible, workers were re-
quired towork for 35 hours perweek in both locations. The type ofwork, thewage structure, the criterion
for not being fired, weekly targets, andmanagerswere also identical. In the office environment, we had up
to 25workers working from9 am to 5 pm for five days aweek. In the case of the home environment, work-
ers came into the office every Monday morning to submit the work done and receive new assignments.
Home-based workers had access to a telephone helpline to call in with problems. Like office workers,
workers in the home environment had to work 35 hours per week, but unlike office workers, home work-
ers had flexibility regarding when to work (both within and across days). To ensure each worker at home

5Pictures of the office and a few sample home settings can be found in the Appendix figure A.1.
6A picture of the user interface of a sample data entry task can be found in Appendix figure A.2.
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completed their own data entry tasks and did not outsource them to somebody else, we implemented a
monitoring system that involved the use of the inbuilt laptop camera to take low-resolution pictures of
the person working on the laptop every 15 minutes.7

Tomimic a real job, all workerswere offered a contract for 8weeks ofwork. After the 8weeks, workers
were provided with references and training certificates and were matched to an employment agency to
help find future employment in the industry.

The data entry tasks that data entry workers had to complete were constructed by us. Each data entry
task consisted of four sections with each section focusing on a different type of data entry such as typing
type-set text, typing strings of random alpha-numeric characters, etc. We had two types of task, easy
and difficult. The difficult tasks had the same number of sections as the easy tasks but the difficulty was
increased. For instance, the type-set text was replaced by handwritten text, and strings of random alpha-
numeric characters were replaced by strings of random alpha-numeric and special characters whichmade
typing difficult.8 Workers were assigned easy tasks from weeks 1 to 3, followed by harder tasks in weeks 4
to 6, and finally, in last the two weeks, a randommix of both the difficult and easy tasks was assigned.

3.2 Recruitment and Sample Selection

To hire workers, entry-level data entry jobs were advertised in the jobs section of the main local newspa-
pers. The objective was to reach potential employees aged 18-40 who lived in lower middle class localities
and suburbs of the city, which is the target population for these types of jobs. Those interested in the
job were asked to show up for an in-person ‘walk-in’ interview at the office location during the following
week.

Two different types of newspaper ads were placed—one type advertising for home-based data entry
jobs and another type advertising for office-base data entry jobs.9. We found limited heterogeneity based
on the type of ad so our analysis combines the workers attracted by both samples with results broken out
by ad type relegated to appendix A.3.

The interview process was designed to both elicit baseline characteristics and initial typing speed and
accuracy. Applicants who responded to the ads had to answer a number of interview questions as well as
typing speed tests. Furthermore, we asked applicants to choose between home and office-based work to
elicit their preferences regarding thework environment. This questionwas incentivized as applicantswere
told that they would be more likely to get their first choice than their second but it was not guaranteed.10

7We explained to all workers the workings and requirement of themonitoring system for employment and workers signed
an informedwritten consent prior to the beginning of thework. The experiment received IRB approval for capturing pictures
of workers.

8Examples of data entry tasks for both difficulty levels can be found in the appendix A.4.
9Sample newspaper ads for home-based and office-based jobs can be found in the appendix figure A.3.
10Due to an implementation error by the field team, rather than workers being given their preference with a probability of

0.55 they were given it with a probability of 0.5.
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Figure 1: Worker Timeline

Recruitment •

Week -1 • Applicants with relevant characteristics are invited to
in-person screening via newspaper ads

Day 0 • On-site evaluation of applicants, recorded home versus office
preference, initial typing speed test

3 Day Training •

Day 1-3 • Training and orientation, do incentivized and
non-incentivized typing speed tests

Day 3 • Workers are allocated to office or home work

Work Assignment •

Week 1-3 • Easy data-entry tasks

Week 4-6 • Difficult data-entry tasks

Week 7, 8 • Both easy and difficult data-entry tasks

•

Week 8 • Job ends

We imposed two screening criteria on the applicants attending thewalk-in interviews. First, the appli-
cants had to be aged 18–40. Second, they had to confirm that they were willing to work in either a home
or office environment if they were not allocated to their first choice work location. All workers passing
this screening were invited to participate in three days of paid training at the office location. Ultimately,
the non-pilot phases of the experiment recruited 235 workers in total from an applicant sample of 892
over a period of 15 months beginning in January 2017.11 Workers were hired in batches since the number
of office-based workers that could be employed at any given time was constrained by the office size which
could only accommodate 25 workers.

3.3 Intervention

Once work location preferences were elicited, workers were randomly allocated a work location.12 Four
groups were formed through this process,

• Preferred home, allocated home
11Approximately half of the 892 applicants met the two screening criteria and were invited to the training but only 280

showed for the training. Of the 280 applicants who received training 45 dropped out prior to the beginning of the work.
Hence the working sample consists of 235 workers.

12As discussed in footnote 10 above, although workers were told that the probability was greater than 0.5, due to an imple-
mentation error the probability was equal to 0.5.
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• Preferred home, allocated office
• Preferred office, allocated office
• Preferred office, allocated home
The randomization allows us to estimate the treatment effect of being allocated to home or office

independent of worker’s preferences. Furthermore, the allocation to home or office work conditional on
a worker’s preference allows us to estimate sorting on treatment effects. Specifically, we can compare the
difference in productivity between the office and home (using the random assignment) for the group of
peoplewho preferred homework to the same productivity difference for thosewhopreferred officework.

3.4 Compensation Structure

The compensation structure that was provided to workers was designed to mimic a typical data-entry
firm in the market. Both office- and home-based workers faced an identical compensation structure.
Additionally, both sets of workers were compensated for the monetary travel cost that they incurred to
reach the office (either to work every day for the office group or to submit and pick up new assignments
once a week for the home group).

As we discuss in more detail in Section 3.6, we made several incremental modifications in the earliest
pilot waves before arriving at our final compensation structure—primarily to address issues with selective
attrition. This compensation structure consisted of a fixed component and a performance-based variable
component. The fixed component was equal to INR 8500 ($ 128.8013) per month which the workers
were eligible to receive on completing 35 hours per week and a certain target number of data entry tasks.
These data entry task targets increasedwith eachweek to accommodate learning. If workers failed tomeet
either of these targets for threeweeks their contracts were terminated. For every data entry task completed
beyond the weekly target, workers were compensated an additional INR 65 ($ 1). This constituted the
performance-based variable component of the compensation. A retention bonus of INR 2000 ($ 30.30)
was paid after the completion of week 1.14

To incentivize the accuracy of completed tasks, mistakes were penalized as follows. We first sorted
all tasks completed by each worker during a week by their accuracy. Their most accurate tasks counted
towards their weekly task target (18–26 tasks depending on the week). Any additional tasks they com-
pleted counted towards the variable component of the compensation. Because of our sorting, these were
necessarily the tasks they did most poorly on and they faced a penalty schedule based on the difficulty of
the task. For error rates between 0-7.5% for easy tasks and 0-15% for hard tasks, we reduced the per-task
variable component of INR 65 proportionately with the share of errors. For error rates between 7.5-10%
for easy tasks and 15-20% for hard tasks, 1.5 times of error rate was deducted. Finally, for errors greater than

13We use the average exchange rate between the Indian Rupee and United States Dollar during the period of experiment
which is INR 66≈ $ 1.

14Amore detailed weekly compensation structure is presented in the Appendix Table A.1.
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10% for easy tasks and 20% for hard tasks, 2 times of error rate was penalized.15

3.5 Outcome Measures

As part of the hiring process, we administered a short survey collecting information on demographics,
education, data entry and other work experience, employment status, job search, work preferences, and
family care and other time commitments. During the training period for candidates selected for the ex-
periment, a baseline survey collected further details on these topics and covered additional domains such
as household characteristics and income, social and economic status, and computer literacy. Along with
the baseline survey, selected workers had to take an aptitude test, a personality test, a risk preference test,
and a time preference test.

To gauge the baseline ability of applicants, three speed tests were carried out prior to the random
allocation to home/office. As mentioned earlier, all applicants were required to do a typing speed test
at the time of the job interview. During the training, workers were required to complete both a cash-
incentivized and non-incentivized typing speed test.

A variety of data entry job outcomes were collected over the 8-week work period. The data entry
job outcomes that were collected over time were the same as the ones the data entry companies collect for
administrative purposes and so they did not pose additional burdens on theworkers. We hired developers
to create proprietary data entry software which kept detailed logs of data entry tasks, keystrokes typed,
accuracy, and time spent working or idle for each worker. The measure of accuracy is defined to be the
proportion of correct entries to total entries. The main productivity measure that we use is net typing
speed which is defined as correct entries typed per minute. These records, as well as separate attendance
records, reveal the hours worked in each week and attrition for both home and office workers.

3.6 Attrition

In the first waves of the experiment, we had a simpler compensation structure and we experienced sub-
stantial attrition in the first few days of work. That attrition was also highly heterogeneous across inter-
vention groups, with workers not receiving their preferred location much more likely to attrit (partic-
ularly those who preferred home-based work and were allocated to the office). The left panel of figure
2 shows this differential attrition by plotting the proportion of workers remaining in each intervention
group by days since the start of the employment training. Of the 49workers in these early waves who pre-
ferred home butwere allocated office (labelledHO), 41 quit immediately upon learning their assignment.
Additionally, about 30% of workers who preferred the office attrited before the start of work, irrespective
of their work location assignment (denoted by OO and OH).

15The full penalty structure is presented in Appendix Table A.2.
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Figure 2: Attrition before and after retention bonus
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Notes: This figure plots the proportion of workers continuing to carry out data entry work against the number of days since
the start of training. Left panel shows attrition prior to the introduction of a retention bonus paid at the end of the first
week, right panel show attrition after. Each plot shows attrition separately for four worker groups. OO represents the workers
who preferred office and were assigned office. HO represents the workers who preferred home but were assigned office. OH
represents the workers who preferred office but were assigned home. Finally, HH represents workers who preferred home and
were assigned home.

To address attrition and incentivize workers to stay longer, in later waves we adjusted the compen-
sation structure. Most importantly, a retention bonus of INR 2000 ($ 30.3) was introduced, which was
paid upon the completion of the first week of work. This amount was approximately equivalent to the
average weekly earnings of workers. The job duration was also reduced from 12 to 8 weeks to reduce the
time between waves when computers were unused for attrited workers, and the initial filtering for work-
ers unwilling to work in both environments was strengthened.16 These changes were able to mitigate the
attrition problem for all intervention groups as is evident in the right panel of figure 2.

More precisely, table 1 regresses twomeasures of attrition, the number of days worked (columns (1) &
(2)) and a binary variable taking value one if the worker started work after being offered the job (columns
(3) & (4)), on the different intervention groups. The regression coefficients note the change relative to

16In earlier waves our surveyors would ask whether the worker was willing. In later waves the officemanagers would ask this
question andprobewhether theworkerwas sure of their answer. AppendixA.7 presents a complete list of thesemodifications.
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Table 1: Attrition—Pre and Post Retention Bonus

(1) (2) (3) (4)
Pre Post Pre Post

Dependent Variable Days Worked Worked (yes)

HO -27.0*** -2.98 -0.68*** -0.082
(1.96) (6.61) (0.045) (0.17)

OH -7.11 -1.88 -0.20 -0.054
(5.62) (0.88) (0.068) (0.047)

OO -6.21 -1.33 -0.22 -0.097
(7.43) (4.40) (0.16) (0.12)

Constant 34.2*** 38.3** 0.82*** 0.90*
(1.12) (2.82) (0.049) (0.083)

Wave FE Yes Yes Yes Yes

Observations 175 280 175 280
Notes: This table presents the results of the number of days worked, and binary variable taking value one
if the worker started work on being offered the job and zero if the worker quit after being offered the job
regressed on membership to 4 intervention group with HH being the baseline group. Columns (1) and
(3) present results for pre-bonuswaveswhere the issue of high and differential attrition existed. Columns
(2) and (4) present results for post-bonus waves where these issues were resolved by providing workers
with completion bonuses. The 4 worker group are denoted by OO, HO, OH, and HH. OO represents
the workers who preferred office and were assigned office. HO represents the workers who preferred
home but were assigned office. OH represents the workers who preferred office but were assigned home.
Standard errors (in parentheses) are clustered at thewave level. *, **, and *** denote statistically significant
at the 10%, 5%, and 1% level, respectively. For all specifications, the unit of observation is a worker.

the preferred home allocated home group HH (which is the omitted intervention group). Regressions
are run separately for the sample of workers who were provided the retention bonus and those who were
not.

Consistentwith the figure anddiscussion above, in the pre-bonuswaves, the preferredhome allocated
office group (HO)have large and significantly different levels of attrition. Anydifferences between groups
are small and insignificant in the post bonuswaves. In addition, attrition for all groups fell substantially. 17

AppendixA.3 reports reports further attrition analysis by ad type (i.e. whether the newspaper ad specified
home or office work) but finds no significant differences.

As differential attrition makes interpreting treatment effects difficult, our analysis presented in the
paper focuses on these later waves after this retention bonus was put in place and this issue was addressed.
This leaves us with 280 workers of whom 235 completed training and commenced work. Results for the

17Upon random assignment of the work environment, in teh pre-bonus waves 31%, 31%, 84%, and 12% of workers in the
OO,OH,HO, andHHgroups dropped out before the work began, respectively. These proportions dropped to 21%, 15%, 18%
and 10% post bonus.

15



earlier (high attrition) waves are relegated to appendix table A.6.18

4 Treatment Effects, Sorting on Ability, and Sorting on Treat-
ment

4.1 Baseline Characteristics

Wefirst check that our randomization led to balance on baseline characteristics for the groups of workers
assigned to the home and office work locations.

Columns (1)–(3) of table 2 compares the 124 workers who were randomly assigned to work from
home to the 111 workers who were randomly assigned to work in the office. The two groups are balanced
in terms of our measures of baseline worker productivity, either measured by the speed test conducted
during their initial interview or the two speed tests administered as part of training—including one test
that was incentivized through cash payments based on performance.19 We also find no differences in the
proportion of workers who preferred to work from home across the randomly assigned groups (37% of
workers preferred to work from home for both groups). Significant differences appear for only 3 out
of 22 characteristics. Of the workers who were assigned to work from home, 58% are women whereas
only 43% are women in the assigned-office group (significant at the 2% level). The home group has 6%
fewer workers with family care responsibilities and 7% more workers who have used a computer before
(significant at the 7% and 3% level, respectively).

The last three columns ofTable 2 compare the characteristics of the 87workerswhopreferred towork
from home to the 148 workers who preferred to work from the office. Unlike columns (1)-(3) where we
compare workers across randomized work environment allocations, preferences for workplace type are
clearly non-random and are correlated with worker characteristics. In terms of demographics, workers
preferring home are 1.8 years older on average, are 16% more likely to be married, and 6% more likely to
have family responsibilities. They also havemore years of work experience, held a higher number of office
jobs previously andwere less likely toprefer a full-time job. We explore differences in baseline productivity
across these two groups when analyzing sorting on ability in Section 4.3.

18The sample from the earliest (high attrition) waves also appears be slightly different, consisting of many more applicants
who had been out of the labor market for extended periods. In contrast, the applicant sample after the retention bonus
was put in place is more representative of the flow population that enters the market looking for work each period. This is
evident from the fact that during the early waves, the eight advertisements placed over three months attracted 79 applicants
per advertisement. On the other hand, during the later waves, 33 advertisements placed over 16 months attracted 27 applicants
per advertisement.

19Each worker attempted three typing speed tests in our data entry software. The first test was conducted during the in-
terview process. This test was an hour-long typing test that a novice with no introduction to data entry could complete. The
next two tests were shorter 25-minute tests that workers took as part of the first day of training. Both these tests had identical
formats except the second one incentivized workers by paying them a reward based on the total number of correct characters.
All three tests were conducted in an office as that is where the interview and training took place.
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Table 2: Baseline Characteristics

(1) (2) (3) (4) (5) (6)
Assigned: Preferred:

Home Office P-Value Home Office P-Value
N 124 111 87 148
Preferred home work (==1) 0.37 0.37 0.98
Speed Tests
Walk-in Speed 26.9 26.0 0.51 27.7 25.7 0.15
Cash Incentive Speed 33.1 33.4 0.78 35.9 31.7 0.00
No Incentive Speed 29.8 29.6 0.85 32.2 28.3 0.00
Demographic
Female (==1) 0.58 0.43 0.02 0.49 0.52 0.70
Age (years) 24.7 25.3 0.38 26.1 24.3 0.00
Married (==1) 0.20 0.22 0.78 0.31 0.15 0.00
# of Kids 0.21 0.20 0.87 0.25 0.18 0.29
Has family care responsibility (==1) 0.04 0.10 0.07 0.11 0.04 0.03
Monthly family income (INR) 21,149 19,104 0.36 20,684 19,889 0.73
Commute Distance (km) 13.0 12.5 0.68 12.3 13.0 0.55
Education
Education (years) 15.4 15.6 0.36 15.4 15.5 0.57
Used Computer before (==1) 0.98 0.91 0.03 0.95 0.94 0.63
Typing course- self reported (==1) 0.44 0.38 0.31 0.45 0.39 0.40
Typing course- showed certification (==1) 0.21 0.11 0.03 0.14 0.18 0.45
Work
Work Exp (Years) 2.1 2.6 0.24 3.3 1.8 0.00
No. of Previous Office Jobs 1.1 1.2 0.40 1.4 0.9 0.00
Unemployment duration (months) 3.0 3.1 0.41 3.0 3.1 0.54
Miscellaneous
Least concerned with Last Minute Effort (Ranking 1-6) 3.1 3.0 0.70 2.8 3.2 0.11
Estimated Time Discount Rate 0.98 0.95 0.19 0.99 0.95 0.05
Prefers Full-time Job (Yes) 0.94 0.98 0.13 0.93 0.98 0.06
At Home Commitments -Aspiration (Yes) 0.32 0.35 0.64 0.32 0.34 0.72
Notes: This table contains baseline comparisons of workers randomly assigned to work at home and in the office in columns
(1)-(3) and baseline comparisons of workers who preferred to work in the home and office in columns (4) - (6). columns (1) and
(2) display the mean values of characteristics of workers who were assigned to work at home and office, respectively. Column (3)
displays the P-value for the test that there is no difference between means. Columns (4)—(6) repeat the exercise for workers who
preferred to work from home or office.

4.2 Treatment Effects

To estimate the impact of the random assignment to working from home on worker performance, we
run the following regression specification:

Worker Performancei,t = αAlloc homei + γXi,t + ϵi,t (1)
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Worker Performancei,t are our outcomemeasures described below andmeasured at the worker i and task
t level. Alloc homei is a binary variable that takes a value of one ifworker iwas randomly assigned towork
fromhome;Xi,t includes three sets of fixed effects that serve as controls; wave fixed effects picking up tem-
poral differences in the quality of each cohort hired (either wave 4 or wave 5), week fixed effects capturing
the week of employment the outcome is measured in (ranging from week 1 to week 8),20 and task-type
fixed effects capturing the difficulty of the data entry task being performed (easy or hard). Although our
unit of observation is the performance on a particular data entry task, i.e. an individual survey that re-
quires data entry and takes about 2 hours to enter, the regression is essentially at the individual level as we
reweight the regressions so that each worker has a total weight of 1 over all its observations and standard
errors are clustered at the level of the individual. Table 3 reports these regression results.

Our primarymeasure of worker performance is log(Net Speed) whereNet Speed is defined as correct
entries typed per minute. We find that the employees allocated to work from home experience a drop
of 18% in net speed (Table 3 column (1)). This effect is statistically significant at the 1% level. Columns
(2) and (3) report treatment effects for Gross speed and Accuracy which are defined as total entries typed
per minute and the ratio of correct entries typed to total entries typed, respectively.21 Employees working
from home see a drop of 12% in the Gross speed and 2.48 % in accuracy. Thus, the drop in net speed is
mostly attributable to the drop in gross speed although accuracy also plays its part.

The magnitude of the treatment effect is larger when we use alternative measures of worker perfor-
mance. In column (4) of Table 3, we explore whether the treatment effect changes with the difficulty
of the underlying data-entry task by limiting the sample of data-entry tasks only to hard tasks (which
would require workers to concentrate harder and expend higher cognitive effort). We find that partic-
ipants assigned to work from home display 30% lower net speed on hard tasks. To incentivize workers
to make fewer errors, in keeping with industry practice, we imposed an exponentially increasing penalty
for remuneration. Thus employees were paid on basis of remunerated speed and not net speed. We find
that the magnitude of the treatment effect is a larger 24% when measured by the remunerated speed that
punishes errors more heavily than net speed (column (5)).

One key benefit of working from home is the flexibility that it affords workers regarding their time
use. We consider three outcomes pertaining to time use. First, we explore how total time worked differs
across home and office. Irrespective of work locations, all employees were mandated to work 35 hours
per week. Specifically, the software would not allow additional work once 35 hours had elapsed (workers
could log out at any point and log back in with such a break not counting against their 35 hours). These
35 hours constituted of two components—time spent while working on data entry tasks, and time spent
on ancillary tasks pertaining to data entry (such as checking lists of completed and remaining data entry

20We use week fixed effects instead of finer day fixed effects because home workers had the freedom to work any day during
the week.

21Net speed, Gross speed and Accuracy are related to each other by following expression: Net speed = Gross speed ∗
Accuracy.
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tasks for the week, and checking performance in and pay received for prior weeks’ work). We find that
employees across both locations spent 33.7 hours actively entering data while 1.3 hours were spent on
ancillary tasks pertaining to data entry with no significant difference in this behavior across both work
locations (column (6)).22

Although the total time spent entering data does not differ across work locations, when in the week
the work is done differs substantially. Individuals working in the office completed 97% of their work dur-
ing office hours (i.e., between 9 am to 6 pm fromMonday to Friday) (column (7)). The remaining 3% of
the work that occurred during non-office hours was due to office employees being allowed to stay later to
compensate for public and personal holidays. On the other hand, only 46% of the work done by home
employees was done during these office hours, indicating that home-based workers used the flexibility af-
forded to them. Finally, alongwith choosingwhen towork, working fromhomeprovidesworkers greater
autonomy regarding breaks during working hours and potentially helps workers deal with moderate dis-
tractions. The software was programmed to measure intervals of time when no action was performed
by the worker using either the mouse or the keyboard while logged in to the data entry system. The ra-
tio of the total time spent in such intervals to the total time spent entering data is defined as idle time.
We consider idle time to be a measure of small breaks and distractions while typing. Employees working
from the office spend 14.6% of their time idle and this rises by 2.46% for those working from home, in-
dicating that home workers had more such small breaks and distractions (column (8))—although such a
difference only explains a small fraction of the total productivity difference.

Table 3 provides string evidence of substantial negative productivity impacts of working from home.
Table 4 runs several robustness checks to explore the sensitivity of the treatment effect. Column 1 reports
our baseline estimate (column (1) of Table 3 above). Column 2 controls forworkers’ baseline speed during
the cash-incentivized speed test. This control should increase precision and control for bias if, despite
randomization, initial performance differences are driving the productivity drop. The 18% drop in net
speed persists with a small decrease in the standard error of the coefficient. Recall that we focus on the
laterwaves afterwe selective attrition via a retentionbonus. Column (3) expandsour sample to include the
performances of workers from these pre-bonus waves as well. The treatment effect remains unchanged
at -18% and standard errors fall.

Our baseline re-weights each observation of the data entry task such that each employee has equal
weight in the estimation of equation 1. Thus, an individual data entry task receives lower weight for
workers performingmore tasks, either because their typing speedwas faster or they attrited later. Instead,
column (4) uses task-based weights, with each survey task carrying equal weight. The table shows that
the 18% drop in productivity fromworking from home is almost unchanged, falling only slightly to 16%.

22While our software had a feature indicating whether the worker had completed the mandated 35 hours assigned in prior
weeks, the data logs only saved the time spent workingmeasures and so we infer that the rest of the timewas spent on ancillary
tasks.
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Finally, as discussed earlier, the two groups formed by randomly assigning work locations are reasonably
but not perfectly balanced (columns (1)-(3), Table 2). In column (5), we control for three characteristics
across which the two groups are not balanced. These three characteristics are gender, family care respon-
sibilities and prior computer usage. Controlling for these characteristics, we find that the treatment effect
marginally increases to 19%. Taken together, there is strong evidence that workers are more productive
when completing the same number of work hours in an office environment compared to a home envi-
ronment.

4.2.1 Cumulative Learning

Workers in both home and office locations experience an increase in productivity over the period of em-
ployment. This can be seen in the top-left panel of Figure 3 which plots the average net speed of workers
in both locations over the 8-week employment spell, with the drop in week 4 due to the fact that workers
were assigned harder tasks in weeks 4 to 6 (and a mix of hard and easy in weeks 7 and 8). The top-right
panel of Figure 3 separately plots the average net speed for each difficulty level for each work location
across the 8 weeks. Finally, the bottom-left panel plots the cumulative learning—the percentage increase
in net speed relative to the initial speed for tasks of that difficulty level, as measured by the speed for the
first four tasks of that type—against the number ofweeks experience theworker haswith that type of task.
Learning, in both locations and for both difficulty types, is high in the first few weeks a task is attempted
with the rate of improvement slowing in later weeks. Office workers are always more productive, partic-
ularly so for hard tasks. And the initial gain from experience is particularly substantial for office workers
performing hard tasks (i.e. the change in speed observed already in week 1, shown in the lower-left panel).
However, in subsequent weeks the gap between office and home workers narrows slightly for hard tasks
while, if anything, widening, for easy tasks.

The fact that learning effects are larger in an office environment poses an interesting question—how
much of the total productivity advantage of the office is due to differential learning and how much is
immediate from day one? To answer this question, columns (1)–(3) of Table 5 again uses the specification
in equation 1 but with the log of day 1 net speed, the log change in net speed relative to day 1, and the log
of net speed excluding day 1 as the dependent variables (separately by task type). The sum of the day 1
and learning coefficients in columns (1) and (2) equal the post day 1 effect in column (3).23 Office workers
are approximately 13% more productive on day 1 of a task type and this difference rises another 7% over
time (primarily in week 1 as seen in Figure 3) to obtain a difference of 20% on average. Columns (4)–(6)

23To be more precise, we use the first four surveys as our day 1 measure as each survey takes approximately 2 hours. The
negative 20% treatment effect reported in column (3) is slightly different than the treatment effect reported in column (1) of the
Table 3 both because we exclude the first 4 surveys and because the regressions in the Table 5 are weighted slightly differently to
ensure that the sumof columns (1) and (2) equal column (3). WhileTable 3 re-weights eachobservation such that each employee
has an equal weight across all observations, here we re-weight each observation such that each employee task difficulty type
combination has an equal weight across all observations.
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Figure 3: Learning Over Time
Hard Surveys Mixed SurveysEasy Surveys
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repeat the exercise only for easy tasks, and (7)–(9) only for hard tasks, with all the learning occurring on
the harder tasks (for which a 19% perfect advantage opens up on day 1, with learning accounting for a
further 14% rise).

4.2.2 Daily and Weekly Work Patterns

Asmentioned above, home-basedworkers took advantage of the flexibility afforded to themby theirwork
location. The smallest share of work was done onMondays as home-based workers were required to visit
the office to upload the data entry tasks completed in the prior week and to receive a new set of tasks to
complete over the following week (Figure 4 top-left panel). In a typical week, the proportion of work
done steadily rises as Monday approaches, with the highest proportion of work being done on Sunday
followed by Saturday. The proportion of work done after 6 pm is roughly similar to the proportion of
work done during standard working hours (Figure 4 top-right panel). The most popular work hours for
homeworkers is the period 11am–7pm,with the share ofwork done steadily declining between 8pm and 3
am before slowly starting to rise again. In contrast, office-based workers do almost all their work between
9am and 4pm with a dip around lunch time.

Howmuch does worker productivity vary by when the work is done? The bottom panels of Figure 4
plot log net speed by day of week and hour of day. The productivity of office-based workers steadily rises
over the week. Home-based workers are show a shallower slope Tuesday-Saturday but are substantially
less productive Sundays andMondays. Across the work day, the productivity of office-based workers rise
slightly upon arrival at the office and dips again in the afternoon. In contrast, the (lower) productivity
of home-based workers remains essentially constant throughout the day with a considerable drop only
being observed in the middle of the night (2 am–4 am).

4.3 Sorting on Ability

Next, we turn to the question of whether workers sort into office versus home work on the basis of their
innate ability. For example, if high ability workers prefer office work because of lower costs of working in
a more-regulated environment, such sorting will magnify the treatment effects we found above. We run
two specifications to investigate if higher ability workers select into office work. The first specification
regresses initial worker performance on stated preferences for home work:

Initial Worker Performancei,n = βPref homei + γXn + ϵi,n (2)

where Initial Worker Performancei,n is the log of net speed achieved by worker i on one of three different
speed testsn that were conducted prior to beginning the job; Pref homei is a binary variable representing
the (incentivized) work location choice of the employee prior to being allocated awork location and takes
value equal to one if the worker preferred to work from home and is equal to zero otherwise; Xn are
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Figure 4: Daily andWeekly Distribution of Work and Typing Speed

.0
5

.1
.1

5
.2

W
or

k 
D

on
e 

(P
ro

po
rti

on
)

Mon Tue Wed Thr Fri Sat Sun
day

Home Office

0
.0

5
.1

.1
5

W
or

k 
D

on
e 

(P
ro

po
rti

on
)

0 2 4 6 8 10 12 14 16 18 20 22 24
hour

Home Office

3.
7

3.
75

3.
8

3.
85

3.
9

Lo
g(

N
et

 S
pe

ed
)

Mon Tue Wed Thr Fri Sat Sun
day

Home Office

3.
5

3.
6

3.
7

3.
8

3.
9

Lo
g(

N
et

 S
pe

ed
)

0 2 4 6 8 10 12 14 16 18 20 22 24
hour

Home Office

Notes: This figure plots the distribution of work done and typing speed by work location over days of the week and hours of
the day. The top-left panel plots the proportion of work completed on each day of the week, across both work locations. The
top-right panel plots the proportion of work completed on each hour of the day, across both work locations. The bottom-left
and bottom-right panel plots the average log(net speed) for both work locations over days of the week and hours of the day,
respectively.
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Table 6: Sorting on Ability—Main Table

(1) (2) (3) (4) (5)
Log(Net Speed)

Applicants Workers Workers Workers Workers
1 Test 1 Test 3 Tests Work data Work Data

Pref home 0.15*** 0.10** 0.12*** 0.084* 0.083*
(0.025) (0.049) (0.033) (0.050) (0.048)

Alloc home -0.18***
(0.049)

Constant 3.08*** 3.13*** 3.22*** 3.55*** 3.64***
(0.023) (0.037) (0.032) (0.058) (0.063)

Speed Test FE Yes
Section+Week+Wave FE Yes Yes

Observations 884 234 704 138,646 138,646
R-squared 0.089 0.040 0.148 0.181 0.197
Notes: This table contains estimates of the degree of sorting based on initial ability. In all columns, the
dependent variable is the log of net speed, thenumber of accurate characters perminute. Themaindependent
variable, Pref homei, is a binary variable representing workers’ preference for work location taking the value
one if the choice is home-based work and zero if the choice is office-based work. Alloc homei is a binary
variable representing the treatment and takes a value equal to one if the worker was randomly assigned to
work from home and zero if assigned to work in the office. Column (3) includes Speed Test fixed effects
to account for each of the three specific typing speed test performed by workers prior to beginning work.
Column (1) uses data from the speed tests attempted by all applicants who showed up for walk-in interviews.
Column (2) filters the sample of applicants to include only workers who were selected to start working for us
and turned up on the day 1 of the job. Column (3) adds observations from two additional tests performed by
hired workers. The regression specification for columns (1) to (3) is given by equation 2. Regressions (4) and
(5) consider log net speed over twomonths of employment and further include section, week, and wave fixed
effects. Each observation in these regressions is a worker survey pair and observations are re-weighted to give
a weight of one to each worker. The regression specification for columns (4) and (5) is given by equation 3.
Standard errors (in parentheses) are clustered at the individual level. *, **, and *** denote statistical significance
at the 10%, 5%, and 1% level, respectively.

controls, specifically fixed effects for each of the three different speeds tests that were administered (which
we include only when all three test scores are combined in the same regression).

Table 6 presents the results of estimating of equation 2. Column (1) considers the sample of all 884
applicantswho showed up forwalk-in interviews and did a speed test. As the coefficient onPref homei in
column (1) indicates, contrary to the hypothesis that there may be positive selection on ability into office
work, applicants preferring home-basedwork performed 15% faster in terms of net speed during the hour-
long data entry test conducted as part of the interview. This difference relative to those who preferred
home is significant at a 1 % significance level. In column (2), we restrict our sample to only include the 234
workers whomoved forward to training.24 As discussed previously, applicants were offered thework only

24The actual number of workers in post-retention bonus waves is 235. For one worker we are missing walk-in speed test
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if they were between the ages of 18-40 and, more importantly, were able to confirm that they could work
in a work environment that is not their first choice. Thus applicants with the most extreme preferences
may have been filtered out. When the restricted sample is considered, the selection effect persists although
it is diminished to a 10% difference (significant at the 5 % level). Our preferred selection specification is
presented in column (3) where we include speeds from the three different speed tests conducted prior
to the start of work. By including three tests we increase precision and also can include the test that is
cash incentivized. As two of these tests were part of the training, we focus only on the sample of workers
who progressed from the interview stage and started training. We find workers preferring home are 12%
faster than workers preferring office, significant at the 1% significance level. In sum, whether we look
at the full sample of job applicants or those ultimately selected for work, we see that more productive
workers at baseline aremore likely topreferworking fromhome. Additionally, the results indicate that the
filtering of candidates to only include those who are willing to work in either location does not generate
the observed selection effect in the worker sample but, if anything, diminished the size of the selection
effect.

We next investigate whether the same selection effect is present in the performance of employees over
the subsequent two months of employment. To do so, we run the specification given by equation 3:

Worker Performancei,t = αPref homei + γXi,t + ϵi,t (3)

whereXi,t captures the wave, week, and section fixed effects. The measure of worker performance is the
again the log of net speed. Results for this specification are reported in columns (4) and (5) of Table 6.
Though slightly smaller in magnitude than the initial difference, we again find those who prefer home
work perform better in whatever location they were assigned to, with 8.4% higher speed (statistically sig-
nificant at 10% level), see Table 6 column (4). Finally, in column (5) of table 6 we explore what happens
to this selection effect once we control for the work location they were allocated to. Since the allocation
of work location is randomized and so should be uncorrelated with preferences, it is reassuring that con-
trolling for work location barely changes the magnitude and significance of the selection effect.

Wenowexplore the robustness of these selection effects. AppendixTableA.7 explores how the sorting
on work location preference manifests itself in other productivity measures. Overall, just like net speed,
both applicants’ and workers’ samples reflect a positive selection on home-based work in gross speed,
accuracy, and proportion of idle time (although the accuracy differences are small and insignificant).

Recall that some weeks we posted ads highlighting home-based work opportunities, other weeks
office-based work opportunities. These ads may have attracted different worker types and add noise to
our sorting on ability results. In Appendix Table A.8, we run an identical set of specifications as the pre-
ceding Table 6 except we control for the selection effect introduced by the type of newspaper ad workers

results.
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responded to. On adding the type of newspaper ad control, the selection effect based on self-reported
work location preference in the 884 applicants sample declines to 12% from 15% (still significant at the
1% significance level). In contrast, the selection effects rise relative to Table 6 when restricting the sample
to only workers who attended training (column (2)) and when considering performance across the full
employment period (with the selection effect now significant at the 5% level in the latter case).

The variation generated by the different newspaper ads provides another dimension of selection to
explore, rather than just serve as a control for our previous selection analysis. In the applicant sample,
we find that applicants responding to home-based work newspaper ads are faster than the applicants re-
sponding to office-based work ads. The direction of selection driven by the type of ad responded to is
the same as the selection driven by self-reported work location preference. Column (1) of Table A.8 illus-
trates the performance difference among those responding to home ads is 7.6% and is significant at the
1% level.25.

Taken together, we find robust evidence for negative selection effects of office work—i.e. initially
better workers are selecting into home work—not the positive selection effects that might explain pro-
ductivity differences across office and home-based production in observational data. Section 5.1 tries to
understand the origins of this sorting by exploring how the selection effect attenuates with the addition
of different sets of observable worker characteristics.

First, we explore a more direct explanation, that low ability workers benefit more than high ability
workers from being in the office and so they are more likely to choose to work in the office. These higher
returnsmight come from facingmore distractions at homeormore need to learn and get help fromothers
around them. This sorting on treatment effects would mean that the workers who prefer office-based
work should see greater improvements in their productivity if they are allocated the office, compared
to workers who prefer home-based work. To discover whether this is true, we explore heterogeneity in
treatment effects by the preference for office- or home-based work

4.4 Sorting on Treatment Effects

To test for sorting on treatment effects, we run the following regression specification:

Worker Performancei,t = αAlloc homei+δPref homei+λPref homei∗Alloc homei+γXi,t+ϵi,t (4)
25Wedonot further consider the selectiondrivenby advertisement type inpart because ourfilteringprocess to selectworkers

from the applicant sample tampers the selection by ad type. This is evident in columns (2) and (3) of the workers’ sample
where the selection driven by ad type operates in the opposite direction. The applicants from home-based work adverts are
7.5% faster than applicants from office-based adverts but the selected workers from home-based work adverts are 4.3% to 5.6%
slower compared to the workers selected from office-based work advert. This flipped sorting effect grows even stronger when
considering worker performance across 8 weeks of employment.
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Worker Performancei,t for worker i and survey t is again measured by log net speed, log gross speed, ac-
curacy, and share of time idle; Alloc homei and Pref homei are binary variables taking a value equal to
1 when the worker was randomly assigned to work at home and when workers self-reported preference
is to work from home, respectively; and Xi,t capture week, section and wave fixed effects. The coeffi-
cient λ on the interaction between the preference for home and allocation to home-work, Pref homei ∗
Alloc homei, captures the selection on treatment effect. In other words, do those whose productivity
falls relatively less from home work disproportionately prefer it.

Table 7 presents these results. In column (1), we see that in terms of net speed, workers who prefer to
work from home are 14%more productive and workers randomly allocated to home are 14% less produc-
tive. However, for workers who prefer to work from home and are allocated towork from home, i.e. they
were allocated to their preferred allocation, the treatment effect becomes larger inmagnitude by a further
-12% although this additional increase is not statistically significant. Those who prefer home-based em-
ployment are particularly unproductive when randomly assigned to work from home. In column (2), we
further control for net speed during training to increase precision and find that the sorting on treatment
effects grow slightly in magnitude to -14% and are statistically significant at the 10% level. I.e. applicants
who prefer home work have a 0.14 log points higher office treatment effect than those who prefer office.
Similar negative selection on treatment effects can be observed in the case of gross speed (significant at the
1% level when controlling for initial performance). In addition, treatment effects on accuracy are more
negative and idle time more positive among those preferring office, although these are smaller and not
significant.

In sum, people who prefer home-based work experience a large increase in productivity when they
work from the office compared to home, even though they preferred to work at home. People who prefer
office-based work also experience higher productivity in the office, but the treatment effect is only about
half as large. Thus, there is negative selection on treatment. The hypothesis that low ability or low self
control workers have the most to gain from office work in terms of productivity and so sort into such
an environment is rejected and so cannot explain the negative selection on ability found in the preceding
section. Instead, the results again point to an explanation where some workers might be constrained
from choosing the optimal work location in terms of productivity. We now explore such possibilities by
exploiting heterogeneity in effects by worker characteristics.

5 Exploring the Origins of the Negative Selection Effects

The prior analysis shows that despite a strong positive treatment effect of the office, high ability workers
are not more but less likely to sort into the office. Furthermore, high ability workers are the ones who
benefit most from being in office. In this section, we explore what might be the origin of the negative
sorting on ability and the negative sorting on treatment effects.
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5.1 Sorting on Ability

Our basic approach is to first compile potential mechanisms that can explain our findings. With these
mechanisms in hand, we obtain sets of worker characteristics from our baseline survey that proxy for the
omitted variable driving the relationship between selection and ability implied by each mechanism. If
we directly include the omitted variable in our sorting regressions, initial ability should no longer be (as)
correlated with work environment preferences if the mechanism is correct. Thus, in the final step we
control for these characteristics with our proxies for various potential omitted variables and explore the
degree to which these proxies attenuate the negative selection on ability.

Specifically, we run the following specification

Initial Worker Performancei,n = βPref homei +
∑
h

γ1,hCharacteristici,h + γ2Xn + ϵi,n (5)

Where Initial Worker Performancei,n is the log of speed of worker i in the three initial speed tests indexed
byn; Pref homei takes a value equal to one ifworker iprefers towork fromhome; {Characteristici,h}Hh=1

denotes the set of characteristics that proxy for the hypothesis; andXn are three fixed effects that control
for aggregate speed difference on the three different speed tests.

We explore six hypotheses that can generate negative sorting into office work based on initial ability:
1. High ability workers tend to live further away from the office and so incur higher time and effort

costs commuting every day.
2. The office serves as a commitment device for low self-control/low-productivity workers.
3. Office work is a status good for lower ability workers.
4. High-ability workers combine the job with the search for better job opportunities which is easier

to do with a more flexible schedule.
5. High-ability workers have more responsibilities at home (or low ability workers anticipate more

distractions at home and thus choose the office).
6. High ability women face greater social sanctions or pressures to work inside the home (or low

ability women anticipate more distractions at home and thus choose office).
To capture the first hypothesis (high-ability workers live further away), we include controls for the dis-
tance between home and the office location, implicitly assuming that non-monetary commute costs in-
cluding the cost of time are proportional to the travel distance.26

The secondhypothesis, that theoffice serves as a commitmentdevice for low self-control/low-productivity
types, is partially dismissed by our finding of negative selection on treatment effects above (assuming that
this commitment device actually works for this group). However, for completeness, we also include two
direct controls. First, the response to the statement “I never leave things to the last minute” on a person-
ality test that asked workers to rank statements expressing various positive attributes. And second, the

26Recall that workers were compensated for incurred monetary travel costs.
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time discount parameter estimated using an elicitation borrowed from Andreoni et al. (2015).27

The third hypothesis (office work is a status good for low-ability workers) is explored using a variable
for the number of previous office jobs the worker has done, the total monthly income of all the members
of the worker’s household, and the interaction of the two.

The fourth hypothesis (high-ability workers are searching more intensively for better job opportu-
nities) is captured by answers to two questions: whether they prefer to work full-time or part-time and
whether they have additional time commitments such as job search and study.

We consider four variables for the fifth hypothesis (greater responsibilities at home): if the worker has
family care commitments, if theworker ismarried, if theworker has kids, and theworker’s age. We expect
home responsibilities to be increasing in all these variables.

Finally, we include five controls for the sixth hypothesis (high-ability women have greater responsi-
bilities at home): if the worker is female, and interactions of the four variables we used in just above with
a female dummy (family care responsibilities, married, kids, and age).

We summarize our results in Panel A of Table 8 (for completeness Appendix Table A.9 contains the
full set of coefficients). Columns (1)–(2) of the first row of Table 8 report the coefficient and standard
errors for our baseline selection estimation that includes no characteristic controls (Table 6 column (3)).
Themagnitude of the selection effect is 11.6% (significant at the 1 % level). Subsequent rows report regres-
sions that include the additional sets of controls discussed above but just report the selection effects, the
coefficient β on Pref homei. The final row includes all sets of controls concurrently.

As the number of characteristics representing a particular hypothesis varies, it is challenging to com-
pare across explanations. Thus, we also conduct a principal component analysis using each hypothesis’s
complete set of characteristics and use the first component as a control for that hypothesis. The β coeffi-
cient from these regressions are reported in columns (3)–(4).

Although the selection effects attenuate with controls, the amount of attenuation is relatively small.
The coefficient on Pref homei shrinks the most (from 0.116 to 0.084) when we control for the four mea-
sures of home responsibilities (family care responsibilities, married, kids, and age) but remains significant
at the 5% level. Proxies for office work being a status good followed by female constraints and low self
control also attenuate the coefficient but by smaller amounts. Comparing the attenuation only using the
first principal component, controls for low self control matter most but only reduce the coefficient from
0.116 to 0.101. Thus, no single hypothesis fully explains the negative sorting into office work although
there is some support for the hypothesis that better (typically female) workers have larger home respon-
sibilities, that low ability workers choose the office as a status good, and that low-productivity low-self
control workers choose the office as a commitment device.

The final row of Panel A simultaneously controls for all the hypotheses. Unsurprisingly, the attenu-
27The elicitation device is a convex time budget (CTB). CTB uses variation in linear budget constraints over early and later

income to identify long-run time discounting, present bias, and utility function curvature.
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Table 8: Sorting Effects—Controlling for Characteristics

(1) (2) (3) (4)
Panel A: Sorting on Ability

Controls for

All Characteristics 1st Principal Components

Regression Specification Pref home (SE) Pref home (SE)

Baseline 0.116*** (0.033)

Hypothesis controlled for

Costs 0.116*** (0.033) 0.116*** (0.033)
Low Self-Control 0.102*** (0.032) 0.101*** (0.032)
Status 0.089*** (0.033) 0.109*** (0.033)
Outside Option 0.108*** (0.031) 0.116*** (0.032)
Home Responsibilities 0.084** (0.034) 0.109*** (0.034)
Female Constraints 0.096*** (0.032) 0.118*** (0.033)

All hypotheses controlled for 0.051* (0.031) 0.088*** (0.032)

Panel B: Sorting on Treatment Effects

Controls for

All Characteristic 1st Principal Components

Pref home* (SE) Pref home* (SE)Regression Specification Alloc home Alloc home

Baseline -0.14* (0.08)

Hypothesis controlled for

Costs -0.14* (0.08) -0.14* (0.08)
Low Self-Control -0.15* (0.08) -0.15* (0.08)
Status -0.15* (0.09) -0.17** (0.08)
Outside Option -0.16* (0.08) -0.16* (0.08)
Home Responsibilities -0.17* (0.09) -0.14* (0.08)
Female Constraints -0.16* (0.08) -0.14* (0.08)

All hypotheses controlled for -0.18** (0.09) -0.18** (0.08)
Notes: Panel A and B report estimates of selection on initial ability and selection on treatment effects after conditioning on worker characteristics. The dependent
variable in Panel A is the log of net speed (the number of accurate characters per minute) during three speed tests conducted during the job interview and training
process prior to beginning work. Columns (1) and (3) present the coefficient estimates on Pref homei from running regression equation (5). The dependent variable in
Panel B is the log of net speed (the number of accurate characters perminute) during data entry task performed as part of employment and columns (1) and (3) of Panel B
report the coefficient estimates on Pref homei ∗Alloc homei from running the regression equation (6). For both Panels, columns (2) and (4) report the standard error
of that estimate. Rows describe the controls included in the Characteristici,h controls. The first row presents the baseline effect when no characteristics are controlled
for. The following 6 rows control for 6 sets of characteristics each representing a single hypothesis. Section 5.1 describes the characteristic variables. Columns (1) and
(2) include multiple controls within a set simultaneously, columns (3)-(4) include a single control per set, the first principal component of the full set of characteristics
representing a particular hypothesis. Finally, the last row of each panel includes all controls for all hypotheses simultaneously (or all first principal components of all
hypotheses in columns (3) and (4)). In Panel A, all regressions control for the speed test type fixed effects and wave fixed effect, which accounts for the hiring batch of
the worker. In Panel A the unit of observation is the test attempted. In Panel B, the unit of observation is the survey task attempted and all regressions include section,
week, and wave fixed effects. The Panel B regressions are re-weighted to give equal weight to each worker. Standard errors (in parentheses) are clustered at the individual
level. *, **, and *** denote statistically significant at the 10%, 5%, and 1% level, respectively.
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ation is greater than with any single set of controls, with the coefficient on PrefHomei falling to 0.051
(significant at the 10% level). However, evenwhen including all these 17 controls, there is still a substantial
negative sorting on ability effect that remains unexplained.

5.2 Sorting on Treatment Effects

We can perform a similar exercise to shed light on the negative selection on treatment effects and ask
whether our finding comes from comparisons between groups thatmight face different constraints when
choosing an optimal work location. We run the following specification to see if accounting for the same
sets of characteristics as above explains the selection on treatment,

Worker Performancei,t = τAlloc homei + δPref homei + λAlloc homei ∗ Pref homei+∑
h

γ1,hAlloc homei ∗ Characteristici,h +
∑
h

γ2,hCharacteristici,h + γXi,t + ϵi,t

(6)

Where Worker Performancei,t is the log of net speed; the coefficient λ on the variable Alloc homei ∗
Pref homei captures the selection on treatment effect; Alloc homei and Pref homei are binary variables
taking value equal to 1 when the worker was randomly assigned to work at home and when the worker’s
self-reported preference is to work from home, respectively; Xi,t capture week, section and wave fixed
effects; and {Characteristici,h}Hh=1 denotes the sets of worker characteristics above.

To understand this specification, suppose that our negative selection on treatment effects are coming
from the fact that women are both more likely to prefer to work at home due to cultural constraints,
and are less productive at home compared to the office because of the demands and distractions of home
responsibilities. In this scenario, once we allow for women to have larger treatment effects of working in
the office (by interacting a female gender dummy in Characteristici,h with Alloc homei), we no longer
observe selection on treatment effects (i.e. λ = 0).

Panel B ofTable 8 presents theλ coefficients after the inclusion of the controls. The first row indicates
the λ coefficient of -14% from our baseline regression (Table 7, column (2)) implying negative selection
on treatment effects. Rather than the inclusion of controls attenuating this coefficient, for all six sets of
hypotheses above λ becomes more negative, growing to -18% when all controls are included. Thus, het-
erogeneity in treatment effects byworker characteristic coupledwith correlations between characteristics
and home preferences are not behind our selection on treatment effects.

Note that this result does not fully rule out the possibility that cultural constraints for groups such
as women lie behind our finding of negative selection on treatment effects. For example, suppose men
choosewhether towork fromhome or the office for idiosyncratic reasons that are uncorrelatedwith their
relative productivity in the two environments. However, cultural norms mean that women’s choices
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are determined by whether they have home responsibilities or not—and if they do, they regularly face
demands from family members or distractions and so are less productive at home than in the office. In
this scenario, there may be little or no attenuation on the selection on treatment effects when Genderi ∗
Alloc homei is included since the treatment-effect heterogeneity is not across genders per se but across
preferences themselves. Such an explanation generates an ancillary prediction, that selectionon treatment
effects should occur within constrained groups, females in this case, and not within groups not subject
to the same constraints, males in this case.

To allow selection on treatment effects to differ within groups defined by characteristics, for every
characteristic control discussed above, we bisect our sample into two subgroups based on whether the
value is above or below the median. For example, for the age characteristic, we bisect our sample into
young and old, or for gender we bisect our sample into male and female. We then interact an indicator
for one of the two groups resulting from the bisection, sub groupi, with alloc homei, pref homei, and
the interaction of the two:

Worker Performancei,t = τAlloc homei + δPref homei + λPref homei ∗ Alloc homei+

τ ′Alloc homei ∗ sub groupi + δ′Pref homei ∗ sub groupi+

λ′Pref homei ∗ Alloc homei ∗ sub groupi + θsub groupi + γXi,t + ϵi,t (7)

Where the coefficientλ tells us about selectionon treatment effects for the subgroup forwhich sub groupi =
0, and λ+ λ′ tells us the selection on treatment effects for the subgroup for which sub groupi = 1.
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Table 9: Heterogeneity in Sorting on Ability, Treatment Effects, and Sorting on Treatment

(1) (2) (3) (4) (5) (6)
Panel A: Baseline Regression

Pref home Alloc home Alloc home*
Pref home

Baseline 0.12*** -0.18*** -0.14*
(0.033) (0.050) (0.082)

Panel B:Regressions with Heterogeneity
Hypothesis Characteristic Pref home Pref home* Alloc home Alloc home* Alloc home* Alloc home*

sub group sub group Pref home Pref home*
sub group

Costs abv avg dist 0.15*** -0.07 -0.20*** 0.05 0.05 -0.21
(0.05) (0.07) (0.07) (0.10) (0.07) (0.17)

LowDiscipline last min effrt yes 0.11** 0.01 -0.18** -0.01 0.15** 0.04
(0.05) (0.07) (0.07) (0.10) (0.07) (0.17)

high discount 0.05 0.14** -0.12** -0.11 0.11* 0.01
(0.04) (0.06) (0.06) (0.10) (0.06) (0.16)

Status low fam income 0.09* 0.05 -0.28*** 0.18* -0.07 -0.43**
(0.05) (0.07) (0.08) (0.10) (0.09) (0.17)

no prior off job 0.10*** 0.03 -0.16*** -0.05 0.04 0.11
(0.04) (0.08) (0.06) (0.10) (0.07) (0.18)

Outside Option fulltime pref 0.24** -0.14 -0.08 -0.12 -0.13 0.04
(0.10) (0.11) (0.13) (0.14) (0.11) (0.18)

commit prof asp 0.09** 0.08 -0.16*** -0.06 0.09 0.07
(0.04) (0.07) (0.06) (0.11) (0.07) (0.19)

Home Pressure fam care 0.10*** 0.13 -0.19*** 0.14 0.04 -0.73***
(0.03) (0.12) (0.05) (0.16) (0.06) (0.15)

married 0.08** 0.14 -0.17*** -0.09 0.07 -0.12
(0.04) (0.09) (0.06) (0.12) (0.06) (0.20)

child yes 0.10*** 0.12 -0.18*** -0.07 0.03 -0.48**
(0.03) (0.10) (0.05) (0.14) (0.06) (0.21)

abv avg age 0.06 0.12* -0.16*** -0.07 0.04 -0.37**
(0.04) (0.07) (0.06) (0.10) (0.07) (0.18)

Female Constraints female 0.11** 0.02 -0.16** -0.07 0.04 0.11
(0.04) (0.06) (0.07) (0.10) (0.09) (0.17)

female fam care 0.11*** 0.13 -0.20*** 0.31* 0.05 -0.80***
(0.03) (0.16) (0.05) (0.17) (0.06) (0.16)

female married 0.10*** 0.16 -0.18*** -0.02 0.07 -0.00
(0.03) (0.11) (0.05) (0.14) (0.06) (0.22)

female child 0.10*** 0.16 -0.18*** -0.07 0.06 -0.31
(0.03) (0.14) (0.05) (0.15) (0.06) (0.22)

female old 0.10*** 0.12 -0.15*** -0.23* 0.06 -0.02
(0.03) (0.10) (0.05) (0.13) (0.06) (0.22)

Notes: This table explores the heterogeneity in sorting on ability (in columns (1) & (2)), the treatment effect (in columns (3) & (4)), and selection on treatment effects (in
columns (5) & (6)). For each pair of columns, Panel A presents our baseline result when we assumed no heterogeneity. Panel B reports the main effect and interaction when
we interact either Pref homei, Alloc homei, or Pref homei ∗Alloc homei with worker characteristic dummies sub groupi obtained by bisecting the sample by themedian
value of the characteristic. Section 5.1 describes the characteristic variables. Across all regressions, the dependent variable is the log of net speed (the number of accurate
characters typed per minute). Across both panels, the regressions reported in columns (1) and (2) include speed test type fixed effects. The regressions reported in columns
(3) and (4), and in columns (5) and (6), include section, week, and wave fixed effects. In columns (1) and (2) the unit of observation is the test attempted. In columns (3) and
(4), the unit of observation is the survey task attempted and observations are re-weighted to give equal weight to each worker. Standard errors (in parentheses) are clustered
at the individual level. *, **, and *** denote statistically significant at the 10%, 5%, and 1% level, respectively.
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Columns (5) and (6) of Table 9 present these two coefficients, λ and λ′, for each of the character-
istics discussed at the start of this section. (The earlier columns explore heterogeneity in Selection and
in Treatment Effects separately.) For a number of characteristics, the selection on treatment effects oc-
curs only within one of the two subgroups. Selection on treatment effects is particularly pronounced
for households with low family income, those with family care obligations (particularly women), those
with children, and older job applicants. In all these cases, negative selection treatment effects are large
and highly significant for this subgroup but close to zero and if anything positive for the applicants not
in the subgroup. Compared to the baseline selection on the treatment effect of -14% (table A.13, panel A,
column (3)), these subgroups exhibit negative selection on treatment effects of between 41% and 85%. For
example, women with family care responsibilities who prefer home work have a 0.85 log points higher
office treatment effect than women in the same group who prefer office.

The groups within which selection on treatment is largest are certainly suggestive of societal con-
straints lying behind the unexpected negative sign of the selection effects. For example, widely varying
norms and socioeconomic conditions across women with family care commitments mean that expec-
tations regarding childcare or the acceptability of work outside the home may vary greatly even within
this group. This heterogeneity makes it possible that those who choose home work are those who have
the greatest non-data-entry demands on their time while at home and those that choose office work have
fewer demands (e.g. their mother-in-law also helps with housework). In contrast, we find no negative
selection within groups that are free of these constraints, such as women without family obligations. By
definition, a subgroup that does not face constraints cannot have heterogeneity in the severity of that con-
straint. Such heterogeneity within constrained subgroups deserves further investigation in future work.

6 Heterogeneity in Treatment and Selection Effects

Finally, we turn to studying heterogeneity in our treatment and selection effects. This serves two pur-
poses. First, it is of independent interest. For example, whether women have higher treatment effects
fromworking in an office thanmen, or poorer households compared to richer ones, is of value to policy-
makers designing labor market policies.

Second, just as was the case in the analysis of selection on treatment effects above, the heterogeneity
we findmay shed further light on the origins of the selection effects by highlighting the groups for which
these effects are particularly substantial.

As with the discussion in the previous section, we bisect our sample into two subgroups, above and
below the median, for each characteristic discussed at the start of Section 5.1. We then repeat the specifi-
cation exploring worker sorting on ability but interact the indicator variable representing worker’s pref-
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erence to work from home with an indicator variable for membership of one of these subgroups:

Initial Worker Performancei,n = αPref homei + α′Pref homei ∗ sub groupi + θsub groupi + γXi,t + ϵi,t

(8)

Where our measure of Initial Worker Performance is the log of net typing speed averaged over the three
different speed tests that were conducted prior to the beginning of the job.

Columns (1) and (2) of Table 9 report these results. Recall that workers who prefer working from
home are 12% faster than the ones who prefer to work in the office (repeated in row (1)). There is relatively
little heterogeneity in the size of this coefficient with only two of the 16 α′ interaction coefficients signif-
icantly different from zero (albeit we have a small sample of 704 tests across 234 workers so estimates are
noisy). For example, considering gender as a characteristic, we investigate whether the selection on initial
ability differs for men and women. These results are shown in the first row of the Female Constraints
section of Panel B. Men who prefer home are 11% more productive prior to starting the job than those
who prefer office, while women who prefer home are 13% more productive, with the 2% difference not
significant.

The two characteristics with significant higher selection on initial ability are for applicants with a
high discount parameter and older workers. In both cases, those who prefer home are almost 20% more
productive. There is also much greater selection for those with family care responsibilities, children, and
those who are married (particularly women in all three cases) but these sizable differences are not sta-
tistically different from zero. These patterns complement the finding above that selection on treatment
effects were particularly large within these groups who are often constrained in the labor market choices
they canmake. Conversely selection effects are smaller for those who prefer to work full time rather than
part time (again not significant).

Columns (3) and (4) of Table 9 present a similar exercise but where we interact sub groupi dummies
with Alloc homei to explore heteroegneity in treatment effects.

Worker Performancei,t = αAlloc homei + α′Alloc homei ∗ sub groupi + θsub groupi + γXi,t + ϵi,t

(9)

Where themeasure ofWorker Performance thatwe consider is the log of net typing speed ofworkers. The
coefficient α′ on the interaction between Alloc home and sub group provides an estimate of treatment
heterogeneity by subgroup.

Recall that workers randomly assigned to work at home were 18% less productive than those assigned
to the office (repeated in column (3) row (1) of Table 9 ).

We find limited evidence for heterogeneity in the treatment effect. There are three characteristics
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wherewe find the coefficient on the interaction to be significantly different from zero at a 10% significance
level. These characteristics are the monthly family income of the worker’s household, female workers
with family care responsibilities, and older female workers. Interestingly female workers with family care
responsibilities is the only subgroup that exhibits higher not lower productivity while working at home
compared to the office. These workers are on average 11% faster at home although this treatment effect is
not statistically significant. (Although recall from the discussion of selection on treatment effects shown
in columns (5) and (6), those who experience these large positive treatment effects of working at home
are disproportionately the workers who choose to work in the office, and those choosing to work from
home experience large negative treatment effects of home work.)

Similarly, subgroups such as workers with family care responsibilities, workers preferring to work
part-time, and workers with low family income experience the smallest treatment effect at -5%, -8%, and
-10%, respectively. These effects are statistically indistinguishable from zero. On the contrary, subgroups
such as older femaleworkers, workerswith high family income, andmarriedworkers exhibit the strongest
treatment effect at -38%, -28%, and -25%, respectively. All these effects are significantly different from zero
at a 5% significance level even if the difference in treatment effects is not.

7 Conclusions

We conducted a randomized control trial in the data entry sector in Chennai, India that exogenously
allocated workers to home-based or office-based work while holding all other dimensions of the work
constant. We first find a large positive and significant treatment effect of working from the office. The
productivity of workers randomly assigned to working from the office is 18% higher than those working
from home, independent of people’s preferences for where they want to work. Two-thirds of the effect
manifests itself from the first day of work with the remainder due to quicker learning by office workers
over the subsequent weeks. However, we find negative selection effects for office based workers. Those
whoprefer home-basedwork are 12% faster andmore accurate at baseline. We also find anegative selection
on treatment: workers who prefer the home have larger negative productivity effects when allocated to
home. The negative selection effects are stronger within subgroups that typically face bigger constraints
in selecting office work, such as workers with children and with other home care responsibilities as well
as poorer households.

Our results show that understanding the self-selection of workers into different work locations is of
first-order importance when evaluating the merits of policies that aim to alter the allocation of workers
to different work environments. If office work has positive productivity effects, constraining some parts
of the population from allocating to their most productive work environment could hold back the suc-
cess of these workers and further widen inequality between, for example, women and men or lower and
higher class groups. This misallocation also leads to distortions in the productivity of the labor force
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overall. To the extent that these constraints are due to social or family pressures, policies that explicitly
reduce or flatten such constraints, such as widening access to child care, could improve the allocation of
workers to jobs. Of course, some of these choices might be the result of cultural or personal preferences.
For example, in some societies, women themselves might feel that women should not work outside the
home independent of their work productivity. Under these circumstances, even policies that increase the
treatment effect in the office or increased childcare access might not have a large effect on female labor
force participation.

Our results are also importantwhen evaluating industrial policies that are not directly aimed at chang-
ing constraints to working from home, but change the availability of different jobs in the economy. Take,
for example, India’s Small Scale Reservation policy where certain products were reserved for manufac-
ture by very small firms. If larger-scale factory environments substantially raise productivity, such policies
detrimentally affect growth. However, if these small units allow some workers to participate in the econ-
omy who would otherwise not be able to take up a job, these policies can be viewed in a more favorable
light.
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A Appendix

A.1 Pictures of the Office and a few of Home work settings
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Figure A.1: Pictures of the Office and a few of Home work settings

(a) The Office

(b) Home work setups
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A.2 User interface of data entry tasks
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Figure A.2: User interface of a sample data entry tasks in the proprietary software

A.3 Ad types

A.4 Examples of tasks by difficulty
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Figure A.3: Newspaper Ads sample

(a) Office-based work ad (b) Home-based work ad
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Figure A.4: Examples of data entry tasks by difficulty

(a) strings of random alpha-numeric characters vs alpha-numeric and special characters

(b) Type-set vs Handwritten text
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A.5 Compensation

Table A.1: Compensation Structure

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

Week Fixed component Performance-based variable
component

Retention
BonusTasks Target Amount Paid

INR ($) INR/task ($ / task) INR ($)

1 18 2125 (32.2) 65 (1) 2000 (30.3)
2 20 2125 65 0
3 24 2125 65 0
4 24 2125 65 0
5-8 26 2125 65 0

Notes: This table explains the compensation structure for workers in both work locations. Each row indicates
the compensation structure for a particular week. The weeks are displayed in column (1). Columns (2) and
(3), display the fixed component of the compensation structure. Upon completing the number of tasks listed
in column (2), workers were paid the amount listed in column (3). Column (4) lists the performance-based
pay which paid a piece rate per task completed beyond the weekly task target. Finally, column (5) displays the
retention bonus that was paid at the end of week 1. Figures in parenthesis are amounts in dollars at the exchange
rate of INR 66≈ $ 1.

TableA.2: CompensationPenalty for Errors

Penalty Easy Task Hard Task

Error rate between (%)
1X 0 - 7.5 0 - 15
1.5X 7.5-10 15-20
2X 10+ 20+
Notes: This table explains the penalty schedule im-
posed for various levels of error rates.

A.6 Attrition

A.7 Waves
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Table A.3: Attrition- Dependence of days worked on Ad type, location
preference, and location allocation

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

ad home -3.29 -3.21
(2.81) (2.78)

pref home 0.58 0.14
(2.84) (2.82)

alloc home 0.71 0.72
(2.71) (2.70)

Constant 37.6*** 38.2*** 36.7*** 36.3***
(2.76) (2.21) (2.07) (2.28)

Observations 280 280 280 280
R-squared 0.011 0.010 0.006 0.006
Wave FE Yes Yes Yes Yes

Notes: This table presents the result of the number of days worked regressed on the type
of ad workers responded to, their preference of work location, and their assigned work lo-
cation. The dependent variable is the number of days worked which is the same across all
regressions. variable ad home is a dummy variable taking a value equal to one when the
worker responded to a home-based work ad otherwise it takes a value equal to zero. vari-
able pref home is a dummy variable taking a value equal to onewhen theworker requested
to work from home and is zero otherwise. Variable alloc home takes a value equal to one
when the work is randomly assigned to work from home and is equal to zero is the worker
is randomly assigned to work from the office. Standard errors are in parentheses. *, **, and
*** denote statistically significant at the 10%, 5%, and 1% level, respectively. For all specifica-
tions, the unit of observation is a worker.
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Table A.4: Main result separated by home- and office-based work ads

(1) (2) (3) (4) (5) (6) (7) (8) (9)
Sample All Home Ads Office Ads
Effect TE SAB SOT TE SAB SOT TE SAB SOT
Dependent Variable Log(Net Speed) Log(Net Speed) Log(Net Speed)

pref home 0.12*** 0.067 0.16*** 0.088 0.089** 0.069
(0.033) (0.058) (0.059) (0.078) (0.038) (0.078)

alloc home -0.18*** -0.13** -0.19** -0.17** -0.17** -0.11
(0.050) (0.055) (0.072) (0.078) (0.065) (0.071)

c.pref home#c.alloc home -0.14* -0.17 -0.099
(0.082) (0.11) (0.11)

Constant 3.67*** 3.22*** 0.96* 3.55*** 3.12*** 0.85** 3.78*** 3.28*** 1.11
(0.058) (0.032) (0.49) (0.088) (0.051) (0.33) (0.074) (0.041) (0.83)

Observations 138,646 704 138,646 47,253 269 47,253 91,393 435 91,393
R-squared 0.194 0.148 0.268 0.204 0.165 0.290 0.195 0.163 0.260
Wave FE Yes Yes Yes Yes Yes Yes Yes Yes Yes

Notes: This table presents the main results of the paper for subsamples split by ad types. Columns (1)-(3) present the main results
for the workers where as columns (4)-(6) and (7)-(9) present the same results for home based and office based work ads, respectively.
Columns (1), (4) and (7) present the treatment effect regressions for the three samples. Columns (2), (5) and (8) present the regression
estimating the selection at baseline effect. Columns (3), (6) and (9) present the selection on treatment effect regressions. All regression
are based on 8 weeks work data except the ones in columns (2), (5) and (8), which are based on the 3 speed test conducted for each
worker. Variable pref home is a dummy variable taking value equal to one when the worker requested to work form home and is zero
otherwise. Variable alloc home takes value equal to one when the work is randomly assigned to work from home and is equal to zero
is the worker is randomly assigned to work from office. Standard errors (in parentheses) are clustered at wave level. *, **, and *** denote
statistically significant at the 10%, 5%, and 1% level, respectively. For all specifications the unit of observations is survey task attempted.
All the regressions are re-weighted to give equal weight for all the workers.
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Table A.6: Treatment andWorker Sorting Effects for All Waves

(1) (2) (3) (4) (5) (6)
Wave 3.5 & 4 All Waves
Effect TE SAB SOT TE SAB SOT
Dependent Variable Log(Net Speed) Log(Net Speed)

pref home 0.12*** 0.067 0.038 0.055
(0.033) (0.058) (0.034) (0.050)

alloc home -0.18*** -0.13** -0.18*** -0.12***
(0.050) (0.055) (0.043) (0.045)

c.pref home#c.alloc home -0.14* -0.11
(0.082) (0.072)

Constant 3.67*** 3.22*** 0.96* 3.65*** 3.34*** 0.58
(0.058) (0.032) (0.49) (0.083) (0.064) (0.40)

Observations 138,646 704 138,646 212,823 986 212,823
R-squared 0.194 0.148 0.268 0.190 0.225 0.305
Wave FE Yes Yes Yes Yes Yes Yes
Section &Week FE Yes Yes Yes Yes

Notes: This table presents the main results of the paper replicated for all waves. Columns (1)-(3) present the
main results for the post-retention bonus sample where as columns (4)-(6) present the same results for all the
waves. Columns (1) and (4) present the treatment effect regressions for the two samples. Columns (2) and
(5) present the regression estimating selection at baseline effect. Columns (3) and (6) present the selection on
treatment effect regressions. All regressions are based on 8 weeks of work data except ones in columns (2) and
(5), which are based on the 3 speed tests conducted for each worker. Variable pref home is a dummy variable
taking a value equal to one when the worker requested to work from home and is zero otherwise. Variable
alloc home takes a value equal to onewhen thework is randomly assigned towork fromhome and is equal to
zero is the worker is randomly assigned to work from the office. Standard errors (in parentheses) are clustered
at the wave level. *, **, and *** denote statistically significant at the 10%, 5%, and 1% level, respectively. For all
specifications, the unit of observations is a survey task attempted. All the regressions are re-weighted to give
equal weight to all the workers.
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Table A.8: Sorting on Ability—controlling for ad type

(1) (2) (3) (4) (5)
Pre-Filter Post-filter Post-filter Post-filter Post-filter
1 test 1 test 3 test Work data Work data

pref home 0.12*** 0.11** 0.12*** 0.10** 0.10**
(0.028) (0.050) (0.033) (0.049) (0.047)

alloc home -0.18***
(0.049)

ad home 0.076*** -0.056 -0.043 -0.16*** -0.15***
(0.028) (0.050) (0.036) (0.051) (0.049)

Constant 3.06*** 3.15*** 3.23*** 3.62*** 3.71***
(0.025) (0.041) (0.033) (0.061) (0.065)

Speed Test FE Yes
Section+Week+Wave FE Yes Yes

Observations 884 234 704 138,646 138,646
R-squared 0.097 0.045 0.152 0.191 0.206

This table contains estimates of the degree of sorting based on initial ability, controlling for the type of ad-
vertisement workers responded to. In all columns, the dependent variable is the log of net speed, the number
of accurate characters per minute. The main dependent variable, pref home, is a binary variable representing
workers’ preference for work location taking the value one if the choice is home-based work and zero if the
choice is office-based work. alloc home is a binary variable representing the treatment and takes a value equal
to one if the worker was randomly assigned to work from home and zero if assigned to work in the office.
ad home is a binary variable taking value one if the worker responded to employment advertising home-based
jobs and zero if responded to office-based jobs. Column (3) includes Speed Test fixed effects to account for
each of the three specific typing speed test performed by workers prior to beginning work. Column (1) uses
data from the speed tests attempted by all applicants who showed up forwalk-in interviews. Column (2) filters
the sample of applicants to include only workers who were selected to start working for us and turned up on
the day 1 of the job. Column (3) adds observations from two additional tests performed by hired workers. The
regression specification for columns (1) to (3) is given by equation 2. Regressions (4) and (5) consider log net
speed over two months of employment and further include section, week, and wave fixed effects. Each obser-
vation in these regressions is a worker survey pair and observations are re-weighted to give a weight of one to
each worker. The regression specification for columns (4) and (5) is given by equation 3. Standard errors (in
parentheses) are clustered at the individual level. *, **, and *** denote statistical significance at the 10%, 5%, and
1% level, respectively.
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Table A.9: Selection on Initial Ability- Controlling for Characteristics

(1) (2) (3) (4) (5) (6)
Panel A:Regressions with ATE

Regression Specification Pref Home (SE)

Baseline 0.116*** (0.033)

Panel B:Controlling for individual hypothesis
Hypothesis controlled for PCA Pref Home (SE) Characteristics Pref Home (SE)

(1) Costs 1st principal comp 0.116*** (0.033) distance 0.116*** (0.033)

(2)
LowDscpln

last min effrt 0.105*** (0.03)
(3) time discount 0.110*** (0.03)
(4) 1st principal comp 0.101*** (0.032) All characteristics 0.102*** (0.032)

(5)
Status

off jobs num 0.091*** (0.03)
(6) fam inc scal 0.115*** (0.03)
(7) off jobs num* 0.107*** (0.03)

fam inc scal
(8) 1st principal comp 0.109*** (0.033) All characteristics 0.089*** (0.032)

(9)
Outside Opt

fulltime pref 0.107*** (0.03)
(10) commit prof asp 0.118*** (0.03)
(11) 1st principal comp 0.116*** (0.032) All characteristics 0.108*** (0.031)

(12)

Home Press

fam care 0.110*** (0.03)
(13) married 0.113*** (0.03)
(14) child yes 0.117*** (0.03)
(15) age scale 0.103*** (0.03)
(16) 1st principal comp 0.109*** (0.034) All characteristics 0.084** (0.034)

(17)

Female Const

female 0.115*** (0.03)
(18) female fam care 0.112*** (0.03)
(19) female married 0.120*** (0.03)
(20) female child 0.117*** (0.03)
(21) female age scale 0.117*** (0.03)
(22) 1st principal comp 0.118*** (0.033) All characteristics 0.096*** (0.032)

Panel C:Controlling for all hypothesis
Regression Specification PCA Pref Home (SE) Characteristics Pref Home (SE)

Controlled for all Hypothesis All 1st principal com-
ponents

0.088*** (0.032) All characteristics 0.051* (0.031)

Notes: This table contains estimates of the effect of workers selecting home work based on initial ability when controlled for various worker characteristics. The regression
specification is given by equation 5. Only the relevant coefficient and the corresponding standard error are reported for each regression. The coefficient represents the selection
effect based on initial ability and is presented for various regressions in columns (2) and (5), and the corresponding standard errors are presented in columns (3) and (6),
respectively. Panel A presents the baseline effect when no characteristics are controlled for. In panel B, we present the selection effect where characteristics representing a single
hypothesis are controlled for. Column (4) lists the characteristic that is controlled forwith each section separated by dashed lines representing one hypothesis. Columns (5) and
(6), represent the corresponding coefficient and standard error of the estimated selection effect. The final line of each section denoted by “All characteristics” in column (4),
represents the selection effect when controlled for all characteristics listed in the particular hypothesis section. Columns (1)-(3) represents the selection effect when controlled
for the first principal component of the set of all characteristics representing a particular hypothesis. Finally, Panel C represents the results of the selection effect when we
control for all hypotheses. columns (1)-(3) use all the 1st principal components as control whereas columns (4)-(6) use all the characteristics as controls. All regressions control
for the Speed Test fixed effect, which accounts for variation that occurs in productivity due to 3 different types of typing speed tests performed by workers prior to beginning
the work, and wave fixed effect, which accounts for the hiring batch of the worker. The row denoted by Baseline represents the selection effect from baseline specification
represented earlier in Table 6 Column (2). Standard errors (in parentheses) are clustered at the individual level. *, **, and *** denote statistically significant at the 10%, 5%, and
1% level, respectively. For all other specifications, the unit of observation is the survey task attempted.
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Table A.10: Selection on Treatment- Controlling for Characteristics

(1) (2) (3) (4) (5) (6)
Regression Specification Pref Home*Alloc Home (SE) Obs R2

Baseline -0.14* (0.08) 138,646 28.4

Hypothesis controlled for

Costs -0.14* (0.08) 138,646 28.4
LowDiscipline -0.15* (0.08) 138,646 28.7
Status -0.15* (0.09) 138,646 29.2
Outside Option -0.16* (0.08) 138,646 28.7
Home Pressures -0.17* (0.09) 138,646 28.9
Female Constraints -0.16* (0.08) 138,646 29.6

Controlled for all hypothesis -0.18** (0.09) 138,646 31.7
Notes: This table contains estimates of the effect of workers selecting home-based work environments in anticipation of its
effect on their productivity while accounting for various worker characteristics. Each row represents results from an individual
regression where the dependent variable is the primary productivity measure of the log of net speed. The regression specification
is given by equation 6. The dependent variable Net speed is defined as the number of accurate characters typed per minute.
The pertinent coefficient and standard error of pref home*alloc home alone are represented in columns (3) and (4), respectively.
pref home*alloc home is a binary variable that takes value one if the worker chose to work at home and was assigned to work
at home. It takes the value of zero otherwise. All regressions account for variation arising from the type of survey section being
attempted, duration of employment, and the hiring batch of the worker using section, week, and wave fixed effects respectively.
The row denoted as Baseline represents the selection effect from baseline specification represented earlier in Table 7 Column (2).
The next six rows represent the selection on treatment effect when individually controlled for a group of proxy characteristics for
each hypothesis considered to explain the negative selection effect. The final row represents the selection effect when we control
for groups of characteristics representing all hypotheses. The same regressions are re-weighted to give equal weight to all the
workers. Standard errors (in parentheses) are clustered at the individual level. *, **, and *** denote statistically significant at the
10%, 5%, and 1% level, respectively. For all other specifications, the unit of observation is the survey task attempted.
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Table A.11: Heterogeneity in Baseline Selection

(1) (2) (3) (4)
Panel A: Baseline Regression

Pref home

Baseline 0.12***

Panel B:Regressions with Heterogeneity
Hypothesis Characteristic Pref home Pref home*

sub group

Costs abv avg dist 0.15*** -0.07
(0.07) (0.10)

LowDiscipline last min effrt yes 0.11** 0.01
(0.07) (0.10)

high discount 0.05 0.14**
(0.06) (0.10)

Status low fam income 0.09* 0.05
(0.08) (0.10)

no prior off job 0.10*** 0.03
(0.06) (0.10)

Outside Option fulltime pref 0.24** -0.14
(0.13) (0.14)

commit prof asp 0.09** 0.08
(0.06) (0.11)

Home Pressure fam care 0.10*** 0.13
(0.05) (0.16)

married 0.08** 0.14
(0.06) (0.12)

child yes 0.10*** 0.12
(0.05) (0.14)

abv avg age 0.06 0.12*
(0.06) (0.10)

Female Constraints female 0.11** 0.02
(0.07) (0.10)

female fam care 0.11*** 0.13
(0.05) (0.17)

female married 0.10*** 0.16
(0.05) (0.14)

female child 0.10*** 0.16
(0.05) (0.15)

female old 0.10*** 0.12
(0.05) (0.13)

Notes: This table contains results from various regressions that we run in order to explore the heterogeneity in selection on baseline ability effect. Panel A and B
represent partial results from one and sixteen regressions, respectively. In Panel A we represent the selection on the ability of the baseline regression in column
(3) which was earlier reported in Table 6 column (2). In Panel B we represent coefficients (and standard errors) of the variables pref home (a binary taking value
1 when worker chose to work from home) and pref home interacted with relevant subgroups in columns (3) and (4), respectively. The regression specification
is given by equation 2. Across all regressions, the primary measure is the log of net speed. Net speed is defined as the number of accurate characters typed per
minute. The first two rows of panel B represent the heterogeneity in selection at baseline effect explored on the dimension of cost of commute to office by dividing
the entire sample into two groups, below- and above-average distance to travel to the office. Similarly, subsequent rows show results from regressions exploring
heterogeneity within subgroups created on basis of proxy characteristics of the other five hypotheses. Across both the panels, all regressions account for variation
arising from the hiring batch of the worker and the type of data entry test used using wave and test fixed effects respectively. Standard errors (in parentheses) are
clustered at the individual level. *, **, and *** denote statistically significant at the 10%, 5%, and 1% level, respectively. For all specifications, the unit of observation
is the data entry speed test attempted.
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Table A.12: Heterogeneity in Treatment

(1) (2) (3) (4)
Panel A:Regressions with ATE

ATE

Baseline -0.18***
(0.05)

Panel B:Regressions with CATE
Hypothesis Characteristic CATE ∆CATE

Costs abv avg dist -0.20*** 0.05
(0.07) (0.10)

LowDiscipline last min effrt yes -0.18** -0.01
(0.07) (0.10)

high discount -0.12** -0.11
(0.06) (0.10)

Status low fam income -0.28*** 0.18*
(0.08) (0.10)

no prior off job -0.16*** -0.05
(0.06) (0.10)

Outside Option fulltime pref -0.08 -0.12
(0.13) (0.14)

commit prof asp -0.16*** -0.06
0.06) (0.11)

Home Pressure fam care -0.19*** 0.14
(0.05) (0.16)

married -0.17*** -0.09
(0.06) (0.12)

child yes -0.17*** -0.06
(0.05) (0.14)

abv avg age -0.16*** -0.07
(0.06) (0.10)

Female Constraints female -0.16** -0.07
(0.07) (0.10)

female fam care -0.19*** 0.31*
(0.05) (0.17)

female married -0.18*** -0.02
(0.05) (0.14)

female child -0.18*** -0.07
(0.05) (0.15)

female old -0.15*** -0.23*
(0.05) (0.13)

Notes: This table contains results from various regressions that we run in order to explore the heterogeneity in the Treatment effect. Panel A and B represent
partial results from one and twenty-two regressions, respectively. In Panel A we represent the average treatment effect of the baseline regression in column (3)
which was earlier reported in Table 3 column (1). In Panel B we represent coefficients (and standard errors) of the variables alloc home (a binary taking value 1
when the worker was randomly assigned to work from home) and the variable alloc home interacted with a dummy variable representing a relevant subgroup
in columns (3) and (4), respectively. The regression specification is given by equation 9. Across all regressions, the primary measure is the log of net speed. Net
speed is defined as the number of accurate characters typed per minute. The first two rows of panel B represent heterogeneity in the treatment effect explored on
the dimension of cost of commute to the office by dividing the entire sample into two groups, below- and above-average distance to travel to the office. Similarly,
subsequent rows show results from regression exploring heterogeneity within subgroups created on basis of proxy characteristics of the other five hypotheses.
Across both the panels, all regressions account for variation arising from the type of survey section being attempted, duration of employment, and the hiring
batch of the worker using section, week, and wave fixed effects respectively. Standard errors (in parentheses) are clustered at the individual level. *, **, and ***
denote statistically significant at the 10%, 5%, and 1% level, respectively. For all other specifications, the unit of observation is the survey task attempted. Despite
observations being at survey tasks or weeks, all regressions are re-weighted to give equal weight to all the workers.
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Table A.13: Heterogeneity in Selection on Treatment

(1) (2) (3) (4)
Panel A: Baseline Regression

Pref home*Alloc home

Baseline -0.14*
(0.082)

Panel B:Regressions with Heterogeneity
Hypothesis Characteristic Pref home*Alloc home Pref home*Alloc home*

sub group

Costs abv avg dist -0.02 -0.21
(0.11) (0.17)

LowDiscipline last min effrt yes -0.17 0.04
(0.11) (0.17)

high discount -0.14 0.00
(0.10) (0.16)

Status low fam income 0.09 -0.43**
(0.12) (0.17)

no prior off job -0.18* 0.11
(0.10) (0.18)

Outside Option fulltime pref -0.19 0.04
(0.17) (0.18)

commit prof asp -0.17* 0.07
(0.10) (0.19)

Home Pressure fam care -0.11 -0.73***
(0.09) (0.15)

married -0.11 -0.12
(0.09) (0.20)

child yes -0.07 -0.48**
(0.09) (0.21)

abv avg age -0.01 -0.37**
(0.10) (0.18)

Female Constraints female -0.22* 0.11
(0.13) (0.17)

female fam care -0.12 -0.80***
(0.09) (0.16)

female married -0.14 0.00
(0.09) (0.22)

female child -0.10 -0.31
(0.09) (0.22)

female old -0.13 -0.02
(0.10) (0.22)

Notes: This table contains results from various regressions that we run in order to explore the heterogeneity in selection on treatment effect. Panel A and B
represent partial results from one and twenty regressions, respectively. In Panel A we represent the selection on the treatment effect of the baseline regression in
column (3) which was earlier reported in Table 7 column (2). In Panel B we represent coefficients (and standard errors) of the variables pref home*alloc home
(a binary taking value 1 when the worker was randomly assigned to work from home and chose to work from home) and pref home*alloc home interacted with
relevant subgroup in columns (3) and (4), respectively. The regression specification is given by equation 7. Across all regressions, the primary measure is the log
of net speed. Net speed is defined as the number of accurate characters typed per minute. The first two rows of panel B represent the heterogeneity in selection
on treatment effect explored on the dimension of cost of commute to office by dividing the entire sample into two groups, below- and above-average distance to
travel to the office. Similarly, subsequent rows show results from regressions exploring heterogeneity within subgroups created on basis of proxy characteristics
of the other five hypotheses and the first principal component of the proxy group. Across both the panels, all regressions account for variation arising from the
type of survey section being attempted, duration of employment, and the hiring batch of the worker using section, week, and wave fixed effects respectively.
Standard errors (in parentheses) are clustered at the individual level. *, **, and *** denote statistically significant at the 10%, 5%, and 1% level, respectively. For all
specifications, the unit of observations is a survey task attempted. Despite observations being at survey tasks or weeks, all regressions are re-weighted to give equal
weight to all the workers.
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