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Abstract

This article presents evidence on peer effect heterogeneity among U.S. agricultural

workers. On average, we find that a 10% increase in peer productivity increases fo-

cal worker productivity by 2.3%. This effect is significantly modified by the ability

and gender of workers and peers. Exceptionally slow workers are least responsive to

peers and have pronounced negative spillovers on the productivity of their cowork-

ers – their presence decreases productivity by 2%. Contrarily, exceptionally fast work-

ers do not unilaterally affect their peers. Male workers are more responsive to male

peers than female peers, and vice versa; female workers are more responsive to fe-

male peers.
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Peer effects, or social interactions, play an important role in a variety of settings, rang-

ing from workplace productivity (Mas and Moretti 2009; Herbst and Mas 2015), to aca-

demic achievement (Hoxby 2000; Sacerdote 2001), to environmental preferences and en-

ergy conservation (Bollinger and Gillingham 2012). The factors that cause and moderate

peer effects are multifaceted. For example, peer effects can be the product of social com-

parison (Allcott 2011; Allcott and Rogers 2014), a redistribution of scarce resources (Lavy

et al. 2011), or competition within or across groups of similar individuals (Hill and Jones

2018; Bellemare et al. 2010; Kato et al. 2009). Likewise, peer influence can be moderated

by individual and social characteristics. For example, in the classroom, characteristics

such as student ability and gender have been shown to affect the magnitude of peer re-

sponsiveness (Lavy and Schlosser 2011; Lavy et al. 2012), but evidence is limited in other

settings. In the workplace, understanding the factors that underpin peer influence can

help employers leverage social networks and peer interactions to achieve more efficient

outcomes.

In this paper, we estimate the role of key individual characteristics in moderating peer

effects among U.S. agricultural workers. Although many studies estimate peer effects

mechanisms and heterogeneity in specific workplace settings (Mas and Moretti 2009; De

Grip et al. 2016; Amodio and Martinez-Carrasco 2018; Foster and Rosenzweig 1995; Con-

ley and Udry 2010), the results often cannot be extrapolated to other contexts. For ex-

ample, whether research scientists affect peers through transference of knowledge and

ideas rather than provision of financial or social capital (Azoulay et al. 2010) has little

relevance for agricultural workers. Here, we focus on heterogeneity that is relevant in all

workplaces. We examine the roles of ability and gender and find that both are signifi-

cant modifiers of the peer effect. We use a novel dataset consisting of daily productivity

measures for approximately 10,000 strawberry harvesters between 2010 and 2015. A ben-

efit of our study is that the measure of productivity is simple and easily observed – the
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number of strawberry flats delivered each hour. Moreover, workers in our setting harvest

in teams and are paid per unit of output, i.e. piece rate, which alleviates concerns about

workers free-riding on the productivity of others (Mas and Moretti 2009).

Our focus on peer effect heterogeneity is important for three reasons. First, our anal-

ysis of abilities has implications for optimal team formation and determining the value-

added by workers with different skills. Some work has focused on spillovers from ’su-

perstars’, or very productive workers, in specific industries (Brown 2011; Azoulay et al.

2010). However, very little work has considered effects from the opposite – very unpro-

ductive workers, or ’bad apples’.1 Our findings indicate that these very unproductive

workers are associated with the largest spillovers. We find that the presence of a ’bad ap-

ple’ worker decreases the productivity of peers by 2%, while the presence of a ’superstar’

worker does not have a significant effect.2 In fact, in our setting, ’bad apples’ are the only

workers that can unilaterally affect the productivity of their peers. We also find that peer

effects are generally decreasing in the ability of the focal worker, i.e. ’superstars’ are less

responsive to peers than medium-productivity workers. The exceptions to this are ’bad

apples’, who are least responsive to coworker productivity. This suggests that there is

a negative net effect from adding a very unproductive worker to a team – ’bad apples’

decrease the productivity of their peers and working alongside faster peers does little to

increase their productivity.

Second, our analysis of gender differentials has implications for workplace gender

equality. There is ample evidence that women in the workforce receive lower wages than

men (Blau and Kahn 2017), that women must work harder than men to achieve similar
1To the best of our knowledge, Murphy (2019) provides the only evidence on the effects of ’bad apples’

in the workplace. In a study of soldiers in the US Army, Murphy (2019) finds that working alongside peers
with criminal backgrounds increases the likelihood that a focal worker commits major misconduct. While
the definition of ’bad apples’ differs substantially in our setting, results are consistent.

2We define ’bad apple’ and ’superstar’ workers as those in the bottom and top deciles of the productivity
distribution, respectively.
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positions (Gorman and Kmec 2007), and that gender plays a role in educational peer

effects (Mouganie and Wang 2017). However, we are unaware of research that estimates

whether workers are more or less responsive to peers of their same gender. We find that

gender is a significant modifier of peer effects in the workplace. Results suggest that male

workers are more responsive to faster male peers than female peers. Similarly, female

workers are significantly influenced by the presence of faster female peers, but not by the

presence of faster male peers.3 Our results also indicate that male workers are generally

more responsive to peers than female workers. This aligns with previous findings that

males are more responsive to competition in the workplace (Hill and Jones 2018). Our

findings suggest that team formation and the ratio of females to males on a team can

contribute to gender productivity differentials in the workplace.

Third, our results have economically meaningful implications for farm workers and

managers. On average, we find that faster peers have positive productivity spillovers – a

10% increase in the average permanent productivity of peers causes the focal worker to

increase productivity by 2.8%. The productivity gains associated with a 10% increase in

the permanent productivity of peers can increase a worker’s take home pay by approxi-

mately $2,800 over a six month harvest season. Conversely, the presence of a ’bad apple’

worker in a peer group can decrease a worker’s take home pay by $2,000 over a six month

harvest season.

Our gender analysis reveals that more productive female workers can increase the

productivity of females, relative to males. This suggests that peer effects can play an im-

portant role in gender income disparities when workers are paid for productivity. A 10%

increase in the permanent productivity of female peers can increase the take home pay for

female and male workers by approximately $1,500 and $1,000, respectively. While a ten

3These results cannot be explained by workers sorting into crews of the same gender, because crews are
essentially randomly assigned at the beginning of the season.
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percent increase in the permanent productivity of male peers can increase the take home

pay for female and male workers by approximately $800 and $1,900, respectively. These

potential gains and losses are not only important for workers, but also for managers who

might seek to maximize profits, revenues, or productivity and are potentially interested

in minimizing workplace gender inequalities. Our findings indicate that agricultural em-

ployers can use team formation to achieve a variety of goals. For example, to increase

average productivity, the productivity of very unproductive workers, or the productivity

of a specific group of workers, e.g. women.

Our identification strategy follows Mas and Moretti (2009), and allows us to directly

address identification concerns that are a recurring theme in this literature (Angrist 2014;

Manski 1993). Our main estimate is modestly larger than those found in prior studies us-

ing this identification approach (Brune et al. 2019; Mas and Moretti 2009), suggesting that

U.S. agricultural workers are particularly susceptible to peer influence. We conduct sev-

eral robustness checks to systematically address common peer effect identification con-

cerns and show that our findings are precisely estimated and consistent across specifica-

tions.

This paper adds new evidence to the literature on peer effects in settings ranging

from teacher and student performance (Hoxby 2000; Sacerdote 2001; Jackson et al. 2019;

Azoulay et al. 2010; De Grip et al. 2016), to energy and water usage (Bollinger and Gilling-

ham 2012; Ayres et al. 2012; Costa and Kahn 2013; Dolan and Metcalfe 2015; Gillingham

and Tsvetanov 2018; Bollinger et al. 2018), to housing foreclosures (Towe and Lawley

2013) and medical decisions (Nair et al. 2010). Most directly, it contributes to the liter-

ature on peer effects in agriculture (Bandiera et al. 2010; Brune et al. 2019; Amodio and

Martinez-Carrasco 2018; Foster and Rosenzweig 1995; Conley and Udry 2010), and work-

place settings more broadly (Mas and Moretti 2009; Gould and Winter 2009; Arcidiacono

et al. 2017; Guryan et al. 2009; Jackson et al. 2019; Azoulay et al. 2010; De Grip et al. 2016).
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Several studies have evaluated peer effects among fruit and vegetable pickers in the UK,

Peru, and Malawi (Bandiera et al. 2010; Brune et al. 2019; Amodio and Martinez-Carrasco

2018), but to the best of our knowledge, none have focused on U.S. agricultural workers.

Our findings are also closely aligned with a series of papers that evaluate peer effects

in educational environments. Specifically, Lavy et al. (2011, 2012) show that ’bad apple’

students have the largest impact on average educational outcomes in classrooms, while

several papers indicate that low ability students are actually harmed by high ability stu-

dents (Feld and Zölitz 2017). Likewise, Gong et al. (2019); Lavy et al. (2012); Lavy and

Schlosser (2011) show that the proportion of girls in a classroom significantly increases

average educational outcomes. Combined, our results indicate that ability and gender

are important modifiers of peer effects across a range of settings.

The remainder of the paper proceeds as follows. We provide details on our setting,

outline our data sources, describe the data cleaning process and present summary statis-

tics in section 1. Section 2 presents our econometric models and identification assump-

tions. Section 3 presents results from our main specification, heterogeneity analysis, and

robustness checks. We provide a discussion of potential mechanisms in section 3. Finally,

we discuss our findings, their implications, and conclude in section 4.

1 Data

In this section, we outline the data sources used in this paper, provide context for how

workers are assigned to crews and fields, and explain how the worker productivity data

are collected. We then report summary statistics.

Our data come from two large strawberry-growing farms in California, one in south-

ern California and one in northern California. We study the productivity of the straw-
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berry workers (harvesters) on these farms during the 2010-2015 growing seasons.4 All

harvesters work in teams (crews) that are comprised of an average of 28.9 workers over

our sample period. Each day, all workers on a crew harvest in adjacent rows within the

same field. These crews define our peer groups.

There are four sources of variation in a worker’s peer group: worker entry, worker

exit, switching, and absenteeism. Farm management assigns workers to crews when they

first arrive to the farm, often at the beginning of the season. Prior to a worker’s first day in

the field they are assigned to a crew while filing paperwork at the farm’s human resources

office.5 Workers harvest with their assigned crew unless a different crew has a shortage

of workers. Variation in crew composition also comes from workers not showing up to

work (absenteeism). This is common in our setting because, as is the norm in the industry,

harvesters do not have contractual agreements with farms. There are no consequences for

missing days or weeks of work, giving harvesters full agency in their decision to work.6

To provide a sense of the variation in crews, on average, a crew has a net gain or loss of

1.89 people per day in our sample. Seventy-five percent of crew-day observations have a

net gain or loss of at least one person from one day to the next in our sample. Further, we

observe 29,752 unique crew-day observations and 22,139 unique combinations of workers

(roughly seventy-five percent of crew-day observations).

Each farm consists of multiple numbered fields. Fields are harvested on three and

four day rotations and are always harvested on the same days of the week, i.e. if a field

4The growing season spans March through December and a majority (86%) of the observations occur
between May and October. We include all months in the primary analysis, but our results are robust to
removing the tails (March, April, November, and December) from the sample.

5The needs of each crew determine the worker’s assignment. Crew assignment could result in biased
peer effect estimates if workers are strategically assigned to crews based on their productivity. This is not a
concern in our setting because farm management has no way of knowing the productivity of new workers.
We address this concern in more detail in section 2.

6Absenteeism could result in biased peer effect estimates if workers with similar productivities choose
not to work on the same days. Given our choice of fixed effects, this can only bias our estimates if only
some workers engage in this behavior some of the time. We address this concern in more detail in section
2.
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is harvested on Monday, it is harvested again on Thursday and the following Monday.

Crews are assigned to different fields each day. Importantly, crews are not assigned to

fields based on productivity. Instead, farm managers determine the number of workers

needed for each field each day and assign crews accordingly.7 Crews begin each day in a

corner of a field, and work their way through the field as the day progresses. Workers on

the same crew pick strawberries from the same or adjacent rows, creating opportunities

for social influence. Once an entire field is picked, the crew moves to a nearby unpicked

field. Rarely, the crew finishes early if all nearby fields have been picked.

The job of the harvester is to fill flats with strawberries.8 Once a harvester has finished

filling a flat, another worker scans the harvester-specific barcode on the side of the flat.

Our productivity measure is the number of flats scanned per worker per hour. Workers

are paid based on productivity, otherwise known as a piece rate. Each farm sets their own

piece rate and increases it periodically throughout the season. While there is temporal and

spatial variation in the piece rate, on a given day all workers on a farm receive the same

piece rate.

In some workplace settings, the peer effect can be confounded by a free rider problem.

Mas and Moretti (2009) outline the free riding problem in the context of grocery store

cashiers. They suggest that when total wages are not dependent on productivity, the

presence of faster workers can allow peers to slow down. In our context, each worker’s

income is a function of their own productivity. This removes the incentive to free ride.

For this reason, we expect the effect of peers to be larger in our setting compared with

studies of workers who paid by the hour.

7The inherent production possibility of fields varies across fields on a given day because plants mature
at different rates. To account for this variability, we employ a field-by-farm-by-day of the sample fixed
effect.

8Each flat holds eight of the one-pound strawberry clamshells that are found in the grocery store.
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1.1 Summary Statistics

Our data consist of the human resources and payroll records generated through the pro-

cess outlined above. Our data cleaning process involves removing the top and bottom

one percent of productivity observations, all workers who appear only once in the sam-

ple, and observations with missing values. Table 1 shows summary statistics from our

cleaned dataset.

The average worker harvests 6.89 flats per hour. Workers on farm 1 pick slightly faster

(6.9 flats per hour) than workers on farm 2 (6.8 flats per hour), but this difference is not

statistically significant. The number of workers in the peer group (i.e. average daily crew

size) is smaller on farm 1 than on farm 2 with 27 workers and 32.5 workers, respectively.

The average value of cumulative annual harvesting days (experience) is 60.5. Average

experience is higher on farm 1 than on farm 2, likely because the harvesting season is

longer on farm 1.9 Both farms have a majority male workers and the average age of

workers is roughly 28.

2 Empirical Strategy

Causal identification of peer effects is challenging because individual productivity on a

given day is often highly correlated with average team productivity.10 Here we detail our

empirical strategy for identification, discuss the underlying assumptions, and present

summary statistics on our measures of peer productivity.

Our empirical strategy builds on Mas and Moretti (2009) and identifies peer effects

using a two stage approach. In the first stage, we estimate the annual permanent pro-

ductivity of each worker, net of effects from peers, crews, fields, learning, and seasonal

9The difference in season lengths is due to farm location.
10For a discussion of the challenges to identifying peer effects see Angrist (2014).
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trends. In other words, for each farm and year, we generate a worker-specific fixed effect

θi using a regression of worker productivity on a matrix of control variables. This first

stage equation can be written:

log(Yifct) = θi +M′ζ + βNNfct + βXXit + γft + φc + εifct, (1)

where Yifct is the productivity in flats per hour of individual i on field f , in crew c, on

day of the sample t, Nfct is the number of workers on field f , in crew c, on day of the

sample t, Xit is the experience of worker i on day of the sample t,11 and the terms γft

and φc are field-by-day of the sample fixed effects and crew fixed effects, respectively.

In our analysis, we effectively treat each worker, field, and crew as distinct across farms

and years. Although each individual receives a unique ID that is tied to a social security

number, for this population of workers, this is not necessarily a reliable way to track indi-

viduals from year-to-year or farm-to-farm. Moreover, due to temporal and geographical

variation in weather, strawberry varieties, crew supervisors, and time-varying worker co-

variates, we define workers, fields, and crews at the year-farm level so that in practice, θi

is a individual-by-year-by-farm fixed effect, γft is a field-by-farm-by-day fixed effect, and

φc is a crew-by-year-by-farm fixed effect.

The field-by-day of the sample fixed effects control for time-variant field characteris-

tics that might affect worker productivity. This absorbs effects from daily weather pat-

terns and other unobserved shocks that might affect the daily harvest abundance of each

field. The crew fixed effects control for time invariant crew characteristics that might af-

fect worker productivity. For example, this absorbs effects from supervisors because they

are assigned to the same crew number for the entirety of a harvest season.

11A worker’s experience is defined as the cumulative number of days the worker has harvested for the
farm during that season.12 For example, Xit = 5 indicates that on day of the sample t, worker i has
harvested 5 days.
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Finally, ζ is a matrix that includes a dummy variable for each possible coworker (j ∕= i)

in the sample. Each dummy variable is equal to 1 if a particular coworker j, was working

with individual i on field f in crew c on day of the sample t, and zero otherwise. In prac-

tice, ζ is a series of coworker fixed effects, which controls for the effect of each possible

coworker on the productivity of worker i.13 The vector M contains parameters for each

coworker fixed effect contained in ζ. Importantly, Equation 1 produces estimates of the

individual fixed effects (permanent productivity) for each year, θi, net of the influence

of peer interactions (via M), time-variant field conditions (via γft), time-invariant crew

characteristics (via φc), crew size (via Nfct), and learning (via Xit). These permanent pro-

ductivity measures are analogous to relative measures of worker ability, so we use these

terms interchangeably.

We use the measures of individual permanent productivities from Equation 1 to con-

struct our measure of peer productivities, θ̄−ifct. This term is defined as the average per-

manent productivity of all harvesters who were working with individual i on field f , in

crew c, on day of the sample t, excluding worker i. This can be written:

θ̄−ifct =

!
j ∕=i θj · 1(presentjfct)

Nfct − 1
, (2)

where Nfct − 1 is the number of coworkers in worker i’s peer group on day t (i.e. the

total number of workers on the crew minus worker i), θj are the permanent productivity

measures from the first stage regression, and 1(presentjfct) is an indicator equal to one if

coworker j is working with individual i on field f , crew c, and day of the sample t. In

other words, θ̄−ifct is the mean permanent productivity of worker i’s peers on any given

13Mas and Moretti (2009) include a vector of all possible interactions of coworkers, which is computation-
ally difficult in our setting because we have a large number of possible coworkers and a large number of
unique coworker combinations. The number of harvesters we observe within a farm and year ranges from
415 to 1,781 and 75% of our crew-day observations contain unique peer combinations. Moreover, a priori,
it is unclear whether the coworker or the mix of coworkers has a larger effect on worker productivity.
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day.

With θ̄−ifct in hand, we estimate the average spillover effects from peers in the work-

place. This second stage regression uses changes in the composition of a worker’s peer

group (i.e. daily changes in θ̄−ifct) to identify peer effects on productivity. This equation

can be written:

log(Yifct) = αi + βθ̄−ifct + βNNfct + βXXit + γft + φc + εifct, (3)

where αi is a worker-specific fixed effect and all other variables are as defined for Equa-

tion 1.14 We bootstrap over the entire procedure, clustering at the crew level to control

for correlation in the errors within crews, because our main predictor variable, θ̄−ifct, is

produced from first stage estimates. The bootstrap procedure is outlined in Appendix B.

2.1 Identification

There are three main challenges in identifying peer effects (Manski 1993; Brock and Durlaf

2001; Moffitt 2001; Hartmann et al. 2008). The first is simultaneity, which suggests that

coworker productivity may influence individual productivity just as individual produc-

tivity may influence coworker productivity. This is primarily a concern when estimating

effects of contemporaneous peer behavior on focal worker behavior. Our empirical strat-

egy addresses this concern through the two-stage estimating procedure. Namely, in the

first stage we generate estimates of peer ability that remove coworker influence (Equation

1). In the second stage we use these ability measures to estimate effects of the average

ability of peers on the focal worker’s productivity (Equation 3). This procedure follows

multiple papers in the recent literature, notably Mas and Moretti (2009) and Brune et al.

14The term αi is essentially the same as θi in Equation 1, however, it is imprecise to define them as the
same variable, since they are estimated in two different models.
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(2017).15

Many papers use lagged peer group variables to demonstrate that peer effect estimates

are not caused by simultaneity (Bayer et al. 2016; Towe and Lawley 2013; McCartney and

Shah 2018). The intuition for this approach is that coworker productivity in the future

should not influence peers in the present. In fact, Bollinger et al. (2018) show that in some

settings, even lagged peer effect estimates may be confounded by serial correlation. In the

present setting, this would be true if changes in the average permanent productivity of

the peer group were serially correlated. To address this concern, we construct estimates

of lagged and lead peer effects. This equation can be written:

log(Yifct) = αi +
k=5"

k=−5

βkθ̄−ifc(t+k) + βNNfct + βXXit + γft + φc + εifct, (4)

where θ̄−ifc(t+k) is the average permanent productivity of worker i’s peers on day t + k,

i.e. k workdays in the future. The terms β−1, ..., β−5 represent the lagged effects of peer

productivity and the terms β1, ..., β5 represent the lead effects. Strong evidence against

serial correlation in our predictive variables of interest are lagged and lead effects near

zero. Our results are generally consistent with this and are discussed in section 3.

The second identification challenge is self-selection of peers or homophily, which

could be a threat to our identification strategy if workers with similar permanent produc-

tivity levels sort into peer groups. The employer in our setting attempts to assign workers

to crews randomly as they arrive at the farm. Despite this, it is possible that some workers

self-select into specific crews, and ultimately develop relationships that could impact our

estimates of peer effects. We address this concern with worker and crew fixed effects. The

worker fixed effects capture the annual preferences (perhaps for working in a particular

crew) and annual average productivity of each worker. The crew fixed effects control for

15The main disadvantage to this method is that we cannot identify effects from short-term changes in
peer productivity, such as a coworker having an exceptionally good or bad day.
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characteristics of each crew that are constant within a growing season and thus capture

effects from self-selection or sorting behavior.

The third identification challenge is correlated unobservables, which consists of all

other possible confounding variables that may simultaneously influence a worker and

their peers. For example, short-term weather shocks, such as extreme heat, may impact

the short-term productivity of the individual and the peers, but such correlation would be

due to the weather conditions rather than peer effects. We control for short-term shocks

that are common to all workers through the field-by-day of the sample fixed effects, crew

fixed effects, and more generally by using permanent productivity as our measure of

peer influence. We control for longer-term correlated unobservables, such as high and

low agricultural production periods (i.e., summer and fall) through the farm-by-day of

the sample fixed effects.

There are two potential avenues through which remaining correlated unobservables

can bias our estimates of peer effects. Both require unreasonable expectations on the

knowledge of employers and workers. The first would arise if employers strategically

assign high productivity workers to crews on days where the coworkers are more pro-

ductive than the average for the crew, and vice versa for low productivity workers. The

second might arise through worker absenteeism – if high productivity workers only show

up to work when they know productivity will be high, which could bias our estimates

upwards. However, given our inclusion of farm-by-day of sample and crew fixed effects,

this can only bias our estimates if only some workers engage in this behavior some of the

time. Both of these potential threats require accurate expectations on the future produc-

tivity of workers and crews, which is very unlikely in our setting.

Another identification concern in our setting relates to the definition of the peer group.

Thus far we have made the assumption that crews work in isolation. If the boundaries

of the crew picking territory overlap, then it is possible that workers from different crews
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may interact throughout a day. However, crew location is random and thus random inter-

actions with workers from different crews should only introduce noise in our estimates.

Finally, one might be concerned that changes in individual productivity depend on the

individual’s experience, the number of coworkers in the peer group, and the ability and

gender composition of the peer group relative to the ability and gender of the individual.

We directly control for experience and peer group size via X and N , and we explore the

effects of ability and demographics on the peer effect in sections 3.1 and 3.2.

2.2 Permanent Productivity Summary Statistics

Figure 1 shows the distribution of all worker permanent productivities estimated fol-

lowing Equation 1. For comparison, figure A.1 in Appendix A shows the distribution

of permanent productivities separately for female and males workers. The figures show

there is substantial variation in worker permanent productivities and demonstrate that

the dispersion is similar for females and males. For the entire sample, the 90-10 percentile

differential in the estimated fixed effects is 0.68, indicating that the top part of the produc-

tivity distribution is almost 70% more productive than the bottom.16

Table 2 shows summary statistics for worker and peer permanent productivities, and

for each of the variables generated for the heterogeneity analyses. By construction the

individual fixed effect and coworker permanent ability are roughly mean zero. The slow-

est peer in each peer group has, on average, a permanent productivity below the sample

average and the fastest peer has a permanent productivity above the sample average.

’superstars’ and ’bad apples’ are defined as workers in the top and bottom deciles of the

permanent productivity distribution, respectively. 11.5 percent of worker-day observa-

16This variation is larger than found in prior work using this methodology. For example, Mas and Moretti
(2009) find that the top part of the productivity distribution is 30% more productive than the bottom. This is
consistent with expectations given differences in the worker tasks – harvesters likely have more flexibility
in adjusting their productivity than cashiers in a grocery store.
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tions are ’superstars’ and 7.1 percent are ’bad apples’. This indicates that ’superstars’

work more days than other workers while ’bad apples’ work fewer days.17 Finally, on

average, males have higher permanent productivities than females, but this difference is

not statistically significant.

3 Results

In this section, we present our results and main robustness checks. We begin with our

estimates of average peer effects. We then evaluate heterogeneity based on worker ability

and gender. Finally, we show results from alternative specifications to demonstrate the

robustness of our results.

Table 3 shows results from estimating Equation 3. These estimates give the effect of

mean coworker permanent productivity on the productivity of a focal worker. Column 1

includes all fixed effects but no time-varying controls. Column 2 is our preferred specifi-

cation and includes all fixed effects and time-varying controls including experience and

the number of workers in the peer group. The additional control variables modestly de-

crease the magnitude of the peer effect, but the difference is not statistically significant.

In our preferred specification we estimate that a 10% increase in the mean coworker per-

manent productivity causes a 2.8% increase in the productivity of a focal worker. We find

that crew size (number of workers) is negatively correlated with productivity and that a

worker’s experience (cumulative days picking each season) is positively correlated with

productivity.

Consistent with expectations, our peer effect estimate is larger than those in many

other workplace settings workplace settings (Herbst and Mas 2015). As is the norm for

many tasks in U.S. agriculture, workers in our setting are paid an individual piece rate,

17Note that if all harvesters worked the same number of days, 10% of worker-day observations would be
’superstars’ and 10% would be bad apples.
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mitigating concerns of free-riding that can arise under hourly pay. Prior work suggests

that peer effects under this compensation policy are likely to be larger (Mas and Moretti

2009). In a similar setting – piece rate-paid fruit harvesters on a farm in the UK – Bandiera

et al. (2010) find that a ten percent increase in peer productivity causes a focal worker to

increase speed by four percent. This estimate is not statistically significantly different

from our own.

3.1 Ability and Peer Effects

Our main specification indicates that workers respond to the mean productivity of their

peer group. In this subs, we consider whether worker and peer ability modify this effect.

We test whether workers of higher ability are more or less influenced by peer productivity,

whether coworkers with similar abilities can unilaterally affect productivity, and whether

workers respond to their slowest or fastest peers.18

Column 1 of table 4 shows results from estimating our primary model, Equation 3, but

interacting mean peer permanent productivity (θ̄−ifct) with a dummy variable indicating

whether the focal worker, worker i, has above average permanent productivity, where

the average is taken over all workers in the sample (1(θi > 0)).19 If workers at the higher

end of the permanent productivity distribution have less room for improvement, then we

would expect these workers to be impacted less by their peers than below average work-

ers. Our findings corroborate this hypothesis. We find that a ten percent increase in mean

peer permanent productivity causes below average workers to increase productivity by

3.4% and above average workers to increase productivity by significantly less, 2.5%.20

18Importantly, this subsection also tests concerns about functional form. For example, one might be
concerned that our primary specification assumes that the average peer productivity is the driving force
behind peer effects. However, a better specification might be the productivity of the slowest and fastest
workers.

19Note, the mean of the worker fixed effects is approximately zero.
20We provide additional evidence on this in column 1 of table A.1 in the appendix. This shows results

from interacting mean peer permanent productivity with a dummy variable indicating that the permanent
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Column 2 of table 4 shows results from estimating our primary model but interacting

mean peer permanent productivity (θ̄−ifct) with two separate dummy variables, one in-

dicating whether the focal worker falls into the top (’superstar’) decile of the permanent

productivity distribution (figure 1), and one indicating whether the focal worker falls into

the bottom (’bad apple’) decile of the permanent productivity distribution. Consistent

with results from the above average specification in Column 1, we find that ’superstars’

are statistically significantly less responsive to peers. We also find evidence that very

unproductive workers are statistically significantly less responsive to peers. This some-

what surprising result implies that positive spillovers from peers are concentrated among

workers in the middle 80% of the permanent productivity distribution.

Figure 2 shows results from estimating our primary model and interacting mean peer

permanent productivity with a series of dummy variables indicating whether the focal

worker falls into each decile of the productivity distribution.21 We find that workers in the

10th to 90th percentiles of the productivity distribution are the most responsive to peers,

while ’bad apples’ are the least responsive. This suggests that team formation is likely not

the most efficient mechanism for raising the productivity of the least productive workers.

Next, we turn our attention to heterogeneity in peer effects based on peer abilities,

rather than the ability of the focal worker. Column 3 of table 4 shows results from esti-

mating our primary model but replacing mean peer permanent productivity with indica-

tor variables for the presence of ’superstars’ and ’bad apples’ in the peer group. We find

that the peer ’superstar’ does not statistically significantly affect the productivity of the

focal worker, but the peer ’bad apple’ does – the presence of a ’bad apple’ causes the fo-

productivity of worker i is greater than that of her peer group on day t, defined as ((1(θi > θ̄−ifct)). Again,
the coefficient on the interaction term is negative and significant at the 5% level. This provides further
evidence that higher productivity workers are less effected by their peers.

21In other words, we create dummies indicating whether the focal worker’s permanent productivity is
within each decile of the permanent productivity distribution displayed in figure 1, and we interact those
dummies with θ̄−ifct.
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cal worker to decrease productivity by 2 percent. These findings indicate that individual

workers can affect peer productivity. This holds for very slow workers, who lower the

productivity of their peers, but not for very fast workers, who cannot unilaterally raise

the productivity of their peers.

Figure 3 shows results from estimating a model that includes indicator variables for

the presence of coworkers in each decile of the productivity distribution in place of mean

peer permanent productivity.22 We find that ’bad apples’ are the only group of workers

that unilaterally affect their peers. This provides further evidence that ’bad apple’ work-

ers have large negative externalities on team productivity.23

Finally, we test the assumption that workers respond to the mean productivity of their

peers against an alternative model in which peers respond to changes in the productivity

of the slowest or fastest workers in their peer group. Column 4 of table 4 shows results

from replacing mean peer permanent productivity with the permanent productivity of

the fastest and slowest peers.24 We find that increases in the permanent productivity of the

fastest and slowest peers statistically significantly increase the productivity of the focal

worker. These coefficients capture effects from changes in the most and least productive

workers in a peer group. For example, replacing the least productive worker on a crew

with a worker who has a 10% higher permanent productivity causes the focal worker to

increase productivity by 0.3 percent. An alternative conceptualization of this coefficient

is that it can reflect the positive productivity spillovers from a ’bad apple’ exiting a peer

group.25

22In other words, this specification includes indicator variables for whether a peer group contains at least
one member with permanent productivity in a given decile of the permanent productivity distribution.

23Note that this does not contradict the main finding that increases in average peer productivity increase
the productivity of the focal worker. This specification abstracts from effects from average team composi-
tion and, instead, tests whether peers of particular abilities can unilaterally affect productivity.

24This specification includes the minimum and maximum values of the permanent productivity of
worker i’s peers as predictors.

25In a specification that additionally controls for mean peer permanent productivity, the coefficients on
the slowest and fastest peers shrink toward zero. This provides additional evidence that our main specifi-
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3.2 Gender and Peer Effects

In this subsection, we estimate our primary model but interact the mean peer permanent

productivity variable (θ̄−ifct) with variables related to the gender of the focal worker and

peer group. Table 5 shows results from these specifications. Column 1 shows results

from estimating our primary model but interacting mean peer permanent productivity

with an indicator for whether the focal worker is male (1(i = Male)). We find that males

are statistically significantly more responsive to peer productivity than females. A 10

percent increase in mean peer permanent productivity causes male workers to increase

productivity by 3 percent and female workers to increase productivity by 2.6 percent. If

one is willing to assume that peer effects are a form of competition, then this finding also

corroborates previous work that indicates females are less responsive to competition that

males (Hill and Jones 2018).26

Next we separate mean peer permanent productivity into the mean permanent pro-

ductivity of females and males in the peer group. Column 2 of table 5 shows results

from estimating our primary model with these two variables in place of the total mean

peer permanent productivity. We find that workers increase productivity by 1.1 and 1.6

percent in response to a ten percent increase in the mean permanent productivity of fe-

male and male coworkers, respectively. These coefficients suggest that workers are more

responsive to males than females, but the difference is not statistically significant.

Column 3 of table 5 shows results from estimating the previous model model (in col-

umn 2 of table 5), but interacting the measures of mean female and male permanent pro-

ductivities with indicators for the focal worker’s gender.27 In doing so, we test whether

cation is an accurate parameterization of the peer productivity relationship.
26An alternative hypothesis is that there are more males than females in the peer group and thus the peer

effect is dominated by male-to-male interactions. Our ability regressions show that the productivity of even
one worker (e.g., a bad apple) can affect a focal worker’s productivity. Therefore, it is unlikely that these
results are driven by the gender composition of the peer group.

27This is equivalent to including mean female and male permanent productivities and interacting each
with a dummy variable indicating that the focal worker is male, but coefficient interpretation is simpler in
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males respond more to the permanent productivity of other males in their peer group,

and whether females response more to the permanent productivity of other females in

their peer group. We find that workers are most responsive to peers of the same gender.

A female focal worker increases productivity by 1.5% in response to a 10% increase in the

mean permanent productivity of female peers but does not statistically significantly re-

spond to the mean permanent productivity of male peers.28 Likewise, a male focal worker

increases productivity by 1.9% and 1.0% in response to a 10% increase in the mean male

and mean female permanent productivities, respectively.29 The results also indicate that

female focal workers are more responsive to female permanent productivity than male

focal workers, and male focal workers are much more responsive to male permanent pro-

ductivity than female focal workers.

To tie together our results for gender and ability, we also estimate models to test

whether females and males respond differently to ’bad apples’ in the peer group, or

whether female and male ’bad apples’ have differential effects on focal worker produc-

tivity. We do not find statistically significant differences across gender along either of

these dimensions. Interestingly, Lavy et al. (2012) also finds that ’bad apple’ peers in the

classroom do not disproportionately affect boys or girls.

3.3 Robustness Checks

Our primary assumption is that changes in the day-to-day composition of workers in

worker i’s peer group are orthogonal to changes in the productivity of worker i. This

assumption would be violated if, for example, the removal or addition of crew members

is correlated with the expected productivity of worker i. We have no evidence that this

our approach.
28The estimate of a female workers responsiveness to mean male permanent productivity (0.8%) is not

statistically significantly different from zero.
29s tests for differences across these coefficients reveal that differences across the coefficients are not sta-

tistically significant at conventional levels.
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is the case, as employers do not know the expected productivity of new employees when

making crew assignments.

More broadly, the assumption would be violated if the mean permanent productiv-

ity of each crew is serially correlated over time. This could lead to spurious estimates

of peer effects. We look for evidence of serial correlation by estimating the impact of

lagged and future crew permanent productivity on the productivity of worker i, follow-

ing Equation 4. We show results from estimating Equation 4 in figure 4. We find that the

contemporaneous peer effect is large, positive, and statistically significantly above the

lagged and lead effects. This suggest that our results are not driven by serial correlation.

In a final application, we examine effects from mean peer permanent productivity

interacted with the number of workers in the peer group, a worker’s experience, tem-

perature, precipitation, and a worker’s age. Results provide additional evidence on the

robustness of our estimates to alternative specifications and on our consistency with prior

work. We show results from these specifications in tables A.1, A.2, and A.3 in Appendix

C.

Generally, we find that the number of peers in the crew, temperature, and precip-

itation do not change our peer effect estimate. However, peer effects decrease with age

(column 1 of table A.3) and increase with experience (column 3 of table A.1). One possible

explanation for the significant changes in peer responsiveness due to experience is that

workers who have been at the farm for a longer period have stronger relationships with

their coworkers. This would be consistent with prior work that has shown peer effects

to be larger within social networks (Bandiera et al. 2010). Another possible explanation

is that experience is a proxy for learning (Brune et al. 2017), which would indicate that

individuals are not only motivated by their peers but also learn from them.
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4 Mechanisms

There is a large literature on the role of peer effects, and particularly gender and ability

peer effects in the classroom, but very little evidence in the workplace. For example, there

is ample evidence that increases in the proportion of girls in a classroom increases average

educational outcomes (Gong et al. 2019; Lavy et al. 2012; Lavy and Schlosser 2011). This

suggests that gender plays an important role in moderating peer effects in the classroom.

Outside of the classroom, Mouganie and Wang (2017) show that young women in China

who are exposed to more female peers in mathematics are more likely to choose science

tracks in high school, while exposure to male peers in mathematics has the opposite effect.

Our results on gender peer effects tell a similar story in a completely different set-

ting, however the mechanisms are potentially quite different. In the classroom, a higher

proportion of girls reduces classroom disruption and violence, improves inter-student

and student-teacher relationships, and lessens teacher fatigue (Lavy and Schlosser 2011).

Outside of the classroom, other mechanisms are likely at play. One possibility is that

workers within a crew choose to work nearest to similar peers, i.e. homophily. If this is

the case, our results indicate that workers in our setting sort into groups based on gender,

and that peer effects are strongest within these groups. However, in other settings, in-

tergroup competition has been found to be a larger driver of peer effects than intragroup

competition (Kato et al. 2009). While there is clear evidence that sorting exists in many

settings, it remains unclear whether workplace peer effects are strongest within or across

groups of similar individuals.

Another possible mechanism is competition. Prior work has found that females tend

to respond poorly to competitive pay structures, such as piece rate (Hill and Jones 2018;

Niederle and Vesterlund 2007). If competition is driving peer effects in our setting, then

our gender results suggest that females do not compete with males and males compete
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more strongly with males than females.

Another strand of research shows that average peer productivity in the classroom is

less important than the presence of an exceptionally low ability peer (Lavy et al. 2011,

2012). The low ability student takes a disproportionately large share of the teaching re-

sources by diverting teacher attention. In a setting where bosses work directly with em-

ployees, a particularly bad employee could similarly divert a boss’s attention from the rest

of the group. This could be the case in our setting as field managers work directly with

teams of pickers, which could explain the large negative spillovers from ’bad apples’.

5 Discussion and Conclusion

This article examines several dimensions of workplace peer effect heterogeneity that are

not fully understood in existing literature. Our findings indicate that workers are par-

ticularly responsive to very unproductive peers, or ’bad apples’, and peers of the same

gender. We also find that ’bad apple’ and ’superstar’ workers are less influenced by their

peers, compared with medium productivity workers.

An important question is whether the peer effects estimated in this article have impli-

cations for farm performance, optimal team formation, and gender inequality. Here we

discuss our findings and their implications for these three outcomes. To summarize, we

find that peer effects have a net positive effect on farm productivity, farms can maximize

productivity by assembling teams based on worker abilities and gender (though there

are likely more effective mechanisms for increasing productivity), and increases in the

proportion of females in the workforce can increase female incomes.

Peer effects likely increase the productivity of some workers and decrease the pro-

ductivity of others, making it difficult to isolate a net effect on aggregate productivity

(Bandiera et al. 2010). Nonetheless, we can gain some insight into the net productivity
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effect by comparing worker productivity with peer effects (the predicted values from our

primary regression, column 2 of table 3) to the predicted productivity of workers had they

not been influenced by peers. To find the latter value, we subtract the productivity com-

ponent from the predicted productivity of each worker (the peer variable multiplied by

its corresponding coefficient in column 2 of table 3). We find that in the absence of peers,

workers would pick 0.093 fewer flats per day, which equates to roughly 4,300 fewer flats

picked per farm per year. While we realize that workers will never work in complete iso-

lation, these figures show that on average, social interaction accounts for approximately

0.1% of the total productivity of workers. Thus, to increase productivity, pecuniary incen-

tives are likely much more effective than reorganizing the labor force.

These net effects have important implications for workers as well. The presence of a

’bad apple’ worker in a peer group can reduce a worker’s take home pay by 2% per day.

Over a six month season, this aggregates to a reduction of a worker’s total wages of over

$2,000, which could be substantial for families that are simply trying to makes ends meet.

On the other hand, being in an especially productive peer group can have the opposite

effect: a 10% increase in the permanent productivity of peers could increase a worker’s

take home pay by approximately $2,800 over a six month season. These findings are not

lost on agricultural workers as Brune et al. (2017) show that workers prefer to work next

to higher productivity peers.

The heterogeneity findings also have broader implications for team formation and

gender inequality in the workplace. Our findings suggest that one productivity maxi-

mizing strategy can be to assign the least productive males to teams with a majority of

females (and vice-versa for assigning female workers). Future work might directly exam-

ine effects from an assignment scheme such as this.

Additionally, our findings suggest that as the proportion of females in the workforce

increases, female productivity and female incomes (under piece rate payment schemes)
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will rise. Our findings suggest that a ten percent increase in the permanent productivity of

female peers can increase the seasonal pay for female and male workers by approximately

$1,500 and $1,000, respectively. A ten percent increase in the permanent productivity of

male peers can increase the seasonal pay for female and male workers by approximately

$800 and $1,900, respectively. The aggregate effects on productivity and earnings depends

on the gender composition of the workforce. As the proportion of females in the work-

place rises, the productivity gains from introducing faster females begins to outweigh the

gains from introducing faster males. Our peer effects estimates suggest that when the

workforce is comprised of more than (approximately) 55% females, gains from increases

in the permanent productivity of females outweighs the gains from increases the perma-

nent productivity of males. This is particularly relevant in the context of U.S. agricultural

workers, as recent statistics indicate that the proportion of females in the workforce is

rising (Hertz 2019).s

The gender differentials we identify also have important implications in other work-

places. In a recent report, the American Economic Association found that only 20% of

women (40% of men) are satisfied with the overall climate within the field of economics.30

The report indicates that women are much less likely to feel valued within the field and

much less likely to feel included socially. We find striking similarities in a completely dif-

ferent setting: male agricultural workers are significantly less responsive to female agri-

cultural worker productivity. Thus, our findings point to a much larger problem in that

the productivity of women in a variety of positions across a variety of fields is less valued

by men than the productivity of men in those same positions. Further, our findings sug-

gest that in workplaces with gender imbalances, the minority gender is at a productivity

disadvantage. This is again relevant and problematic when viewed in the lens of the eco-

nomics profession – roughly 14% of professors in PhD granting economics departments

30https://www.aeaweb.org/resources/member-docs/final-climate-survey-results-sept-2019

25

https://www.aeaweb.org/resources/member-docs/final-climate-survey-results-sept-2019


are female.31

31https://www.aeaweb.org/content/file?id=6388
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6 Tables & Figures

Table 1: Summary Statistics
Farm 1 Farm 2 Total

Productivity (flats/hour) 6.936 6.773 6.886
(3.391) (3.026) (3.284)

Number of Peers in Peer Group on Day t 27.08 32.48 28.75
(6.588) (8.606) (7.687)

Experience (days worked that year) 62.39 56.37 60.53
(47.04) (40.48) (45.21)

Gender 0.655 0.761 0.688
(0.475) (0.426) (0.463)

Age 29.54 27.04 28.77
(7.966) (7.266) (7.843)

Observations 433545 193651 627196

Notes: This table presents summary statistics by farm. Gender = 1 for
Male and 0 for Female. Standard errors in parentheses.
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Table 2: Summary Statistics on Permanent Productivities
Farm 1 Farm 2 Total

Individual Fixed Effect -0.000411 0.0201 0.00588
(0.256) (0.265) (0.259)

Mean Coworker Permanent Productivity -0.000314 -0.00118 -0.000581
(0.160) (0.0590) (0.137)

Permanent Productivity of Fastest Peer 0.382 0.512 0.422
(0.198) (0.181) (0.202)

Permanent Productivity of Slowest Peer -0.426 -0.561 -0.467
(0.236) (0.199) (0.234)

Superstar 0.108 0.131 0.115
(0.310) (0.338) (0.319)

Bad Apple 0.0622 0.0652 0.0631
(0.242) (0.247) (0.243)

Peer Superstar 0.714 0.884 0.766
(0.452) (0.320) (0.423)

Peer Bad Apple 0.567 0.812 0.642
(0.496) (0.391) (0.479)

Mean female peer permanent productivity -0.0421 -0.0256 -0.0371
(0.174) (0.133) (0.163)

Mean male peer permanent productivity 0.0237 0.0308 0.0259
(0.161) (0.0824) (0.142)

Observations 432183 191385 623568

Notes: This table presents summary statistics on the worker-specific fixed effects
estimated in the first stage regression (Equation 1) and the variables generated
using these fixed effects. Standard errors in parentheses. The number of obser-
vations is smaller than in Table 1 because the mean female and male permanent
productivity terms are missing if a worker’s peers are all one gender. Note that
this removes 3,628 observations from the sample.
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Table 3: Primary Regressions
(1) (2)

Mean peer permanent productivity 0.35∗∗∗ 0.28∗∗∗

(0.07) (0.06)
Number of workers -0.04∗∗∗

(0.00)
Experience 0.05∗∗∗

(0.01)
Observations 627196 627196
Adjusted R2 0.91 0.92
Farm X Field X Day of Sample FE Y Y
Individual X Year FE Y Y
Crew FE Y Y

Notes: The unit of observation is the worker-day. The de-
pendent variable is logged productivity. Standard errors
are bootstrapped clustered at the crew level. *** indicates
1% significance, ** indicates 5% significance, * indicates
10% significance.
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Table 4: Heterogeneity in Productivity
(1) (2) (3) (4)

Above
Average

Superstar
/Bad Apple

Peer Superstar
/Bad Apple

Slowest
& Fastest

Mean peer permanent productivity 0.34∗∗∗ 0.31∗∗∗

(0.07) (0.06)
Above average X Mean peer permanent productivity -0.09∗∗∗

(0.02)
1(Superstar) × Mean peer permanent productivity -0.12∗∗∗

(0.04)
1(Bad apple) × Mean peer permanent productivity -0.15∗∗∗

(0.03)
1(Peer superstar) 0.02

(0.02)
1(Peer bad apple) -0.02∗∗

(0.01)
Permanent productivity of fastest peer 0.02∗∗∗

(0.00)
Permanent productivity of slowest peer 0.03∗∗∗

(0.01)
Observations 627196 627196 627196 627196
Adjusted R2 0.92 0.92 0.92 0.92
Farm X Field X Day of Sample FE Y Y Y Y
Individual X Year FE Y Y Y Y
Crew FE Y Y Y Y
Controls Y Y Y Y

Notes: The unit of observation is the worker-day. The dependent variable is logged productivity. Standard
errors are bootstrapped clustered at the crew level. The first column shows results from a interacting peer
permanent productivity with a dummy variable indicating if the focal worker has above average permanent
productivity. The second through fourth columns show results for specifications using indicators for whether
workers are in the top (superstars) or bottom (bad apples) ten percent of the ability distribution. The second
column shows the effect of mean peer permanent productivity interacted with indicator variables equal to 1
if the focal worker is a ’superstar’ or ’bad apple’. The third column includes indicators equal to 1 when the
focal worker is working alongside a ’superstar’ or ’bad apple’. The fourth column includes the permanent
productivity of the slowest and fastest worker in the peer group in place of mean peer permanent productivity.
Additional controls are experience and number of workers in the crew. *** indicates 1% significance, ** indicates
5% significance, * indicates 10% significance.
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Table 5: Gender Regressions
(1) (2) (3)

Own Peer Peer and
Gender Gender Own Gender

Mean peer permanent productivity 0.26∗∗∗

(0.05)
M × Mean peer permanent productivity 0.04∗∗∗

(0.01)
Mean female peer permanant productivity 0.11∗∗∗

(0.04)
Mean male peer permanant productivity 0.16∗∗

(0.06)
F × Mean female peer permanant productivity 0.15∗∗∗

(0.04)
F × Mean male peer permanant productivity 0.08

(0.06)
M × Mean female peer permanant productivity 0.10∗∗

(0.04)
M × Mean male peer permanant productivity 0.19∗∗∗

(0.07)
Observations 627196 623548 623548
Adjusted R2 0.92 0.92 0.92
Farm X Field X Day of Sample FE Y Y Y
Individual X Year FE Y Y Y
Crew FE Y Y Y
Controls Y Y Y

Notes: The unit of observation is the worker-day. The dependent variable is logged
productivity. Standard errors are bootstrapped clustered at the crew level. Additional
controls are experience and number of workers in the crew. Column 1 interacts mean
peer permanent productivity with a dummy variable equal to 1 if the focal worker
is a male. Column 2 separates the mean peer permanent productivity into the mean
permanent productivity of the males in the peer group and the mean peer permanent
productivity into the mean permanent productivity of the females in the peer group.
Column 3 interacts the gender of the focal worker with the mean male and female
permanent productivity. *** indicates 1% significance, ** indicates 5% significance, *
indicates 10% significance.
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Figure 1: Distribution of workers’ permanent productivity

38



Notes: This graphs displays the results of a regression that interacts mean peer permanent
productivity with dummy variables that indicate the decile of the permanent productiv-
ity distribution that the focal worker’s permanent productivity falls within. The solid line
shows the coefficients on the indicator variable interaction terms. Dashed lines show 95%
confidence intervals. Standard errors are bootstrapped clustered at the crew level. The fig-
ure shows that, with the exception of workers in the bottom decile (’bad apples’), higher
ability workers tend to be less responsive to peers. ’Bad apple’ workers are the least re-
sponsive to peers.

Figure 2: Response to peers for workers of different abilities
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Notes: This graph displays the results of a regression that replaces mean peer permanent
productivity with dummy variables indicating the presence of a coworker belonging to
the indicated percentiles of the permanent productivity distribution (x-axis). Dashed lines
show 95% confidence intervals. Standard errors are bootstrapped clustered at the crew
level. The figure shows that ’bad apples’ significantly decrease the productivity of their
peers. No other worker ability group has a significant effect on the productivity of their
peers.

Figure 3: Response to peers with different abilities

40



Notes: Standard errors are bootstrapped clustered at the crew level. Dashed lines show
99% confidence intervals

Figure 4: Dynamic response before and after a shock to average permanent productivity
of peers
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ONLINE APPENDIX
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A Additional Figures

Notes: Kernel density plot of male and female worker permanent productivities using an
epanechnikov kernel with optimal bandwidths.

Figure A.1: Distribution of workers’ permanent productivity by gender
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B Bootstrapping procedure

This appendix explains our procedure for constructing the standard errors presented in

this article. Our procedure follows the cluster-bootstrap variance matrix estimation proce-

dure outlined in Cameron and Miller (2015). We begin with constructing ten new datasets

by iteratively resampling crews with replacement until we reach the same number of

observations as the original sample. Because we estimate the first stage separately for

each farm and year, this resampling procedure is conducted separately for each farm and

year. In other words, for a given farm and year, we construct ten new samples. Each of

these samples contains G clusters and a cluster consists of all observations for a given

crew within the farm and year. Thus, each sample is constructed by resampling clus-

ters (crews) with replacement G times. Next, we estimate the first stage (Equation 1) and

store the predicted fixed effects. At this point we follow the same cleaning and estimation

procedures as detailed in sections 1 and 2. We estimate the second stage on each of the

ten bootstrapped samples, store the coefficients, and compute the standard errors as the

between-sample standard deviation for each coefficient. The standard errors presented in

this article can be written as: se =

#
V ar(β̂1, β̂2, ...β̂10, where β̂b represents the estimated

coefficient in the bth sample.

C Additional Heterogeneity

This appendix presents results from several alternative model specifications and provides

a brief discussion. We begin with results from models that interact the peer group size

and worker experience with the main peer effect variable. Next, we show results from

specifications that control for within day changes in temperature and precipitation. Fi-

nally, we discuss results from models that interact the age of the focal worker and the
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age of peers with the mean permanent ability of peers. Broadly, these specifications offer

support for our main model specification and shed light on other potential dimensions

for peer effect heterogeneity.

First, we examine whether the number of workers in a crew modifies the peer effect by

interacting the number of workers with the mean peer permanent productivity variable.

We find that the number of peers in the crew does not change our peer effect estimate

(column 2 of Table A.1).32

Second, we interact experience with mean peer permanent productivity. We find that

the peer effect increases with experience (column 3 of Table A.1). Third, we find that tem-

perature does not statistically significantly change our main peer effect estimate, while

precipitation has a small positive effect on the estimate (Table A.2).33

Next, we look at the relationship between age and peer effects. Column 1 of Table

A.3 shows results from estimating our primary model, interacting the focal worker’s age

with mean peer permanent productivity. We scale the age variable, so the results sug-

gest that 10 additional years of age reduce a worker’s responsiveness to their peers by

0.03 percentage points.34 There are several possible explanations for this finding. First, a

simple regression of productivity on age indicates that age is negatively correlated with

productivity. This suggests that older workers do not have the ability to pick as fast as

younger workers and might not be able to adjust productivity as easily. Alternatively,

older workers might simply pay less attention to peers.

In Column 2 of Table A.3, we turn our attention to the age of the peers. In this speci-

32In specifications with coarser fixed effects (e.g., farm-by-day of sample instead of farm-by-field-by-day
of sample), we find that an increase in the number of workers significantly reduces the peer effect. However,
this might be due to spurious correlation as daily field conditions are likely more important to productivity
than the number of peers in the crew.

33Temperature and precipitation only vary by day and farm and so much of the variation in these vari-
ables is absorbed by our fixed effects. When we relax the fixed effects, we find that temperature and pre-
cipitation both have direct effects on productivity.

34Age is shown in ten year increments (i.e. divided by ten) to improve interpretability of the coefficients.
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fication, we estimate our primary model but including the mean permanent productivity

of peers aged 16-24, peers aged 25-28, peers aged 29-33, and peers aged 34-72.35 We find

no statistically significant difference in peer effects based on the age of a worker’s peers; a

ten percent increase in the mean permanent ability of coworkers in any age group causes

a focal worker to increase speed by 0.5 to 0.6 percent.

Table A.1: Heterogeneity Regressions
(1) (2) (3)

Above peers Crew size Experience
Mean peer permanent productivity 0.32∗∗∗ 0.28∗∗∗ 0.26∗∗∗

(0.06) (0.05) (0.05)
Above peer X Mean peer permanent productivity -0.05∗∗∗

(0.02)
Above peers 0.01∗∗∗

(0.00)
Mean peer permanent productivity × Number of workers 0.00

(0.02)
Mean peer permanent productivity × Experience 0.05∗∗∗

(0.01)
Number of workers -0.04∗∗∗ -0.04∗∗∗ -0.04∗∗∗

(0.00) (0.00) (0.00)
Experience 0.05∗∗∗ 0.05∗∗∗ 0.05∗∗∗

(0.01) (0.01) (0.01)
Observations 627196 627196 627196
Adjusted R2 0.92 0.92 0.92
Farm X Field X Day of Sample FE Y Y Y
Individual X Year FE Y Y Y
Crew FE Y Y Y

Notes: The unit of observation is the worker-day. The dependent variable is logged productivity.
Standard errors are bootstrapped clustered at the crew level. *** indicates 1% significance, ** indicates
5% significance, * indicates 10% significance.

35The peer age groups are derived from the quantiles of the worker age distribution.
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Table A.2: Temperature and Precipitation
(1) (2)

Temp Temp and precip
Mean peer permanent productivity 0.30∗∗∗ 0.29∗∗∗

(0.08) (0.08)
Mean peer permanent productivity × Max Temp (C) -0.00 -0.00

(0.00) (0.00)
Mean peer permanent productivity × Precip (mm) 0.01∗

(0.01)
Observations 627196 627196
Adjusted R2 0.92 0.92
Farm X Field X Day of Sample FE Y Y
Individual X Year FE Y Y
Crew FE Y Y

Notes: The unit of observation is the worker-day. The dependent variable is logged
productivity. Standard errors are bootstrapped clustered at the crew level. Addi-
tional controls are experience and number of workers in the crew. *** indicates 1%
significance, ** indicates 5% significance, * indicates 10% significance.

Table A.3: Age Regressions
(1) (2)

Continuous age Peer age group
Mean peer permanent productivity 0.38∗∗∗

(0.09)
Mean peer permanent productivity × age -0.03∗∗∗

(0.01)
Mean permanent productivity peers aged 16-24 0.05∗∗∗

(0.02)
Mean permanent productivity peers aged 25-28 0.06∗∗∗

(0.02)
Mean permanent productivity peers aged 29-33 0.06∗∗∗

(0.02)
Mean permanent productivity peers aged 34-72 0.06∗∗

(0.03)
Observations 627196 602052
Adjusted R2 0.92 0.92
Farm X Field X Day of Sample FE Y Y
Individual X Year FE Y Y
Crew FE Y Y
Controls Y Y

Notes: The unit of observation is the worker-day. The dependent variable is logged
productivity. Standard errors are bootstrapped clustered at the crew level. Additional
controls are experience and number of workers in the crew. In Column 1, age is scaled
for interpretability and is represented in ten year increments. Column 2 omits observa-
tions in which a peer group does not contain at least one worker in each of the four age
groups. This removes 25,144 observations. *** indicates 1% significance, ** indicates 5%
significance, * indicates 10% significance.
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