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Abstract

Most organizations utilize hierarchies to facilitate specialization, with managers

assisting workers on tasks beyond their capabilities. As workers gain skills, they

require less help, freeing up manager time. In this paper, we estimate direct pro-

ductivity treatment effects for individual workers and spillovers to managers after

a randomly assigned training program for frontline workers in a Colombian gov-

ernment agency. Trained workers improved their individual production, while help

requests to managers declined, enabling managers to focus on higher-value work.

Accounting for vertical spillovers to managers meaningfully changes the organiza-

tion’s implied return on investment from training.
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1 Introduction

Hierarchies that partition employees by skill or task are ubiquitous features of organi-

zations, as they allow for worker specialization. This is achieved through a theoretical

mechanism known as management by exception, where frontline workers handle com-

mon tasks, while higher-level managers solve relatively rare problems (Garicano, 2000;

Garicano and Rossi-Hansberg, 2004; Caliendo and Rossi-Hansberg, 2012). One of the

core features of organizational hierarchy models is that as frontline workers become more

skilled, they can autonomously address a broader range of problems, leading to fewer

problems qualifying as exceptional. This, in turn, reduces the need to ask managers for

help, freeing up their time to focus on higher-level or strategic tasks that may be more

valuable than solving individual workers’ production problems.

The extent to which managers must help subordinates as a function of their skill is a

crucial parameter for determining optimal organizational structures, yet direct evidence

on this channel has been elusive. Most tests of hierarchical models are indirect, studying

how layers in an organization vary with shocks to opportunities, differences in market size,

or proxies for changes in communication costs or information (Garicano and Hubbard,

2007, 2009; Bloom et al., 2014; Caliendo et al., 2015, 2020; Friedrich, 2022; Gumpert

et al., 2022).1 Yet the direct test of the link between help requirements, worker skill, and

manager productivity is important, as there are distinct implications when the cost of

acquiring knowledge (training) changes and managers are required to provide less help. In

particular, reductions in training costs can lead to de-layering, broader spans of managerial

control, and widening wage inequality if knowledge acquisition becomes cheaper across the

skill distribution (Garicano and Rossi-Hansberg, 2006). These implications are distinct

from those arising from changes in scale or communications costs.2

This insight also has implications for the measurement of the returns to training

1In fact, later empirical applications model organizational structure (and resulting inequality inside firms)
as a function of the scale of operations and/or communications frictions across establishments (Friedrich,
2022; Gumpert et al., 2022).

2Changes in the cost of acquiring commodity skills for lower level workers, say through online education
or MOOCs, without changes in the cost of acquiring frontier skills may offset some of the increase in
inequality.
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programs. Training program evaluations where the unit of analysis is an individual worker

will omit any benefits to managers, understating aggregate program benefits.3 Failure to

account for spillovers across a hierarchy can have potential welfare consequences. Under

a variety of labor market frictions, efficiency likely requires employers to invest in training

because workers are not the full residual claimants on their skills investments (Acemoglu

and Pischke, 1998, 1999; Lazear, 2009; Cavounidis and Lang, 2020). Yet one prominent

view is that firms under-provide training (Cappelli, 2012), and a potential reason is that

the full return is difficult to quantify.4 Thus, accounting for the spillovers from training

may change an organization’s perceived return on training investment, but the magnitude

of these spillovers and whether they are consequential is an empirical question.

In this paper, we directly study how manager productivity changes as a result of

frontline worker training, which we term vertical training spillovers. The setting for our

study is a Colombian federal government investigative agency. In late 2018, 12% of the

organization’s frontline workers were randomly allocated to participate in a 120 hour

training program covering computer skills, goal setting and management, legal analysis,

written communication, and other topics related to each participant’s work. Besides the

random assignment to training, several features of the setting enable us to examine vertical

training spillovers.

First, we have individual-level, time-varying productivity data on goal achievement for

both workers and managers. Each employee in the organization, including managers, has

goals set and evaluated every week by an independent, separate unit that is responsible

for oversight and performance evaluation. Frontline workers’ goals typically entail case

processing or functional execution, while managers’ goals involve establishing processes

or formulating strategic direction. Similar uses of goals and objectives, with outside

3Analyses that proxy for productivity changes using workers’ wage changes may be biased downward
even for understanding worker output changes if the incidence of workers’ skill upgrading partially falls
on managers or other layers of a hierarchy. Due to data limitations, the early literature evaluating
on-the-job training largely inferred efficacy based on changes in individual wage gains and qualitative
measures of job performance (Bartel, 1995).

4According to Training Industry Magazine, when organizations do attempt to quan-
tify training performance, they tend to focus on individual-level outcomes. See:
https://trainingindustry.com/articles/measurement-and-analytics/how-to-identify-the-right-training-
kpis-for-your-learning-and-development-programs-spon-eidesign/ .
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measurement against them, is common in the public sector (Rasul and Rogger, 2018;

Rasul et al., 2018). Our study organization has adopted this evaluation structure because

its main function entails sensitive public-interest work, and the separation of oversight

from on-the-job tasks is thought to provide accountability. The organization gave us access

to 13 weeks of goal achievement data from early 2018, before the training period, and the

same 13 weeks of data from early 2019, a few months after the end of training. This

allows us to estimate the direct effect of training on productivity for those randomized

into the program relative to controls who did not receive training.

Second, we have metadata on the quantity of email communications between all work-

ers (frontline workers and managers) from the periods pre- and post-dating the training

program. Although the organization does not have formal teams, workers and managers

have stable relationships. As a result, some untrained workers and managers were rela-

tively more exposed to workers who received training than others. Our direct evidence on

vertical training spillovers entails an assessment of whether managers who were relatively

more connected or exposed to trained workers had productivity that evolved differentially

compared to managers who were more isolated from trained workers.

Turning to our main empirical results, we first document that the training program

raised productivity for trainees, which is not obvious given the literature on training pro-

grams (Card et al., 2018). Average goal achievement among trained frontline workers

increased from 71.9% per week to 78.5% per week between the pre- and post-periods.

Trained workers’ increase in goal achievement was positive across the pre-period produc-

tivity distribution, while effect sizes were slightly larger for lower performers. Untrained

frontline workers’ goal achievement remained at 72%, and their average goal achievement

change was approximately zero across the pre-period productivity distribution. In this

setting, everyone who was randomized into the program participated and attended at

least 85% of the training sessions (which was the organization’s threshold for determining

successful completion). Thus, a simple comparison between treated and control workers

suggests the average treatment effect of the 120 hour program is a 10% goal achievement

increase in the medium-run (4-6 months after training completion).
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Second, we show that vertical training spillovers to managers are economically sig-

nificant. They are large enough to potentially alter our study organizations’ assessment

of whether the return on investment from the training program is positive. In the raw

data, managers’ average goal achievement increased from 70.8% to 73% between the pre-

and post-periods. Our preferred measure of managers’ exposure to trained workers is the

log number of pre-period emails received from workers who later get randomized into the

training program. If emails from workers proxy for help requests, this measure will cap-

ture managers’ who have the greatest potential to see a reduction in help requests after

workers receive training. Difference-in-differences regressions of managers’ goal achieve-

ment on this exposure measure indicate that spillovers from training are responsible for

an approximately 2 percentage point increase in manager goal achievement.

Our estimates of vertical spillovers to managers are robust to a variety of measurement

strategies and controls, including using the share of emails from eventually trained workers

as the exposure measure, controls for reallocation of communication networks in the firm,

and mean reversion in productivity. A LASSO procedure selects managers’ exposure to

incoming emails from trained workers (in logs or as shares) as the variables that best

explain changes in their goal achievement over the panel of data we observe.

We have also probed the general robustness of our estimates of direct returns to work-

ers, as comparing the magnitude of the direct returns to the vertical spillovers to managers

is important for our evaluation of the program. A similar strategy to the vertical spillover

estimation allows us to assess and control for spillovers to coworkers, accounting for vio-

lations of the Stable Unit Treatment Value Assumption (SUTVA). These estimates yield

qualitatively similar conclusions to the simple difference-in-differences estimator.5 In ad-

dition, although the organization indicated that goal setting and attainment measurement

did not depend on workers’ training status (due in part to the goals and measurement

being set by an outside party that was not aware of workers’ treatment status), our in-

ference about the importance of vertical spillovers would likely result in a null finding if

frontline workers’ actual productivity did not change but reported productivity increased

5Measures of potential spillovers to untrained workers do not survive LASSO procedures to select variables
that matter for the evolution of productivity.
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due to manipulation.

To evaluate the training program, we use the insights from a modified model of orga-

nizational hierarchy to compare the magnitude of the direct returns and the spillover to

managers. Because managers receive higher wages, freeing up their time from helping to

focusing on broad organizational priorities may have a greater impact than improvements

in frontline workers’ processing time. In this setting, managers’ assigned goals and eval-

uations are based on their own work, which is assigned directly to them.6 We illustrate

how to compute the impact of training on the organization by calculating the labor cost

savings to achieve a fixed number of frontline workers’ goals and the labor cost savings

(for higher earning managers) to achieve a fixed number of manager goals. The crucial

parameter is the vertical training spillover that arises from frontline workers’ increasing

skills.

Based on the wage bill for managers versus workers, the 2 percentage point increase in

managers’ goal achievement due to vertical training spillovers is equivalent to changes in

labor costs equal to the wage bill of approximately 8 frontline workers. The improvement

in frontline workers’ goal achievement is equivalent to the wage bill of 5.6 frontline workers,

meaning spillovers to managers are substantially larger in light of their higher wage bill.

These topline estimates of frontline workers’ cost savings from training do not include the

direct costs of the program and the opportunity cost of workers’ time in the classroom.

When these factors are included, the direct return calculation is highly dependent on

the time horizon over which the organization expects to be able to capture productivity

gains. However, including vertical spillovers to managers can change the sign on the

return on investment from the program from negative to positive if the time horizon for

the organization to capture benefits is under 1 year.7

To provide context for the source of vertical spillovers to managers, we evaluate several

6Managers’ goals, like strategic planning and process improvement, are not dependent on frontline worker
output, but managers are still tasked with helping workers when questions arise.

7In our context, the organization captures all gains for workers who remain, as trained workers had no
increase in salary relative to untrained workers, likely because of rigid rules about compensation setting
in this sector. Outside of changes in government, jobs in this organization are very stable, and turnover
is minimal.
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possible explanations for why managers may benefit from trained workers. Specifically,

we compare the fit of models where workers and managers are complements in a produc-

tion process to a Garicano (2000) inspired hierarchies mechanism, where manager help

substitutes for workers’ skills in production tasks. We find support for the hierarchies

model based on two pieces of evidence. First, when managers handle exceptional prob-

lems, worker-manager communication is predicted to decline as workers become more

productive. We find that trained workers simultaneously increase their productivity and

communicate less frequently with managers; at the same time, managers connected to

trained workers become more productive. If workers and managers were instead com-

plements, an email reduction might instead signal a decline in collaboration with a pro-

ductive colleague. Second, workers’ survey responses support the hierarchies mechanism.

Their responses indicate that emails from workers to managers are sent for the purpose

of seeking out help. These surveys also suggest that emails are positively correlated with

non-electronic communications, suggesting that email evidence is useful as a proxy for

the totality of communications between employees. Given that email communications

between trained workers and managers decline, we interpret the causal force behind our

results as a reduction in managers’ needing to provide help on exceptional problems.

When prior work has attempted to estimate human capital spillovers, the primary

focus has been on peers at the same level. Prominent examples are Adhvaryu et al.

(2018) and De Grip and Sauermann (2012). Adhvaryu et al. (2018) randomize whether

any garment production workers are eligible for soft skills training at the line level and

then randomize a subset of workers into the program within each eligible line. Using

this saturation design, they examine spillovers to same-level coworkers. They find larger

spillovers on teams where managers have more autonomy and smaller spillovers when

managers are more attentive. Using an experimental design that varies the timing of

training within teams, De Grip and Sauermann (2012) estimate that a 10 percentage

point increase in the share of trained peers increases performance by 0.5% among call

center workers.8 There are two key differences between these analyses and ours. First, we

8Other relevant papers are Levitt et al. (2013), who examine learning by doing and how it cascades across
workers, and Sandvik et al. (2020), who run an experiment showing the power of knowledge spillovers
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examine spillovers across levels of the firm hierarchy, and second, our approach to detect

spillovers is based on communication patterns. We are aware of no other papers that

estimate the spillovers from training between workers and managers across the vertical

hierarchy of an organization.

Instead, the work that considers vertical or multi-layer organizations examines the

impact of managers on their subordinates (Lazear et al., 2015; Hoffman and Tadelis,

2021), or how managers’ performance pay changes effort and the importance of social

connections with workers (Bandiera et al., 2007, 2009). Relative to this literature, our

focus is on bottom-up spillovers rather than top-down impacts of bosses. Our results

suggest that the individual returns to training may fail to account for a significant fraction

of the surplus generated because having more productive workers allows managers to

focus on higher value work. While we caveat that both the direct returns and spillovers

may be more ephemeral in other settings where the ability to capture the value from

training programs may differ, we believe these results are relevant for a large class of

public sector entities and firms with some market power or differentiated organizational

structures. Like the organization we examine, many public sector organizations feature

relatively low turnover and limited head-to-head competition among workers, suggesting

that spillovers may be substantial and that the gains from training may significantly

improve organizational performance and the quality of government (Besley and Persson,

2010; Dal Bó et al., 2013; Rasul and Rogger, 2018; Rasul et al., 2018; Bandiera et al.,

2021).

2 A Motivating Framework

We begin with a motivating framework to present the simplest comparative statics from

organizational models of hierarchy, à la Garicano (2000). The core purpose of the frame-

work is to derive a cost function for the organization that enables a comparison of the

by increasing contacts between coworkers. Other work, like Kugler et al. (2022), estimates spillovers
from training to relatives, which may provide another wedge between the social and private returns to
training.
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value of the direct training returns to the vertical spillovers to managers across the hier-

archy. We have loosely modified the setup and assumptions to match some key features

of our setting.

We focus on the problem of a single manager’s span of control over n workers and their

choice of skill level – in the same spirit as Garicano and Hubbard (2007) – who fix the

number of layers in a hierarchy to focus on a manager’s span. This simple setup abstracts

from multi-layer hierarchies and the choice of the number of layers. This closely matches

our setting, while more general formulations are straightforward applications of Caliendo

et al. (2015). The problem for the organization is to consider how the n workers and

the manager allocate their 1 unit of time endowment between individual problem solving

or seeking/providing help on tasks. There are two types of tasks. The first, which we

call production, entails executing against cases or deliverables, represented as a goal to

be achieved by a frontline worker. Production tasks vary in their difficulty. For simple

illustrative purposes, we assume the distribution of production task difficulty is uniform

on the unit interval. Frontline worker skills determine which production tasks can be

done in the absence of help. A frontline worker with skill level zw can solve all tasks less

difficult than zw. The probability that a production task can be accomplished by the

frontline worker alone is thus zw, which is a knowledge threshold for producing a solution.

Workers are required to work on problems sequentially – they must solve a problem or

seek help before moving on to the next one. This is akin to saying that workers cannot

ignore difficult goals, they will still be evaluated against them.

We abstract from managers’ skill investment in this setup, as manager skills were not

affected by the program that motivates our inquiry. For this simple setup, we assume

that managers know how to solve workers’ problems (their skill level is 1), but there may

be congestion in accessing manager time. In the case that a frontline worker needs the

manager’s help on a task, the worker reaches out for help, meets with the manager and

explains the issue. The manager then provides the worker with a solution. The time it

takes to ask a manager for help (and the time it takes the manager to provide help) is

denoted h. That is, tasks in the range z ∈ (zw,1] require an additional h units of time
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from both workers and managers to come to a solution.

The second task type entails strategy rather than production. These tasks involve

planning and direction setting, which only the manager can do. While most models have

all tasks that originate with lower-level employees, having certain task types that only

managers do matches our setup.9

Workers have a unit of time to produce with time constraint:

1 = p + h(1 − zw),

where p is the baseline time required to solve a production task and h is the additional

time spent getting help from a manager on tasks that are more difficult than zw. The

manager’s time constraint is

1 = s +
nh(1 − zw)

p + h(1 − zw)
, (1)

where s is the time that the manager spends on strategy tasks and nh(1−zw)
p+h(1−zw)

is the time

spent helping the n workers on production tasks. The denominator captures the expected

number of tasks a worker with skill zw undertakes.10 The numerator is the probability a

task requires help multiplied by the time cost of help and the number of workers.

Equation (1) has an important implication: decreases in the manager’s helping time

commitment as workers gain skills free up time for strategic activities, as ∂ nh(1−zw)
p+h(1−zw)

/∂zw =

−nhp
(p+h(1−zw))2

< 0. It is this core tradeoff between helping workers and spending time on

strategic tasks that motivates our empirical exercise. When workers become more skilled,

managers can devote time to strategic undertakings because workers require less help.

The organization’s problem is to choose the number of workers per manager and their

investment in skills. Managers are paid W̃m, which is taken as given, while workers are paid

W̃w, which may vary with their skill. The cost of upskilling is c, which is proportional to

9This setup has attractive features for valuing spillovers to managers versus direct productivity changes
because it allows us to compare two dimensions of costs. We can accommodate the same analysis with a
single type of problem that gets passed from lower to higher layers in the organization if we parameterize
the value of more difficult problems to the organization.

10To keep the problem simple, we abstract from variation due to the stochastic draws of difficulty.
Depending on the production function, accounting for this variation might lead an organization to
build in more slack to accommodate shifts in the demand for manager assistance.
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the increment of workers’ skill acquisition. The organization’s task is to balance frontline

worker output with an individual manager’s time for strategy. The cost function is the

solution to

min
n,zw

n(W̃w + czw) + W̃m

s.t.

n

p + h(1 − zw)
≥ Q

1 −
1

p + h(1 − zw)
nh(1 − zw) ≥ S.

The first constraint says that the organization needs output from all frontline workers

to total at least Q problems solved. The denominator is the expected amount of time

per problem after a worker is trained and has skills zw. This expected time includes

the probability that a worker will require help, which addsadditional h units of time for

problems with difficulty above zw.11 The second constraint says the organization requires

S units of manager time devoted to strategy, where there is some linear, increasing function

mapping time inputs to outputs that is innocuous because the strategy task is performed

autonomously.

Suppose we begin with some initial level of frontline workers n0 and training z0
w. At

an optimum, we know the first constraint binds because producing more than Q requires

hiring more workers at wage W̃w or increasing their skill level, which costs c. Conditional

on Q, the second constraint binds because the only way to increase output above S is to

increase zw, which costs c. At an optimum, frontline worker output equals Q, and total

strategic output per manager is S. Now consider a change in zw from z0
w to z1

w, which

may result from a training program. Holding fixed n, manager output increases to S1,

11As we discuss later, although some of the training happened during work time in our setting, we
derive the constraint as one on long-run output, while the opportunity cost of training is a short-term
reduction in worker availability. We will adjust for the opportunity cost of production time in our later
calculations, but we have not done so here to simplify the exposition.
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and the total expenditure required to obtain S falls by

W̃m(1 −
S

S1
). (2)

Similarly, total expenditures to achieve Q units of frontline output (among frontline work-

ers) falls by

nW̃w(1 −
Q

Q1
) (3)

where Q1 is the new output for frontline workers after increasing skills to z1
w. In these

derivations, we assume that wages are fixed/invariant to productivity (which fits our

setting in the public sector), but these assumptions can easily be relaxed for other contexts.

Our approach to compare the relative importance of the direct benefit of training to

frontline workers with the spillover benefit is based on a comparison of the respective

changes in costs needed to achieve the pre-training level of output observed by frontline

workers and managers, respectively. When frontline workers become more skilled, they

can handle more tasks. Their processing time improves by avoiding the need to wait

for managerial help. Managers can change their focus to strategic tasks or high-level

concerns.

3 The Setting

The context for our study is a public sector organization in Colombia, a middle-income

country with a growing economy when our data was collected. Our agreement with the

organization prevents us from identifying it, but we can say that it is one of several control,

oversight, inspection, surveillance or investigative institutions among the country’s federal

government. We have obtained anonymous email, productivity, and personnel records for

each of the 655 employees from the core area of the organization.

The core area of the organization has 5 divisions, and workers perform slightly different

functions depending on their division. Each division has the following responsibilities: 1.

The “Execution Division” (36.9% of employees) is code named to preserve anonymity
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for the organization. This division answers citizen requests, conducts investigations, and

issues findings that can be used in disciplinary proceedings. 2. The Administration

Division (19.3%) controls acquisitions, inventory, storage, and the supply of goods and

services required by the entity. 3. The Finance Division (13.7%) manages the budget and

treasury. 4. The Human Talent Division (14.9%) handles the creation and implementation

of recruiting policies, onboarding, payroll, and other HR tasks. 5. The Planning Division

(14.9%) advises top management on the creation of policies, procedures, and resource

allocation.

At entry into the organization, workers are assigned to a division and a wage band

according to their education and experience in the government sector. There are 5 wage

bands, with 5 being the highest. Wage band 1 and 2 employees consist of high school

graduates and those with bachelors degrees and are “frontline” workers in our terminol-

ogy. Workers from wage band 3 to 5 hold bachelors, masters or PhD degrees and are

“managers.” Salaries make up the totality of compensation and are determined by wage

band and experience in the public sector. The employees that we study are in stable,

white collar occupations where turnover is limited.12

The organization also has other employees in non-core areas, the most important of

which is an oversight group that is separate and independent of the core and serves to

check and monitor employee performance. Employees outside of the core have limited

direct interactions with the core employees and were not eligible for the training program.

The organization measures weekly individual performance. Weekly goals for each

worker are set by the separate oversight group charged with performance evaluation. Be-

cause of the independent nature of the performance monitor, the organization’s leadership

has confirmed that goal setting or performance evaluation did not (at least formally) take

into account workers’ training status. There was no ratcheting of expectations either in

response to past performance or training attainment. Organization leaders reported to

us that there existed limited scope for the oversight group to increase trained workers’

12During the period of our data, the organization had minimal hiring and negligible turnover. In fact, we
only observe two workers who leave the organization during our 2 years of data, one untrained frontline
worker and one manager. Although unusual for other contexts, lack of mobility outside of elections and
periods of government turnover is common in Colombian government agencies.
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performance evaluations due to manipulation or demand effects.

Because of this oversight function, we clarify the particular managerial roles that high

wage band workers play. Managers in our setting do not monitor or conduct performance

evaluations. Managers’ main role is planning and setting strategic priorities. When

needed, they also help frontline workers, but managers’ performance evaluations are based

on their own strategic work – rather than on the performance of frontline workers whom

receive help. Surveys and interviews with the organization indicate that managers main

role is to provide help to frontline workers, but managers may also provide authorizations

for a lower level worker to take a new course of action if higher level input into a decision

is required.

We were given data that covers the same 13-week window from April to June in two

adjacent years, 2018 and 2019. As we discuss in more detail below, the organization

randomized frontline workers into a training program in the Fall of 2018, and our data

spans the pre- and post-periods. The data contain individual weekly goal achievement for

both workers and managers (our productivity measures), absenteeism, and demographic

and personnel information, including gender, education, monthly wage, wage band, and

division.

We supplement these administrative records with metadata on email communications

between all 655 employees. We have data on daily bilateral email counts between every

pair of employees over the 13 weeks in 2018 and the same 13 weeks in 2019.13 We expect

that the largest share of email communication is related to work matters, but we do not

have the subject or the text of any emails. As such, we rely on results of surveys (provided

in section 6.2) that confirm that emails proxy for the totality of communications between

individuals.14

13The data contain the quantity of emails at the daily level, not the thread or message level, so we cannot
observe whether sent emails contain multiple recipients.

14Emails are a good proxy for total communications if electronic and other communications are com-
plementary (i.e., you are more likely to email people who you also talk with face-to-face), rather than
substitutes. We surveyed workers in the organization, and their responses indicate that emails and
other forms of communication are complements.

14



3.1 Goal Achievement and Evaluation

Every worker, including managers, has goals set and evaluated weekly. We do not observe

the content of the individual goals, but interviews gave us examples of the goal setting

process and the qualitative nature of goals that are specified each week. For example, a

weekly goal for frontline workers in the Execution Division would typically entail progress

on one or multiple cases or investigations. Weekly goals for managers in this division

would typically include filing reports on case audits, planning for future investigations,

and establishing contingencies if case execution is not going according to plan.15

Goals evaluation has 4 components, but we only observe the aggregate score out of

100. The components are: a target completion factor that is quality weighted (35%), a

resource use efficiency factor (35%), an orientation factor that assesses whether the work

output is in line with organizational objectives or guidelines (15%), and a processes factor

(15%) that assesses whether appropriate procedures were used. Our main measure of pro-

ductivity is the overall goal achievement score in each week. We only have the aggregate,

numeric measure of goal achievement; we do not observe the individual components or

the specific goals that each employee has every week.

3.2 Training Program

At the end of July 2018, the organization decided to run a training program that would

last for a 16-week period from August to December of 2018. Although the original aim

was to train the entire workforce, budget considerations meant only 63 employees could

15Examples for other divisions are similar. Workers in Administration handle procurement, inventory
management, and policies and procedures. Workers’ goals in the Administration division will typically
involve satisfactory procurement execution or implementing compliance procedures for the organization.
Managers in this division are involved in devising procedures and in strategic planning around inventory,
property, and equipment. Workers’ goals in the Human Talent division typically involve execution of
HR functions, including acquisition of data for reporting processes. Managers will typically be measured
against initiatives and analyses affecting the organization’s human capital planning. Workers’ tasks in
the Finance division tend to focus on conducting transactions and adhering to budgets. Managers
are responsible for budgeting and monitoring payments and cash inflows in the accounting system
while ensuring that the legal requirements related to payments are fulfilled. Workers’ goals in the
Planning division tend to focus on strategy execution–gathering information and using it for planning
purposes, whereas managers broadly oversee setting the direction for how plans will be produced and
communicated.
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participate. These employees were chosen randomly from frontline workers (wage band

1 and 2), without stratification. A lottery was conducted to determine eligibility. All

employees were informed of this selection method and were aware that no other sponsored

training programs of this type were planned for the future. Section 3.3.1 shows that

randomization into training is balanced on observable characteristics.

Selected participants attended classes three days per month. Each day of training

had 8 hours of classes, with a total training time of 120 hours. The program covered

five different thematic areas. Four areas focused on the acquisition of general-skills and

one focused on division-specific skills. The general-skills topics included: (i) Principles

of goal setting, scheduling, and time management, (ii) Computer Skills, with a focus on

Microsoft Excel, (iii) Legal Analysis, specifically on the Colombian constitution, and (iv)

Principles of good written communication.

The final module contained specific topics related to the employee’s division. Employ-

ees in the Finance division studied principles of banking, accounting, and public finance.

Those in the Execution division studied national and international law. Administration

division workers learned principles of operations research analysis. Human Talent division

workers studied how to motivate workers and keep them satisfied in the workplace, while

Planning division employees took a mini-course on impact evaluation and policy decision

making.

3.3 Descriptive Statistics

3.3.1 Data on Workers and Treatment Balance

Table 1 shows descriptive statistics for the sample, split by frontline workers and managers

in Columns 1-3. The organization effectively has two layers. The lower layer contains

frontline workers in the first two wage bands, with wage band 2 workers having relatively

higher levels of education or experience than those in wage band 1. The upper layer

contains managers in wage bands 3 and onwards. There are 526 frontline workers and

129 managers. Columns 4-5 focus only on frontline workers and split the sample based

on training status, while Column 6 presents a test of differences in characteristics of the
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null that treatment assignment is balanced.

Females make up 48% of wage band 1 workers, 29% of wage band 2 workers and

just 18% of managers. Trained workers are also more likely to be female than untrained

frontline workers, which is one of the only sources of imbalance that we find in treatment

assignment. Some imbalance in individual covariates is expected in multivariate tests of

balance in treatment assignment. The F-statistic at the bottom of the table presents

the joint test of balance in treatment assignment based on worker characteristics. The

joint test rejects systematic imbalance in treatment assignment to training. We will later

control for characteristics, like whether the worker is female, and show that our results

are insensitive to these controls for potential imbalance in treatment assignment.

Moving down rows, we see that managers are more educated, with 64% holding a

Bachelor’s degree and 36% a Masters or PhD, while over half of the frontline workers

have only a secondary (high school) education. The next few rows of Table 1 show the

allocation of workers and managers across divisions. Forty-five percent of wage band 1

workers and 24 percent of wage band 2 workers are in the Execution Division, compared

to 31 percent of managers. The ratio of managers to frontline workers is greatest in the

Execution division, suggesting that small individual changes in worker productivity may

add up to have a larger effect on managers in this division because of their greater spans

of control.

The next few rows deal with wage bands and wages. The row labeled Wage Band

is mechanical in Columns 1 and 2, but is relevant as a randomization check for frontline

workers into training (Columns 4 and 5). All rows reporting wages are normalized relative

to the pre-period average for Wage Band 1 workers. In the pre-period, the average wage

band 2 worker earned 20% more than the wage band 1 mean, while the average manager

earned 2.16 times more than wage band 1 worker. Comparing pre-period and post-period

wages, there is an increase for all employees, including managers. Baseline wage increases

are larger for higher wage bands year-over-year.

Of particular relevance is whether trained workers capture returns from training via

higher wages. There are no abnormal wage increases for trained workers in Column 5
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compared to Column 4.16 Relying on wages to capture the effects of training would have

yielded null results in our setting. On the other hand, managers do have greater wage

increases than frontline workers. However, manager wage increases are orthogonal to their

individual year-over-year changes in goal achievement. That suggests that manager pay

changes should not be considered a cost of the training program.

The final rows of Table 1 show the most important results. Comparing Columns 4 and

5, we see significant changes in average goal achievement for trained workers, with goal

achievement increasing from 71.9% to 78.5%. The increase in goal achievement is about

6.6 percentage points for both Wage Band 1 and Wage Band 2 trained workers. Goal

achievement for untrained workers was essentially flat, averaging 72.6% in the pre-period

and 72.1% in the post-period in 2019. While goal achievement was flat for untrained

frontline workers, Column 3 shows that goal achievement for managers increased by 2.2

percentage points, from 70.8% to 73%. This change motivates our estimates of spillovers

from training across the organization’s vertical hierarchy.

3.3.2 Email Data

We have metadata on emails between pairs of workers for the same time period as our

data on goal achievement. We base our analysis on quantities of emails between senders

and individual receivers, as we cannot distinguish whether email threads are to teams or

multiple recipients.

We use these email data for three purposes: a) to capture connections between cowork-

ers, allowing us to account for same-level (horizontal) spillovers from training; b) to cap-

ture connections between workers and managers, allowing us to estimate vertical spillovers

across from worker training to manager productivity; and c) to capture how communica-

tions patterns change after training, allowing us to provide evidence on the mechanisms

behind the spillovers we estimate.

Our strategy for identifying vertical and horizontal spillovers is based on the idea that

some managers or untrained workers will be more connected to workers who will eventually

16It is possible that wage increases lag beyond the end of our post-period data.
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become trained compared to others. Our theory predicts that managers who spend more

time helping workers– which we capture with the level of emails with eventually trained

workers – should have larger spillover effects because at baseline they have less time to

devote to their own strategic tasks. Table 2 provides detail about the email connections

measures and correlations between alternate measures of exposure to trained workers.

For example, untrained workers receive an average of 674 emails from eventually trained

workers from their own division in the pre-period, with a standard deviation of 385.

Managers average 1670 pre-period emails from eventually trained workers in their own

division, with a substantial standard deviation relative to the mean of 893 emails.17

Some managers may be more exposed to trained workers because they are more cen-

tral in communications with all frontline workers, not just those who are randomized

into training. This is not a problem if the level of email communications is stable, but

may overstate a managers’ exposure to training if a manager’s engagement with frontline

workers is based on transitory spikes in activity. To account for this, we also compute

exposure based on shares of emails. For managers, the average share of emails with even-

tually trained workers is 12.1%, with a standard deviation of 2%. For untrained workers,

the average share of emails with trained workers is about 12%, with a standard deviation

of 3.4%.18

Our identification approach relies on connections between workers being stable over

time in the absence of the training program. We cannot test for connection persistence

between the pre- and post-period directly because one channel for vertical spillovers to

benefit managers is a reduction in help requests coming from frontline workers. We can,

however, provide evidence that email connections in the pre-period are highly persistent.

Figure A1 plots average dyad-level shares of emails sent in the “Late Pre-Period” against

email shares in the “Early Pre-Period” share of emails. The early and late periods each

contain 4 weeks of data, with a 5 week gap between them. In Panel A, email shares

17Because of the bureaucratic nature of this organization, managers do not receive emails from frontline
workers in other divisions.

18Figure A2 displays the distribution of exposure to trained workers, as calculated by log pre-period emails
received from eventually trained workers (Panel A) and the share of emails received from eventually
trained workers (Panel B).
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are shown to be highly persistent between workers and managers. A similar pattern of

persistence is evident in Panel B, which examines emails between worker-dyads. These

figures show that workers and managers who have a high share of emails with one another

early on continue to do so many weeks later, suggesting that communications networks are

relatively stable in this organization. If our connections measures instead were to reflect

transitory communications networks rather than stable relationships, then we would be

incapable of detecting a spillover that propagates through the connection network.19

4 Direct Returns to Training and Spillovers to Cowork-

ers

Because of experimental variation, standard intuition when the Stable Unit Treatment

Value Assumption (SUTVA) holds suggests that the direct benefits to training can be

estimated by comparing goal achievement for trained workers versus untrained workers in

the post-period. This estimate and the corresponding standard error come directly from

Table 1.

Figure 1 shows the distribution of goal achievement changes for trained workers relative

to untrained workers between the pre- and post-periods. Two key points are that: i) the

density of goal achievement in the pre-period is similar for trained and untrained workers

when looking across the horizontal axis, as each data point represents an equally sized bin.

ii) there is a positive shift in productivity for trained workers relative to the untrained

across the support of the pre-period productivity distribution. The upward shift for

trained workers averages about 7 percentage points (or 10 percent), while percent gains

are greater for lower performers in the pre-period. It is also apparent from Figure 1

that there are several distinct clusters of goal achievement scores, which could be due to

rounding/lumpiness or to heterogeneity across groups, like divisions. The plot is similar

when we include division fixed effects, suggesting the lumpiness is due to rounding.20

19Any mean reversion in connection strength will therefore likely bias our estimates to zero.
20The lumpiness does not occur at the expected round numbers, but this reflects that goal achievement

is a weighted average of sub-components that each may be rounded.
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We also estimate direct training returns using difference-in-differences regressions.

This enables us to incorporate worker fixed effects and division-by-time fixed effects,

which allows us to account for one possible source of lumpiness or clustering in the goal

achievement data. Our simplest estimator is a two-way fixed effects model of the form:

log(yit) = βi + βt + δ1Trained × Post + δ2Trained × Post ×Xi + εit (4)

where the main coefficient of interest is δ1. In addition, δ2 captures potential treatment

effect heterogeneity through interactions with characteristics Xi. In practice, because we

only have 63 trained workers, the ability to detect heterogeneous treatment effects will

be limited to coarse characteristics. Individual fixed effects are captured through βi and

time fixed effects through βt. We cluster standard errors by worker.

Table 3 contains difference-in-differences estimates confirming the increase in goal

achievement. Because the dependent variable is log goal achievement, the coefficients

can be interpreted roughly as percentage changes. The coefficient on Trained x Post of

0.105 indicates that goal achievement for trained workers increased by about 11 percent

from a baseline of 72 percent, implying that training raised goal achievement by nearly

8 percentage points. The magnitude of the implied change is slightly larger than the

cross-sectional estimate in the summary statistics. Columns 3 and 4 add interactions

to test for heterogeneity by wage band. In the absence of division-by-time fixed effects

(Column 3), there is no differential effect of training on wage band 2 workers based on

the insignificant coefficient on Wage Band 2 x Trained x Post. With division-by-time

fixed effects in Column 4, the coefficient of -0.030 indicates that trained Wage Band 2

workers had slightly smaller goal achievement increases than wage band 1 workers. We

cannot precisely identify why wage band 2 workers might have a heterogeneous response

to training, but later we will show that trained wage band 2 workers became more focal

in communications with other workers, which may have reduced time for their own work.

High-performers, those with above-median goal achievement in the pre-period, have lower

returns from training in the post-period. Finally, Columns 5 and 6 report a post-LASSO

OLS specification where we select regressors that determine treatment effect heterogeneity.
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Only the main effect survives the LASSO.

4.1 Robustness

SUTVA Violations: In the potential outcomes framework, equation (4) stipulates

that counterfactual expected log productivity in the post-period for workers who are

not trained equals βi + βt. This imposes the assumption that there are no spillovers to

untreated workers. To account for potential SUTVA violations, we follow De Grip and

Sauermann (2012) and modify the model to allow a general form of spillovers to un-

trained workers so long as the mechanism for spillovers is through pre-period connections

with trained workers. Let g(Connections, θ) be a function that captures the impact of

connections between trained coworkers and untrained workers with parameters γ. Then

log(yit) = βi + βt + δ1Trained × Post

+(1 − Trained) × Post × g(Connections, θ) + εit

(5)

captures potential spillover impacts that will influence untrained workers’ outcomes be-

cause of SUTVA violations. Under this specification, the estimate of δ1 is the effect of

training relative to an untrained worker who is unconnected to those who become trained.

Appendix Table A1 contains the results. In all specifications, the main treatment

effect of training remains positive and significant, with point estimates that are larger

than those in Table 3. In the first 4 columns, we find positive spillovers to coworkers

using a parsimonious set of variables for capturing co-worker connections. We have also

experimented with various combinations of measures to capture connections and exposure

to training. The main result, which can be succinctly summarized on the last 2 columns of

the table, is that none of the connections measures changes the interpretation that trained

workers had positive productivity treatment effects from the program. In addition, the

possible connection variables do not survive LASSO variable selection procedures for

choosing a sparse model of productivity evolution. To the extent that spillovers to peers

are present, they will make training investments look more favorable. As these spillovers
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have been shown elsewhere, we document that there is some evidence of positive spillovers.

However, in our context, the empirical evidence is not especially robust. Later, when we

examine vertical spillovers to managers, we will check the robustness of our results by

including the effects of horizontal spillovers to coworkers that may also influence managers’

interactions with untrained workers.

Attendance: The increased goal achievement of trained workers does not appear

to be driven by changes in absenteeism rates. Appendix Table A3 shows that there is

no differential absenteeism in the post-period for trained workers relative to untrained

workers.

4.2 Cost Savings for Workers

Based on the formula for cost savings in equation (3), we have that W̃w = 1.052×63, while

the estimates indicate that (1− Q
Q1 ) = (1− .719

.785), yielding a direct cost savings from worker

training that can be interpreted as the equivalent of 5.6 frontline workers’ normalized

wages. This is equivalent to about 1.06% of the wage bill of frontline workers. That is,

after training, if the organization could adjust headcount, it would be able to save costs

equal to the compensation of about 1% of their frontline worker wage bill in every period

and would still achieve the pre-period level of output. These figures are flow cost savings

(meaning that the organization could realize these savings in every period), while their

present value will depend on the persistence of the gains from training.

4.3 Discussion

Finding direct returns to training for workers is not trivial, as the empirical evidence

on the efficacy of training programs is mixed. McKenzie (2021) and Card et al. (2018)

suggest that, among other characteristics, the programs that find positive returns are

usually intensive training programs that emphasize human capital accumulation.21

There are two possible reasons why our estimates of frontline workers’ goal achievement

21Most of the existing studies consider programs sponsored by governments for business/entrepreneurs
(McKenzie (2021)) or the unemployed (see the meta-analysis in Card et al. (2018)).
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changes may overstate changes in productivity or output. First, despite the separation of

the evaluation/oversight function and the rest of the organization, there may be demand

effects – where evaluators rate trained workers more highly than is warranted based on

actual output. Second, the increase in goal achievement may reflect trained workers’

improved ability to game the evaluation system. Both possibilities are difficult to evaluate

from data on frontline workers alone, but our upcoming analysis of spillovers to managers

and changes in communication patterns help to assuage these concerns. If training does

not raise workers’ productivity, we would not expect to find evidence of vertical spillovers

to managers (where we would expect manipulation of goal achievement metrics to be

much more difficult).

5 Vertical Training Spillovers to Managers

As mentioned previously, there are no defined teams in our setting, so we infer connections

between managers and workers from emails. Our preferred measure from the theory is

the log number of emails with trained workers, which is likely to be closely related to

managers’ time commitment spent interacting with frontline workers. Figure 2 shows

the evolution of goal achievement between the pre-period and the post-period, split by

whether managers are below the 25th percentile in connections or above the 75th percentile

in connections to trained frontline workers. There is a noticeable shift in the distribution

for more connected managers.

In the figure, there are relatively few managers with average pre-period goal achieve-

ment below 60%, but the density of connected and not connected managers is similar

for these lower performing managers. Across the support of the pre-period productivity

distribution, there are highly connected managers and those with less exposure to trained

workers. This provides some preliminary evidence on the plausibility of our identifica-

tion strategy, which assumes that in the absence of training that managers with greater

and lesser degrees of connections with eventually trained workers would have a similar

evolution of goal achievement. Figure A3 examines manager characteristics that might
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be correlated with their exposure to trained workers. The figure shows that manager

pre-period goal achievement, wages, wage band, gender, and education do not predict

pre-period connections with eventually trained workers either individually or jointly.

To measure vertical training spillovers to managers, we regress managers’ log goal

achievement on pre-period connection measures with trained workers, interacted with a

post-period indicator. Our main estimating equation is

log(yit) = γi + γt + δ1CPre × Post + εit, (6)

where CPre is a measure of pre-period connections with trained workers, either the log

of pre-period emails with eventually trained workers or the share of pre-period emails

with eventually trained workers, γi is an individual fixed effect, and γt is a time fixed

effect. Some specifications also include division-by-time fixed effects, which accounts for

the possibility that goal achievement in different divisions my have evolved on different

trends.

Panel A of Table 4 displays the estimates when our connection measure is the log of

pre-period emails received from trained workers, while Panel B shows results when we

use the share of emails from eventually trained workers as the connection measure. In

both Panels A and B, and across all columns, managers who have stronger pre-period

connections with eventually trained workers have greater productivity gains in the post-

period. In Panel A, average implied effects for the level of goal achievement range from

a 2.01 to a 2.11 percentage point increase.22 The interquartile range (IQR) of the change

in goal achievement due to connections in Panel A is about 4 percentage points. The

qualitative patterns are similar in Panel B, with estimates of the average spillover to

managers’ goal achievement of between 2.11 and 5.13 percentage points.

22Because no manager has zero connections, we must extrapolate to get the effect for completely uncon-
nected manager in the baseline. As a result, these calculations take the fitted values and subtract off
the post-period indicator from Column 1. The negative coefficient on the post-period indicator suggests
that our model is good only locally, as all managers are somewhat connected to trained workers.
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5.1 Cost Savings for Managers

Based on the formula for cost savings in equation (2), we have that W̃m = 2.15 × 129,

while the most conservative point estimate indicates that (1− S
S1 ) = (1− .708

.729), yielding an

indirect cost savings from vertical training spillovers that is the equivalent of 8 frontline

workers’ normalized wages. This indirect cost savings is itself equal to about 1.5% of the

wage bill for frontline workers. The estimates of the indirect spillovers to managers are

thus 42% larger than the direct (gross) cost savings for frontline workers.

5.2 Robustness and Alternative Measures and Explanations

Robustness of Main Estimates: Table 5 presents results of a variety of robustness

exercises to assess the sensitivity of our estimates. In Column 1 we probe for whether

controls for spillovers to other frontline workers may influence the estimates of vertical

spillovers to managers. We include controls that weight email connections with untrained

workers by their connections with trained workers and managers. In Column 2 we con-

sider mean reversion in manager productivity – which may arise if some managers were

artificially busy with worker requests in the pre-period or were working on difficult tasks

but later have those shocks subside. We interact deciles of pre-period goal achievement

with the post dummy to account for the possibility that lower performing managers’ pro-

ductivity may naturally change over time. In Column 3 we include the log of emails

or the share of emails that managers receive from females and those with a college de-

gree, accounting for potential imbalance in treatment. While our connections/exposure

measures utilize emails received, in Column 4 we include measures of managers’ send-

ing emails to trained workers in the pre-period and an interaction with the post-period

dummy. In Column 5 we allow for the possibility that connected managers’ may have

changed their communications networks with untrained workers, potentially altering the

stability of communications that we rely on to infer connections. To capture this, we

include contemporaneous emails with untrained workers as a control. In Column 6 we

control for total log emails with frontline workers in the pre-period interacted with the

post-period dummy, as managers who are busier may be on different trends. Across these
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specifications, our point estimates are quite stable and within the confidence intervals

implied by the estimates in Table 4.

These results suggest that potential violations of the Stable Unit Treatment Value for

managers are not influencing our estimates. Figure A4 explores another possible change

that may affect our inference, in particular whether managers who are more connected to

eventually trained workers receive a different number of emails from untrained workers in

the post-period. The obvious concern is that connections with trained workers may mean

that these managers stop helping workers altogether, and receive fewer emails from the

untrained, which would overstate the impact of training on connected managers’ workload.

Instead, if anything the figure shows that managers with greater connections to trained

workers receive relative more emails from untrained workers, but the effect size is small

and the regression coefficient is imprecisely estimated. If the channel for our estimates

is manager workload, this suggests that the raw estimates of manager goal achievement

changes may be biased downward if managers who are more exposed to trained workers

take on an increase share of helping responsibilities for untrained workers. This form

of SUTVA violation likely means that our estimates of training spillovers to managers

are conservative. We also check for and find no evidence of changes in communication

patterns between managers in the post-period (see Figure A5).

Alternative Email Measures: Although incoming help requests from workers, and

thus inbound emails to managers, are the natural measure of connections from the the-

ory, there is no ex-ante connection measure that comes from the environment. As a

result, in Table A2 we explore alternative definitions of manager connections to trained

workers by including connections based on emails sent from managers to workers. As

measures of received and sent emails are correlated, it is an empirical question regarding

which best explains managers’ evolution of goal achievement. The table shows that it

is only connection measures based on incoming emails that survive a LASSO variable

selection procedure that penalizes overfitting. The table notes provide details about how

the LASSO procedure is implemented with cross-validation that accounts for clustering

of the data at the manager level.
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Perceived Versus Actual Productivity: We would overstate the vertical spillover

gains if managers do not actually become more productive but are instead perceived

to achieve more because their connected workers’ goal achievement increases. Given the

institutional setup in this organization has managers evaluated against different tasks than

frontline workers, there is little scope for claiming credit for connected trained workers’

achievements. We also attempt to provide evidence evaluating whether managers and

workers’ goal achievement co-move in the pre-period, which would provide some suggestive

evidence on whether our manager goal achievement estimates are overstated. However,

testing for co-movement in goal achievement is difficult because managers are expected to

become more productive if their connected workers need little help, which may show up as

increases in their own goal achievement. As a result, our test is designed to assess whether

manager goal achievement increases with connected workers’ goal even after we control

for contemporaneous email volume between workers and managers. Table 6 presents the

results of this exercise. Across the 4 columns in the table, we find that manager goal

achievement is negatively related to weekly email volume from frontline workers, with

elasticities of around -0.09. Connected worker goal achievement, weighted based on the

leave-out-mean of emails from worker j to manager i in all other weeks, is not statistically

different from zero and actually has a negative coefficient. An alternative measure that

looks at transitory changes in workers’ goal achievement, rather than the contemporaneous

level, is also not statistically different from zero after controlling for email volume. These

findings help to validate that workers and managers are evaluated on separate, distinct

goals and that our estimates of vertical spillovers are not mechanical.

5.3 ROI from Training: Benefits Relative to Costs for the Or-

ganization

Simple ROI Calculations: Computing the ROI from the training program is subtle, as

there are no output prices for our study organization and headcount cannot be adjusted

to realize cost savings due to employment protections. However, our cost minimization

approach from the theory allows us to compute a ROI as-if the organization could adjust
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headcount. In this case, the program benefit is simply the hypothetical cost savings if

the organization could re-optimize, which we compare to program costs. To compute

the as-if ROI, we sum the benefits over all affected workers and net out the fixed and

administrative costs of the program.23

Accounting for spillovers to managers meaningfully changes the implied attractiveness

of the program when we impose very conservative assumptions about program costs and

the persistence of gains. Table 7 presents calculations of program return on investment

under a variety of scenarios that alter the assumptions about the persistence of training

plus spillover gains and the size of the spillovers to managers. We present three separate

scenarios for the size of the spillover to managers. The base scenario is analogous to using

workers alone as the unit of analysis, where an organization would assume spillovers are 0.

The second scenario assumes moderate spillovers of 1 percentage point to managers. The

third scenario uses our treatment estimates of a 2 percentage point spillover to managers.

Within each scenario, we consider different horizons for the persistence of treatment gains.

Our most conservative assumption is that the program gains last through 6 months post-

training and then depreciate completely. We then consider gain horizons of 1 year and 18

months. For each scenario, we assume that the opportunity cost of the program is equal

to workers’ wages when they are in training rather than producing output, as these wages

are what the organization was revealed to be willing to pay for the output produced in

the pre-period.

The second to last column presents the ROI from the direct training benefits, inclusive

of the fixed administrative costs of the program and the opportunity cost of worker time,

but excluding the vertical spillovers to managers. The last column includes the vertical

spillovers into the ROI calculation. The ROI is -37% when considering only the direct

23A different conceptual setup for this analysis assumes that marginal output gains from the program
are valued by the organization at average wages paid to managers and workers, respectively. Using
this assumption, the program benefit in monetary terms is (GAPost −GAPre) ∗

WPre

GAPre
where GAt is

the average goal achievement in year t and WPre is the wage bill for the worker in the pre-period.
The expression WPre/GAPre is the price-per-goal paid in the pre-period and GAPost −GAPre is the
year-over-year change in goal achievement. This approach and the cost minimization approach yield
similar conclusions. In an organization with rent-sharing between workers and firms, this approach
would yield a lower bound on aggregate program benefits.
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returns at a 6 month horizon. Adding just a 1 percentage point gain in goal achievement

for managers turns the ROI positive, to 3%, at this short horizon. At a 1 year horizon,

the direct return ROI is 25% and adding a vertical spillover to managers increases the

ROI to 106% and 187% for a 1 and 2 percentage point spillover, respectively. At longer

horizons, the program ROI is positive with and without the vertical spillover to managers,

but the spillover greatly increases the implied return to the organization.

At first glance it wouldn’t be obvious that vertical spillovers could be so valuable,

but the large gains come from two sources. First, there are more managers than trained

workers, so smaller gains in goal achievement are spread over more people. Second, from

Table 1, managers earn more than twice as much as trained workers, so the money metric

gives them more weight because the organization is willing to pay more for each goal they

achieve.

Alternative Uses of Funds Spent on Training: A different approach asks whether

the funds spent on the training program could have been put to better use by hiring ad-

ditional managers, which may have had even greater returns if these new hires could have

freed up time for incumbent managers. We attempt to calculate under what conditions

the training investment would have been preferred to direct changes in the firm hierarchy.

As we will show in Section 6, the channel of manager gains appears to be a reduction

in demands on their time (busyness). As a result, a simple proportional rule for how

one additional manager increases incumbent productivity suggests that the gains will be

approximately equal to the number of new hires over the number of incumbent managers.

The funds spent on training could have been used to hire about 1 manager for 12 months.

A proportional increase in productivity implies that average incumbent manager’s goal

achievement would increase from 70.8% to 71.3%, which is smaller than our estimated

gains from training spillovers. However, this increase for managers has no opportunity

cost for workers, and arguably, hiring an additional manager may also increase the speed

and quality of answers provided to workers. To obtain the same benefit from training

workers as what we calculate in Table 7 (using the 1 year horizon with a 1 percentage

point increase in manager productivity and with opportunity costs of worker training
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time), the hiring of an additional manager would need to increase the productivity of

all frontline workers by about 1.1 percentage point. In other words, training 63 workers

is equivalent to hiring one additional manager if each lower-level workers increase their

productivity by more than 1 percentage point. Because the reduction in manager busy-

ness after training did not raise productivity for untrained workers, it is doubtful that

alternative uses of funds would have been more effective than the training program.

6 Evidence on Mechanisms and Discussion

6.1 Communication Pattern Changes Support the Hierarchies

Mechanism

This section explores changes in communication patterns, which provides context for

our findings while enabling us to examine mechanisms. The core comparative static in

hierarchical organizations models is that more skilled workers stop asking managers to

help on tasks that they can handle themselves. As a result, the prediction is a negative

relationship between changes in worker skills and outgoing communications to managers.

Figure 3 shows changes in log emails between the pre- and post-periods according to sender

and recipient type, which we extract from difference-in-differences regression coefficients.

For each sender and recipient type, we distinguish between the untrained baseline change

in log emails (purple) and the change for trained workers (light green).

Apparent in this figure is that emails sent to managers from trained workers drop dra-

matically. There is also a smaller decline in emails to managers from untrained frontline

workers in wage band 1. The large reduction in trained workers’ emails to managers,

both in absolute terms and relative to untrained workers, is consistent with the hierar-

chies mechanism such that an increase in workers’ skills reduces requests for managerial

help. Differences across wage bands provide a possible explanation for why emails to

managers also decline for untrained workers. Untrained wage band 1 workers reduce their

emails to managers – but they send more emails to trained wage band 2 workers. Un-

trained wage band 2 workers have almost no reduction in emails sent to managers. This
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pattern suggests trained wage band 2 workers begin to substitute for managers amongst

untrained wage band 1, but not wage band 2, workers.24 These changes are consistent

with untrained workers beginning to rely on trained Wage Band 2 workers for help, rep-

resenting something like an informal additional layer in the hierarchy of the organization.

While most studies of hierarchies use external shocks to study the number of layers in

an organization, this suggests that augmenting worker skills may lead to informal layers

emerging as a response to new capabilities. We note, however, that our identification of

spillovers to managers is not impacted by the emergence of the Wage Band 2 workers

as a source of help, as managers’ exposure to trained workers captures the direct effect

based on direct cross-sectional differences, while our estimates are little changed when we

control for potential spillovers to untrained workers from exposure to trained workers (see

Table 5).

An additional test involves the relationship between manager productivity and changes

in emails from eventually trained workers. Consider two potential mechanisms that cor-

respond to different production processes. In the first, managers and frontline workers

collaborate on tasks, and thus need to communicate to work together. As in Kremer

(1993), when one member of a team becomes more productive, the team can do more if

that member was originally the bottleneck in production. Under this mechanism, raising

frontline worker productivity can lead to collaboration on additional tasks, which would

predict an increase in communications. In the second mechanism, managers help work-

ers only when needed. The helping mechanism in the hierarchies model predicts that

as workers gain skill, manager productivity will increase as email volume from frontline

workers falls.

To test between these two mechanisms, we regress changes in manager log goal achieve-

ment on changes in the number of emails from eventually trained workers (who become

24Appendix Table A4 presents the full set of changes in emails between sender and receiver pairs. Emails
originating from managers and sent to frontline workers also decline, with a 17% reduction for trained
Wage Band 1 workers and a 14% reduction for untrained Wage Band 1 workers. Managers reduce emails
to Wage Band 2 workers, both trained and untrained, by between 4 and 5%. The smaller changes in
emails sent from managers to workers may arise because not all help requests receive an email response
– that is, emails may serve as a ticket system to alert managers to a problem, while they respond using
different mediums.
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more productive).25 Table 8 presents this test. Columns 1 and 2 display OLS regressions.

The coefficients range from -0.07 to -0.15 per 100 email change for trained workers. These

results are substantial and imply large increases in goal achievement for managers who

receive fewer emails from trained workers. In fact, the -0.07 coefficient implies that the

average manager would have increased goal achievement by about 6% (or about 4 percent-

age points) as a result of the average reduction in emails from trained workers. To match

the actual change in goal achievement, we note that the constant term is negative. The

coefficient is sensitive to division fixed effects, which likely reflects some treatment effect

heterogeneity. This heterogeneity appears to come from the baseline level of manager

busyness. When we run the regression division-by-division, we find the largest effects in

the Execution division, which is the division with the largest ratio of workers to managers

and is the division where managers received the most emails from frontline workers in the

pre-period.26

It is also possible that the change in emails with trained workers reflect endogenous

choices to reallocate work. To deal with endogeneity, Columns 3 and 4 report IV regres-

sions. The instrument for the change in emails with trained workers is the pre-period

number of emails with eventually trained workers. The IV coefficients range from -0.07 to

-0.095, indicating that managers who had the largest declines in emails with eventually

trained workers had the largest increases in goal achievement. The IV estimate without

division fixed effects is nearly identical to OLS, while it is smaller than the OLS coeffi-

cient when division fixed effects are included. The last two columns report the first stage

regressions, which have effective F-statistics of over 4000 and 59, respectively, implying a

25To this point, we have used the log number of emails with trained workers as a measure of exposure to
training. This eases the interpretation of parameter estimates, but using the change in log emails with
trained workers as the right hand side variable is problematic in IV regressions that use exposure to
trained to instrument for changes in emails. The reason is that trained workers’ emails fall by about the
same percent, so instrumenting the change in log emails with pre-period log emails is a weak predictor
of percent changes that appear independent of the original pre-period baseline. Instrumenting for the
change in the number of emails with the pre-period level of emails with trained workers alleviates this
issue.

26We get similar results when we regress changes in log goal achievement on changes in shares of emails
with trained workers and division fixed effects, but these estimates are harder to interpret if the channel
is manager busyness. As mentioned in the discussion of Figure 3, changes in shares of emails with trained
workers arise because the number of emails from trained workers falls relative to emails from untrained
workers.
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maximal bias of under 5% (Olea and Pflueger, 2013).

6.2 Survey Evidence

We also conducted a survey in August of 2020 to improve our understanding of mecha-

nisms. The organization distributed the survey to 63 trained workers and 105 untrained

workers who were present in the pre-period.27

One of the main concerns with analyzing interactions through email communication

is that workers have alternative communication modes that may substitute for or com-

plement emails, like face-to-face interaction or phone calls.28 To proxy for other forms

of communication, the survey asked the respondents about the frequency of face-to-face

interaction with those that they interact with through email communications. Figure

4 shows that the majority of workers interact either several times a week or at least

once a week with those that they send emails frequently, suggesting that electronic and

face-to-face communication are complements.

The survey also allows us to assess the reasons for email contact between frontline

workers and managers. Figure 4 shows that 3 out of 4 workers reported that the main

reason they contact superiors is to ask for help, with the other responses split evenly

between asking for authorizations and reporting on task progress.

The survey further asked respondents about their perceptions of changes over time

between the pre-period and the post-period. Table 9 shows that trained workers reported

much greater improvements in their knowledge of task requirements, their understanding

of division-appropriate workflows, and general skills and knowledge relative to untrained

workers. The table is inconsistent with changes in goal understanding, interdependence,

changes in hours worked, or directives to reduce help requests to managers. The table

27The survey contained 7 questions and had an estimated completion time of less than 10 minutes.
The survey was described as part of research on the organization’s working environment conducted
by independent researchers. Participation was voluntary and not incentivized. Fifty-two percent of
the trained workers (N=33 workers) and 54% of the untrained workers (N=57) took the survey. The
completion rate is in line with average response rates in organizational research Baruch and Holtom
(2008). Appendix B contains the English version of the survey.

28During the sample, the organization prohibited the use of other communication technologies such as
WhatsApp and Skype.
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transmits a simple message, trainees report that the training program improved their

skills.

6.2.1 Alternative Explanations

Survey questions are also useful to understand potential alternative explanations. Re-

duced monitoring or supervision does not appear to explain the results, as the top-right

panel of Figure 4 shows that among trained and untrained workers, 85% of workers think

that the supervision level remained constant through the pre- and post-periods. Only

3.3% of respondents think that monitoring effort by managers decreased. The train-

ing program also did not appear to change career incentives. While we see no upward

mobility through the organization during our sample, we asked directly whether survey

respondents thought that their promotion possibilities increased from 2018 to 2019. Table

9 shows no differential changes in promotion prospects by worker training status. For this

organization, promotion from within is rare, making career concerns unlikely to explain

our results. A different possibility is that the nature of workers’ tasks changed over time.

Table 9 suggests tasks did not change. In particular, the vast majority of both trained

and untrained workers thought there was no increase in task interdependence, with only

6.1% of trained workers and 5.3% of untrained workers reporting an increase in interde-

pendent tasks. Finally, a different possibility to explain the productivity increase from

trained workers is that they became more motivated, changing their labor supply. Table

9 shows that while 6.1% of trained workers increased their working hours in a week, 5.3%

of untrained workers also did so. We cannot reject that these results differ, and the small

mean differences indicates that internal incentives to work more are unlikely to explain

the increase in goal achievement from trained workers.

The survey also provides context around why trained workers decreased communi-

cations with managers. The survey presented these patterns and then asked whether

the change was a result of communication from the organization’s leadership. Table 9

shows that there were no differential perceptions of directives to change help requests to

managers from above. Under 3 percent of respondents believed that managers formally
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became a less important source of help. As a consequence, changes in communication pat-

terns likely arise organically, rather than as a result of a formal dictate or reorganization

from leadership.

6.3 Discussion

An area for future work is to consider how to target who gets training and how many

workers should optimally be trained. Other literature suggests that returns to work-

place programs are heterogeneous, so getting the targeting rules right may depend on

understanding personalized returns as well as spillovers (Sandvik et al., 2021). In other

contexts, these spillovers may be a function of social networks (Bandiera et al., 2010).

Another implication is that training might be correlated with having relatively flat orga-

nizations, a conjecture which may provide fertile ground for further empirical work in the

spirit of Rajan and Wulf (2006) and Guadalupe and Wulf (2010). All else equal, training

liberates managers’ time, allowing them to have larger spans of control.

7 Conclusion

There has been a growing interest in understanding the returns of training programs

in different countries, industries and settings (Card et al., 2011; Attanasio et al., 2011;

Hirshleifer et al., 2016; McKenzie, 2017; Card et al., 2018; Alfonsi et al., 2020). The

literature has mainly focused on providing estimates of the effect of these programs on

trained individuals, but more limited attention has been paid to the potential spillover

effects of training. Using frontline workers’ randomization into training in a Colombian

government organization, we study changes in productivity for trained workers as well as

spillovers to managers.

We find significant direct benefits to the training program for those workers randomized

into it. Less appreciated, but of greater consequence to the calculation of the organiza-

tion’s returns from the program, are spillovers to managers higher in the organizational

hierarchy. We find productivity spillovers to managers are economically significant and
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large enough to change the organizations decision rule to offer training to its workers. To

understand the mechanism behind spillovers, we examine changes in email communica-

tions and a survey of employees. Both sources are suggestive that spillovers to managers

arise from reduced needs to assist lower level workers. These results indicate the impor-

tance of considering production hierarchies and organizational structure when accounting

for the returns to training or skill upgrading in organizations. To the best of our knowl-

edge, this is the first paper to quantify this channel for different hierarchical layers in an

organization. In doing so, we shed new light on the microeconomic foundations of orga-

nizational economics models of hierarchies that have become ubiquitious for explaining

patterns of production and inequality at the individual and macro level. In testing the

core comparative static of organizational economics models that increasing worker skill

reduces the need to engage managers for help, we provide additional implications beyond

existing tests that rely on shocks to opportunities or variation in the size of a market.

In particular, as new technologies like massive online open courses (MOOCs) potentially

reduce the cost of offering employer-sponsored training to frontline workers, our results

suggest that managers may greatly benefit even if the cost of upgrading manager skills

does not change.

At least since the Training Within Industry program in World War II, scholars have

focused on studying how upgrading management quality influences employees on the

bottom of a hierarchy (Bianchi and Giorcelli, 2022).29 One of the main lessons from our

study is that influence does not necessarily travel downward. In this paper, we have

provided some of the first empirical evidence that employees in lower levels of a hierarchy

can impact those at the top. Our work validates the core comparative static predictions

in Garicano (2000) and helps to provide a potential rationale for the positive assortative

matching between workers and managers documented across firms and other contexts

(Bloom and Van Reenen, 2007).

29There is extensive research on how managers have an effect on lower level employees (Lazear et al.,
2015; Bloom et al., 2015, 2020).
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Figure 1: Goal Achievement Changes For Workers by Training Status

Note: This figure plots the relationship between average post-period and average pre-period individual goal achievement

for frontline workers. We plot the relationship separately based on whether the worker was randomized into the training

program or not.
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Figure 2: Goal Achievement Changes For Managers by Connection Strength to Trained
Workers

Note: This figure plots the relationship between average post-period and average pre-period individual goal achievement

for managers. We plot the relationship separately based on the strength of a manager’s connections to eventually trained

workers. A manager is defined as well-connected if he or she is above the 75th percentile of pre-period emails with eventually

trained workers from the division and a manager is not well connected if he or she is below the 25th percentile.
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Figure 3: Changes in Log Emails Between the Pre- and Post-Period by Sender/Recipient
Type

Note: This figure displays the average change in log emails between the pre- and post-periods by senders’ wage band,

recipient type, and training status. Purple bars are the average changes for untrained workers to each recipient type.

Recipient types are: Managers, Wage Band 1 Trained Workers (abbreviated as WB1 T.), Wage Band 1 Untrained Workers

(WB1 U.), Wage Band 2 Trained Workers (WB2 T.), and Wage Band 2 Untrained Workers (WB2 U.). Green bars are the

change for trained workers, with standard errors from a difference-in-differences regression of log emails on a post-period-

by-trained dummy. The regression are run by origin (Wage Band 1 or 2) and recipient type, and include fixed effects for

workers and time. Standard errors are clustered by sender.

44



5.56%
5.56%

34.44%54.44%

Once Trimester
Once Month
Once Week
Several Week

3.33%
11.11%

85.56%

Decreased
Same
Increased

12.22%

74.44%

13.33%

Ask Authorization
Ask for Help
Progress Tasks

Figure 4: Distribution of Survey Responses to Questions Regarding the Mechanism

Note: This figure displays answers to an ex-post survey designed to understand the environment and mechanisms behind

results. From top to bottom and left to right, the questions are as follows: 1. “Remember your work environment in 2018

and 2019. Consider all the people you used to interact with by e-mail every week. How frequently did you interact with

them face to face? (choose only one option).” 2. “In your opinion, relative to 2018, monitoring from your managers in 2019

increased, decreased, or remained the same?”. 3. “Remember your work environment in 2018 and 2019. What was the

main reason that you emailed workers from a higher wage band (choose only one option).”
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(1) (2) (3) (4) (5) (6)
Wage Band 1 Wage Band 2 Untrained Trained Difference of

Workers Workers Managers Workers Workers (5) - (4)

Female 0.483 0.285 0.178 0.400 0.556 0.156**
(0.067)

Secondary Education 0.715 0.500 0.000 0.644 0.651 0.007
(0.065)

Bachelors Degree 0.274 0.494 0.636 0.346 0.349 0.004
(0.064)

Masters-PhD 0.011 0.006 0.364 0.011 0.000 -0.011**
(0.005)

Execution Division 0.452 0.244 0.310 0.378 0.429 0.051
(0.067)

Administration 0.181 0.203 0.225 0.188 0.190 0.003
(0.053)

Finance 0.119 0.163 0.116 0.136 0.111 -0.025
(0.043)

Human Talent 0.119 0.233 0.147 0.162 0.111 -0.051
(0.043)

Planning 0.130 0.157 0.202 0.136 0.159 0.023
(0.049)

Wage Band 1.000 2.000 3.341 1.333 1.286 -0.047
(0.523) (0.472) (0.455) (0.061)

Wages, Pre-Period (Normalized) 1.000 1.195 2.155 1.065 1.052 -0.014
(0.410) (0.452) (1.100) (0.434) (0.436) (0.058)

Wages, Post-Period (Normalized) 1.045 1.249 2.252 1.113 1.099 -0.014
(0.428) (0.473) (1.149) (0.453) (0.455) (0.061)

Goal Achievement, Pre-Period 0.720 0.735 0.708 0.726 0.719 -0.007
(0.131) (0.134) (0.130) (0.131) (0.135) (0.018)

Goal Achievement, Post-Period 0.723 0.740 0.730 0.721 0.785 0.065***
(0.153) (0.133) (0.136) (0.147) (0.131) (0.018)

Number of individuals 354 172 129 463 63

F-statistic 1.075
(0.379)

Table 1: Descriptive Statistics and Balance on Observable Characteristics
This table displays descriptive statistics for workers in Wage Band 1, Wage Band 2, and Wage Bands 3-5 (Managers). The
table also provides balancing tests between trained and untrained frontline workers (columns 4-6). The last column displays
t-tests of differences between trained and untrained workers across columns 4 and 5. The unit of observation is a worker.
Secondary Education, Bachelors Degree and Masters-PhD are dummy variables for the highest educational level achieved.
Execution Division, Administration, Finance, Human Talent and Planning are division dummy variables. Wage Band is
either 1, 2, 3, 4 or 5. Monthly wages for 2018 and 2019 are normalized by taking the mean of 2018 wages for Wage Band 1
and dividing all wages by the 2018 Wage Band 1 mean. Goal Achievement (GA) is the fraction of achieved goals, measured
weekly and averaged over weeks. The last row computes the joint F-statistic and the associated p-value (in parenthesis)
from regressing training status on frontline workers’ pre-period observable characteristics.

46



Panel A: Managers

(1) (2) (3) (4) (5) (6) Mean SD Obs

(1): Emails from Managers to Trained Workers 1.00 1,644 837 129
(2): Emails from Trained Workers to Managers 0.91 1.00 1,670 893 129
(3): Share of Manager Emails Sent to Trained Workers 0.33 0.32 1.00 0.12 0.02 129
(4): Share of Manager Emails Received from Trained Workers 0.53 0.25 0.62 1.00 0.12 0.03 129
(5): Log Emails from Managers to Trained Workers 0.95 0.84 0.46 0.67 1.00 7.25 0.59 129
(6): Log Emails from Trained Workers to Managers 0.91 0.98 0.47 0.37 0.88 1.00 7.28 0.54 129

Panel B: Untrained Workers

(1): Emails from Untrained to Trained Workers 1.00 668 376 463
(2): Emails from Trained Workers to Untrained Workers 0.85 1.00 674 385 463
(3): Share of Emails Sent from Untrained to Trained Workers 0.23 0.49 1.00 0.12 0.03 463
(4): Share of Emails Sent from Trained to Untrained Workers 0.48 0.19 0.28 1.00 0.12 0.03 463
(5): Log Emails from Untrained to Trained 0.96 0.81 0.28 0.60 1.00 6.32 0.65 463
(6): Log Emails from Trained to Untrained 0.81 0.95 0.62 0.25 0.79 1.00 6.32 0.67 463

Table 2: Details about Email-Based Measures of Exposure to Trained Workers
Note: This table displays correlations and summary statistics for various email-based measures of exposure to trained
workers. All data come from the pre-period. The unit of analysis is managers in Panel A and untrained workers in Panel B.
Email measures in levels capture the total number of emails with all eventually trained workers over the 13 week pre-period.
Email share measures divide by the total emails sent or received relative to emails with all frontline workers. The log email
measures displayed in rows (5) and (6) are the measures we use in our later empirical analyses. Columns (1)-(6) display
correlations between the various exposure measures.
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(1) (2) (3) (4) (5) (6)
Log Goal Achievement

Trained × Post 0.105∗∗∗ 0.107∗∗∗ 0.132∗∗∗ 0.152∗∗∗ 0.105∗∗∗ 0.107∗∗∗

(0.006) (0.007) (0.013) (0.014) (0.006) (0.007)

Wage Band 2 × Trained × Post -0.010 -0.030∗∗

(0.010) (0.014)

Wage Band 2 × Post 0.015∗ 0.010
(0.008) (0.008)

Higher Education × Post -0.003 -0.003
(0.010) (0.009)

Higher Education × Trained × Post 0.008 0.011
(0.012) (0.014)

Woman × Post -0.001 -0.008
(0.010) (0.011)

Woman × Trained × Post -0.007 -0.026∗

(0.012) (0.014)

High Performer × Post 0.009 0.011
(0.010) (0.009)

High Performer × Trained × Post -0.051∗∗∗ -0.055∗∗∗

(0.011) (0.013)

Observations 13327 13327 13327 13327 13327 13327
R-squared 0.903 0.909 0.904 0.910 0.903 0.909
Worker F.E. ✓ ✓ ✓ ✓ ✓ ✓

Time F.E. ✓ ✓ ✓ ✓ ✓ ✓

Division-Time F.E. × ✓ × ✓ × ✓

Post-LASSO OLS × × × × ✓ ✓

Socio-demographic Controls × × ✓ ✓ ✓ ✓

*** p<0.01, ** p<0.05, * p<0.1

Table 3: Treatment Effects of Training For Frontline Workers
Note: This table displays estimates of training treatment effects. The unit of observation is a worker-week. All regressions
include worker fixed effects and time fixed effects. Even-numbered columns include division-by-time fixed effects. Columns 3
and 4 include interactions of characteristics with the trained-by-post indicator. Sociodemographic controls in these columns
are dummies for wage band 2, a college degree or more, female, and above-median pre-period goal achievement (defined
as a High-Performer). Columns 5 and 6 report post-LASSO OLS regressions after selecting variables using LASSO with
cross-validation of the penalty. The regressors entering the LASSO are those that enter the models in Columns 3 and 4.
Standard errors are clustered at the worker level.
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(1) (2) (3)

Panel A: Log Pre-Period Emails with Eventually Trained Workers

Log Pre-Period Emails from Trained × Post 0.063∗∗∗ 0.063∗∗∗ 0.063∗∗

(0.006) (0.006) (0.031)

Post -0.430∗∗∗

(0.043)

Average. p.p. ∆ GA 2.11 2.11 2.01
Interquartile Range p.p. ∆ GA 4.18 4.18 4.15
N 3276 3276 3276
R2 .95 .951 .953

Panel B: Share of Pre-Period Emails with Eventually Trained Workers

Share of Pre-Period Emails from Trained × Post 0.294∗∗ 0.292∗∗ 0.647∗∗

(0.124) (0.124) (0.313)

Post -0.005
(0.014)

Average. p.p. ∆ GA 2.13 2.11 5.13
Interquartile Range p.p. ∆ GA .769 .764 1.74
N 3276 3276 3276
R2 .943 .943 .953

Time FE or Post-Indicator: Post Time Time
Division-Time FE: No No Yes

Table 4: Estimates of Vertical Training Spillovers to Managers Based on Pre-Period
Exposure to Eventually Trained Workers
Note: The dependent variable is log goal achievement. Measures of email exposure to eventually trained workers are
computed in the pre-training period. In Panel A, the exposure measures are log emails received from eventually trained
workers. In Panel B, these measures are the share of emails with eventually trained workers relative to all emails from
workers who were eligible for training. Standard errors are clustered at the manager level. Columns 2 includes manager
and time fixed effects, while column 3 includes manager and time-by-division fixed effects. The average percentage point
change in goal achievement takes the predicted effects from the model in logs and multiplies by the individual manager’s
average of pre-period goal achievement. These measures include the post-period constant term estimated from Column 1.
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(1) (2) (3) (4) (5) (6)
Control For Horizontal Mean Imbalanced Sent Contemp. All Pre-Period

Spillovers Reversion Treatment Emails w Untrained Emails

Panel A: Log Pre-Period Emails with Eventually Trained Workers

Log Pre-Period Emails from Trained × Post 0.064∗∗ 0.058∗ 0.065∗∗ 0.066∗∗ 0.066∗∗ 0.060∗

(0.032) (0.031) (0.031) (0.033) (0.032) (0.035)

N 3276 3276 3276 3276 3276 3276
R2 .953 .954 .953 .953 .953 .953

Panel B: Share of Pre-Period Emails with Eventually Trained Workers

Share of Pre-Period Emails from Trained × Post 0.625∗ 0.715∗∗ 0.661∗∗ 0.666∗∗ 0.718∗∗ 0.648∗∗

(0.320) (0.313) (0.307) (0.323) (0.320) (0.314)

N 3276 3276 3276 3276 3276 3276
R2 .953 .954 .953 .953 .953 .953

Time FE or Post-Indicator: Time Time Time Time Time Time
Division-Time FE: Yes Yes Yes Yes Yes Yes

Table 5: Robustness Analysis of Estimates of Vertical Training Spillovers
Note: The dependent variable is log goal achievement. Measures of email exposure to eventually trained workers are
computed in the pre-training period. In Panel A, the exposure measures are log emails received from eventually trained
workers. In Panel B, these measures are the share of emails with eventually trained workers relative to all emails from workers
who were eligible for training. Standard errors are clustered at the manager level. Column 1 controls for how horizontal
spillovers to peers might affect our interpretation of vertical spillovers by including the interaction of managers’ pre-period
emails from untrained workers with these untrained workers’ pre-period connections to trained workers, untrained workers,
and managers – we then interact each these measures with the post-period dummy. In Panel A, the connection measure
for untrained workers is based on log pre-period emails, while Panel B uses shares. Column 2 accounts for the possibility
of mean reversion and controls for deciles of the managers’ pre-period productivity interacted with a post-period indicator.
Column 3 controls for potential imbalances in treatment by including the log of emails or the share of emails from female
frontline workers and those with a college degree or more education. Column 4 controls for log emails (share of emails)
sent to trained workers in the pre-period interacted with the post-period indicator. Column 5 controls for contemporaneous
weekly log emails from untrained workers, which captures changes in workload that may result from exposure to trained
workers. Finally, Column 6 controls for pre-period log emails from all workers x Post. All columns include manager fixed
effects and division x time fixed effects.
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(1) (2) (3) (4)

Log Emails From Workers to Managers -0.089** -0.091** -0.088** -0.090**
(0.041) (0.042) (0.041) (0.042)

Leave-Out-Week Email-Weighted Worker Log GA -0.005 -0.056
(0.010) (0.067)

Transitory ∆ in Leave-Out-Week Weighted Worker Log GA 0.116 -0.843
(0.173) (1.262)

N 1569 1569 1569 1569
R2 .956 .958 .956 .958

Division-Time FE: No Yes No Yes

Table 6: Regressions of Manager Log Goal Achievement on Log Emails and Connected
Worker Goal Achievement in the Pre-Period
Note: The dependent variable is managers’ weekly log goal in the pre-period. “Log Emails From Workers to Managers”
is the number of emails received from frontline workers by manager i in week t. The “Leave-Out-Week Email-Weighted
Worker Log GA” measure captures connected workers’ contemporaneous goal achievement, where connection weights come
from email volume between worker j and manager i in all other weeks during the pre-period. An alternative measure,
“Transitory Change in Leave-Out-Week Weighted Worker Log GA” uses the same connection weights for worker j and
manager i but computes the deviation in productivity in week t relative to worker j’s average productivity in all other
weeks. All models include time fixed effects and manager fixed effects. Standard errors are clustered by manager.
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Gains Manager Spillover Direct Benefit Vertical Spillover ROI (%) From ROI (%) From
Horizon (Pct Points) (USD) Benefit (USD) Direct Direct + Vertical

Benefit
Spillover

6 Months 1.00 49,855 32,005 -37 3
1 Year 1.00 99,710 64,010 25 106
18 Months 1.00 149,565 96,015 88 209

6 Months 2.01 49,855 64,304 -37 43
1 Year 2.01 99,710 128,608 25 187
18 Months 2.01 149,565 192,912 88 330

Table 7: Return on Investment Under Different Scenarios
Note: This table displays different scenarios for calculating program returns on investment. The table presents 2 different
scenarios for the vertical spillover to managers (1 and 2 percentage points) and 3 different time horizons for the gains from
training to persist (6 months, 1 year, and 18 months). The benefits from the program are equivalent to the costs the
organization could save if they were able to reduce headcount while still achieving the same level of output as the pre-period
(see the text for details). These estimated benefits are also approximately the implied gain if the organization values the
additional output as a result of the direct gains and vertical spillovers at the average wages paid to workers and managers
in the pre-period. The costs of the program include the opportunity cost, which are assumed to be the wages paid while
trainees were in class for 120 hours and total $55,096, plus direct costs and overhead costs, which totalled $24,500.
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(1) (2) (3) (4) (5) (6)
OLS IV First Stage

Change in Emails from Trained Workers / 100 -0.071∗∗∗ -0.150∗∗∗ -0.069∗∗∗ -0.095∗∗∗

(0.006) (0.025) (0.005) (0.031)

Pre-Period Emails Received from Trained / 100 -0.008∗∗∗ -0.010∗∗∗

(0.000) (0.001)

N 129 129 129 129 129 129
R2 .663 .728 .662 .712 .971 .973

Division FE: No Yes No Yes No Yes

Table 8: Regressions of Changes in Managers’ Log Goal Achievement on Changes in
Emails from Trained Workers
Note: The dependent variable is the year-over-year change in manager log goal achievement. The main regressor is the
year-over-year change in the number of emails from (eventually) trained workers. IV regressions instrument the change with
the pre-period number of emails with eventually trained workers, as shown in the first stage regression columns. Robust
standard errors are reported.
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Untrained Trained
Mean Mean Difference
(SD) (SD) (SE)

Increased Goal Understanding 0.105 0.212 0.107
(0.310) (0.415) (0.083)

Directed to Reduce Help Requests to Managers 0.018 0.030 0.013
(0.132) (0.174) (0.035)

Increased Promotion Probability 0.088 0.091 0.003
(0.285) (0.292) (0.063)

Increased Knowledge of Task Requirements 0.053 0.879 0.826***
(0.225) (0.331) (0.065)

Increased Understanding of Division-Appropriate Work 0.088 0.818 0.730***
(0.285) (0.392) (0.078)

Increased Skills and Knowledge 0.035 0.909 0.874***
(0.186) (0.292) (0.056)

Increased Interdependent Tasks 0.053 0.061 0.008
(0.225) (0.242) (0.052)

Worked More Hours 0.053 0.061 0.008
(0.225) (0.242) (0.052)

Number of individuals 57 33

Table 9: Survey Results: Differences in Perceived Changes Between Trained and Untrained
Frontline Workers
Note: The table shows differences and t-tests between trained and untrained workers’ responses to survey questions on
changes in their work environment between the pre- and post-periods. The question had nine sub-components that each
began with “Relative to 2018, in 2019 you:”. These sub-options were then: 1) Improved your understanding of how goals
are set and how they are evaluated weekly? 2) Were told explicitly that you should ask for help from colleagues and peers
and rather than managers? 3) Increased your probability of promotion inside the organization? 4) Improved your ability
to distinguish if tasks and projects require large or small knowledge that is specific to your division? 5) Improved your
ability to recognize if the tasks and projects require the knowledge from your division or different divisions? 6) Increased
the knowledge and the skills required to satisfactorily achieve goals? 7) Received a larger number of across-divisions,
interdependent tasks. 8) Worked a larger number of hours a week? Each sub-question had three option answers: Yes, No,
Does not apply/Do not know.
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A Appendix Tables

(1) (2) (3) (4) (5) (6)
Log Goal Achievement

Trained × Post 0.170∗∗ 0.109 0.265∗∗∗ 0.225∗ 0.105∗∗∗ 0.107∗∗∗

(0.083) (0.081) (0.092) (0.132) (0.006) (0.007)

Pre-Share of Emails from Trained workers × Untrained × Post 0.897∗∗∗ 0.636∗∗ 0.968∗∗∗ 0.763∗∗

(0.334) (0.304) (0.334) (0.316)

Pre-Share of Emails from Untrained workers × Untrained × Post -0.036 -0.084 0.067 0.046
(0.117) (0.111) (0.126) (0.165)

Wage Band 2 Worker × Untrained × Post 0.022∗∗ 0.016
(0.009) (0.013)

Advance Degree (Bachelor’s or Master’s) × Untrained × Post -0.003 -0.003
(0.010) (0.009)

Woman × Untrained × Post -0.000 -0.008
(0.010) (0.011)

Worker with high performance × Untrained × Post 0.006 0.008
(0.009) (0.009)

Avg. Horizontal Spillover .093 .066 .1 .079 0 0
Spillover Std. Error .036 .029 .037 .033 0 0
Observations 12834 12834 12834 12834 12834 12834
R-squared .904 .91 .904 .91 .903 .91
Worker F.E. ✓ ✓ ✓ ✓ ✓ ✓

Time F.E. ✓ ✓ ✓ ✓ ✓ ✓

Division F.E. × ✓ × ✓ × ✓

LASSO × × × × ✓ ✓

Control Emails Flows ✓ ✓ ✓ ✓ ✓ ✓

Control Sociodemographic × × ✓ ✓ ✓ ✓

*** p<0.01, ** p<0.05, * p<0.1

Table A1: Regressions of Frontline Worker Log Goal Achievement on Training and
Coworker Exposure Controls
Note: This table displays estimates of training treatment effects when controlling for potential Stable Unit Treatment
Value Assumption (SUTVA) violations. The column structure mimics Table 3. In addition, we add measures of each
untrained workers’ pre-period share of emails with trained and untrained workers. These measures capture the potential
for horizontal spillovers, as shown in equation (5). We compute the average implied horizontal spillover and standard error
below each column. None of these spillover measures survive a LASSO variable selection procedure where we cross-validate
the penalty term. Columns 5 and 6 report post-LASSO OLS regressions on the variables that do survive this variable
selection procedure.
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(1) (2) (3)

Panel A: Log Pre-Period Emails with Eventually Trained Workers

Log Pre- Emails Received from Trained × Post 0.083∗∗∗ 0.066∗∗ 0.063∗∗

(7.69) (2.03) (2.01)

Log Pre- Emails Sent to Trained × Post -0.021∗∗∗ -0.005
(-2.76) (-0.53)

Average Vertical Spillover 1.83 1.46 2.01
IQR Vertical Spillover 4.27 4.11 4.15
N 3276 3276 3276
R2 .951 .953 .953
Worker F.E. Yes Yes Yes
Time F.E. Yes Yes Yes
Division-Time F.E. No Yes Yes
Post-LASSO OLS No No Yes

Panel B: Share of Pre-Period Emails with Eventually Trained Workers

Post x Pre-Share of Emails Received from Trained 0.299∗ 0.666∗∗ 0.647∗∗

(1.67) (2.06) (2.07)

Post x Pre-Share of Emails Sent to Trained -0.006 -0.028
(-0.05) (-0.29)

Average Vertical Spillover 2.49 5.43 5.51
IQR Vertical Spillover .849 1.83 1.86
N 3276 3276 3276
R2 .943 .953 .953
Worker F.E. Yes Yes Yes
Time F.E. Yes Yes Yes
Division-Time F.E. No Yes Yes
Post-LASSO OLS No No Yes

Table A2: Regressions of Managers’ Log Goal Achievement on Additional Measures of
Email Connections with Eventually Trained Workers
Note: This table displays results of manager spillover regressions with different email measures. The dependent variable is
managers’ weekly log goal achievement. Panel A includes log pre-period emails sent and received from eventually trained
workers and Panel B includes the pre-period share of emails sent and received from eventually trained workers. Column
1 includes Time Fixed Effects. Columns 2 and 3 include Time x Division Fixed effects. Column 3 reports post-LASSO
OLS estimates of variables that survive a first-stage LASSO variable selection procedure that cross-validates the penalty.
Standard errors are clustered at the manager level.
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(1) (2) (3) (4) (5)

Trained × Post -0.000 0.000 -0.000 0.000 0.000
(0.000) (0.000) (0.000) (0.000) (0.000)

Observations 81,530 81,530 81,530 81,530 48,980
R-squared 1.000 1.000 1.000 1.000 1.000
Mean DV .24 .24 .24 .24 .24
Worker FE × × ✓ ✓ ✓

Date FE ✓ × ✓ × ×

Division x Date FE × ✓ × ✓ ✓

Divisions ALL ALL ALL ALL Execution Excluded

Table A3: Effects of the Training Program on Absenteeism.
Note: Differences in differences regressions where the dependent variable is daily absenteeism. The sample includes all
weekdays and Saturdays. Absenteeism is calculated as lack of email activity (as email is only available from office computers),
and the dependent variable takes the value 1 if the worker did not send any email on a given workday. All models include
worker and date fixed effects. The sample includes all frontline workers. Standard errors are clustered by worker.
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Senders Receipts: Managers Wage Band 1 Trained Wage Band 1 Untrained Wage Band 2 Trained Wage Band 2 Untrained

Wage Band 1 Main Effect -0.954 -0.076 -0.092 1.328 -0.103

Trained Effect -1.123 -0.176 -0.105 -0.123 -0.040
(0.076) (0.195) (0.054) (0.305) (0.094)

Wage Band 2 Main Effect -0.135 -0.137 -0.235 0.104 -0.225

Trained Effect -1.356 -0.101 1.131 0.102 -0.279
(0.086) (0.325) (0.076) (0.005) (0.147)

Managers Main Effect -0.527 -0.166 -0.136 -0.043 -0.048

Table A4: Difference-in-differences Estimates of Changes in Log Emails
Note: This table displays coefficient estimates for the change in log emails that go into Figure 3. Columns show the receivers
while rows display the senders. Each regression is run separately for an sender type (Wage Band 1, Wage Band 2, Managers)
and a receiver type (each of the 5 destinations in columns). The sample for each regression is an individual employee-level
dyad. Standard errors are below the trained effect regression coefficient.
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Appendix Figures
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(a) Emails from Workers to Managers
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(b) Emails from Workers to Workers

Figure A1: Persistence of Email Connections Between the First and Last Month of the
Pre-Period

Note: This figure displays the share of emails sent in worker-manager dyads (Panel A) or worker-worker dyads (Panel B)

in the first 4 weeks of the pre-period and the last 4 weeks of the pre-period. There is a 5 week gap between these periods.
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Figure A2: Distribution of Exposure to Trained Workers Based on the Log or Share of
Emails Received from Eventually Trained Workers in the Pre-Period

Note: The top figure shows the distribution of log pre-period emails received from trained workers for untrained workers

and managers. The bottom figure shows the distribution of the share of pre-period emails received from trained workers

over all workers from the same division, plotted separately for untrained workers and managers.
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Figure A3: Predictors of Manager Exposure to Trained Workers

Note: This Figure displays a plot of regression coefficients and confidence intervals that test whether manager character-

istics predict their exposure to trained workers. The coefficient plot comes from the regression log(EmailTrainedi,Pre) =

β1GoalAchievement2018,i+β2Wages2018,i+β3WageBand3i+β4Femalei+β5Masteri+β6PhDi+Divisioni+ui. The unit

of observation is a manager. The joint test has F(6,18) = 0.23 (p-value = 0.968).
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Figure A4: Tests for Manager SUTVA Violations Based on Changes in Emails with
Untrained Workers

Note: A potential SUTVA violation is that managers with more exposure to trained workers may change their communication

patterns with untrained workers (e.g. untrained workers seek help from them because they are less busy). This figure shows

how changes in emails vary with respect to managers’ exposure to trained workers, and we net out division fixed effects

to capture potential rebalancing of workloads within division. The y-axis is the change in log emails between the pre- and

post-periods and the x-axis is log pre-period emails with trained workers. The regression coefficient and standard error

(N=129) is 0.12 (0.11) .
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Figure A5: Tests for Manager SUTVA Violations Based on Changes in Emails with Other
Managers

Note: This figure displays the relationship between the exposure to trained workers (based on the log number of pre-

period emails with trained workers) and the change in log emails with managers who are less exposed to trained workers

managers. Less exposed managers have a below-median number of pre-period emails with trained workers. The sample is

manager-dyads (N=8192) and we net out division fixed effects. The regression coefficient is 0.006 (0.086).
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B Survey

1. What was your wage band in 2019? (choose only one option):

(a) 1 .

(b) 2 .

(c) Greater than .

2. Did you participate in the training program run in the second half of 2018?:

(a) Yes .

(b) No .

(c) DK/NA .30

3. Remember your work environment in 2018 and 2019. Consider all of the people who

you interacted with via e-mail every week. How frequently did you interact with

them face to face? (choose only one option):

(a) More than once a week .

(b) Once a week .

(c) Once a month .

(d) Once a quarter .

(e) Once a half-year .

(f) Never .

4. In your opinion, relative to 2018, the monitoring from your managers in 2019?

(a) Was greater .

(b) Was smaller .

(c) It remained the same .

30DK means: does not know while NA means that the question does not apply.
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5. Remember your work environment in 2018 and 2019. What is the main reason why

you emailed workers from a higher wage band (choose only one option):

(a) Asking for help to solve tasks and projects .

(b) To report progress in tasks and projects .

(c) Ask for authorization or approval of tasks and projects .

(d) Social events .

(e) If any other reason, which one .

6. Relative to 2018, in 2019 you:

(a) Improved your understanding of how goals are set and how they are evaluated

weekly? Yes No DK/NA .

(b) Were told explicitly that you should ask more for help to colleagues and peers

and less to managers? Yes No DK/NA .

(c) Increased your probability of promotion inside the organization? Yes No

DK/NA .

(d) Improved your ability to distinguish if tasks and projects require large or small

divisional knowledge? Yes No DK/NA .

(e) Improved your ability to recognize if the tasks and projects require the knowl-

edge from your division or different divisions? Yes No DK/NA .

(f) Increased the knowledge and the skills required to satisfactorily achieve goals?

Yes No DK/NA .

(g) Received a larger number of across-divisions interdependent tasks. That is,

a larger flow of tasks, projects or goals that require interaction with other

divisions. Yes No DK/NA .

(h) Worked a larger number of hours a week? Yes No DK/NA .

If you belong to wage band 2 or greater in 2019, please reply questions 7 and 8.

Otherwise, please jump to question 9.
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7. The main reason why you emailed workers from lower wage bands from your same

division was (choose only one option):

(a) Ask for help to solve tasks .

(b) Give help to solve tasks .

(c) Monitoring .

(d) Delegating .

(e) Social events .

(f) If any other reason, which one is? .

8. What percentage of your working time in a week did you spend helping workers

from wage band 1 from your same division in 2019? %.

(a) This percentage (choose only one option):

i. Increased relative to 2018 .

ii. Decreased relative to 2018 .

iii. It remained the same relative to 2018 .

9. Recent research has found that wage band 2 workers increased their electronic com-

munication with those of wage band 1 from their same division. In your opinion

this is due to (choose only one option):

(a) Workers from wage band 2 helped workers from wage band 1 on a larger number

of tasks.

(b) Workers from wage band 2 had to supervise workers from wage band 1.

(c) Workers from wage band 1 asked more questions to workers from wage band

2.

(d) Workers from wage band 1 helped workers from wage band 2 on tasks.
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