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Abstract

Severe information asymmetries are thought to make contracting particularly difficult within (and

across) firms in developing countries. Standard principal-agent theory predicts that a new monitoring

technology provided at zero cost should be widely adopted and unambiguously raise workers’ effort. I

test this classical prediction using a field experiment with trucking companies in Liberia. The treatment

offered to install GPS tracking devices on randomly selected trucks at no cost. Treatment-on-the-treated

estimates reveal that the tracking devices increased monitored drivers’ average speeds by 58 percent,

without leading to higher accident rates or maintenance costs. Despite this, managers declined to install

the devices on 35 percent of the trucks selected for treatment. Using a model of intrinsic motivation,

I show that it may be optimal not to monitor workers who are intrinsically motivated to work hard.

While monitoring technologies increase agents’ extrinsic incentives to provide effort, they also do not

allow worker to show that he or she does not need these incentives to work hard, which can crowd out

effort. I provide three pieces of evidence in support of this explanation. First, Liberian trucking com-

pany managers choose to install tracking devices only on the trucks of drivers who perform less well

at baseline. Second, the treatment effect on speed for monitored drivers is greater the lower the per-

formance of the driver at baseline. Finally, I show that for drivers who performed well at baseline, the

treatment has a negative effect on the relation between the manager and the driver, and on the driver’s

propensity to follow the rules of the business. Overall, this paper demonstrates that, while new mon-

itoring technologies can dramatically raise some workers’ productivity in settings where employment

contracts are difficult to enforce, their use may lower the productivity of some workers - those who are

intrinsically motivated to work hard.
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1 Introduction

Severe information asymmetries are thought to make contracting particularly difficult within (and across)

firms in developing countries. Increasingly available and affordable monitoring technologies have the

potential to greatly reduce such assymetries. Standard principal-agent theory predicts that these tech-

nologies should raise worker effort. However, increased monitoring may also undermine informal ar-

rangements that have developed exactly to substitute for the effort incentives provided by formal con-

tracting institutions. If so, the impact of modern monitoring technologies on worker effort is theoretically

ambiguous.

In this paper, I study both a firms’ decision of whether to employ a new monitoring technology

and the corresponding impact on worker effort. I present results from an experiment in the context

of Liberia’s trucking industry. The treatment offered managers the opportunity to install GPS tracking

devices on randomly selected trucks at zero cost. The devices allow managers (principals) to better

monitor drivers (agents) by reporting the position of trucks in real time. I first show how installed devices

affect drivers’ speeds without leading to higher accident rates or maintenance costs. I then present a

simple model that illustrates how the level of effort provided by the worker with no monitoring can

alter managers’ optimal monitoring decisions across workers. Finally, I test the model’s predictions by

analyzing (i) which workers managers choose to monitor, (ii) the heterogeneity of the effect of monitoring

across drivers, and (iii) whether monitoring can adversely affect the effort of some workers.

Liberia’s trucking industry is an ideal setting in which to study firms’ monitoring choices and worker

effort for several reasons. First, the combination of dirt roads and heavy rains makes route completion

times variable and unpredictable. This unpredictability means that drivers can easily shirk without

raising suspicion. Second, drivers take a set of decisions that affect the firm’s performance, and that

the manager cannot observe perfectly. These include the number and length of breaks, and whether to

transport additional goods or individuals without the manager’s approval. In the absence of a monitor-

ing technology, the only information a manager can use to try to infer such driver “input” choices are

“outputs” such as the total travel time.1

I conducted the experiment on a sample of 150 trucks based in Liberia’s main transport hubs. GPS

tracking devices were offered free of charge.2 The devices send the real-time positions of trucks to an

online server through a mobile network.3 Managers can then access the online server on a computer

or smartphone.4 The role of the GPS tracking devices and the managers’ ability to track the truck was

clearly explained to drivers at baseline.5

Evidence from the experiment shows that monitored drivers completed their tasks 58 percent faster.

1Managers were unable to effectively align incentives of drivers with the firm’s objectives before the experiment. Only two
trucks in the sample used GPS trackers before the experiment. The literature has shown that performance pay may increase
incentives of employees (e.g. Jensen & Murphy, 1990; Foster & Rosenzweig, 1994; Lazear, 2000; Lavy, 2009; Muralidharan &
Sundararaman, 2011). However, only 21 percent of the truck drivers in the sample receive performance pay, and for these drivers
the variable part of their pay only represents less than 5 percent of their total wage. While this might seem surprising at first, a
risk-averse worker may not agree to a performance pay in a case where many factors affect the output and are out of his control.
In fact, when asked if they would like a performance-pay, the drivers answered that they would find it unfair.

2The mechanic’s salary and proper guidance to use the device also were provided.
3The combination of mobile networks used by the GPS tracking devices covers most of the road network, ensuring that the

position of the truck is precisely reported at all times.
4Most of the managers in the study own or have access to a smartphone or computer.
5Not informing the drivers about the GPS tracking devices would have put drivers at risk of being reprimanded or disciplined

by their managers.
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This occurs in part because monitored drivers take shorter breaks,6 but do not have more accidents or

higher truck maintenance costs. These results hold whether managers’ or drivers’ estimates of speed

and break times are used.7

Despite the dramatic improvement in monitored drivers’ performance, take-up of the monitoring

devices was far from complete through the end of my data collection, a year after the start of the experi-

ment. Managers chose not to install the devices on 35 percent of the trucks selected for treatment.

I show that incomplete take-up is consistent with a model of intrinsic motivation. Building on Bén-

abou & Tirole (2006), an intrinsically motivated agent provides effort irrespective of her extrinsic incen-

tives to do so and values the principal’s belief about her motivation for providing effort. The key insight

of the model is that, while increased monitoring provides additional extrinsic incentives to provide ef-

fort, it does so at the cost of reducing a worker’s ability to signal that she does not need such explicit

incentives to work hard. Monitoring can therefore crowd out effort for workers who value the princi-

pal’s opinion so much that the additional incentives from monitoring are outweighed by the workers’

reduced ability to signal their “type”.

The model predicts that the higher a worker’s baseline effort, the lower the performance benefits

from monitoring will be; the effect on performance might become negative for high levels of effort. I

show three pieces of evidence that provide empirical support for this interpretation of my findings and

the particular form of worker motivation that generates the model’s predictions.

First, I show that managers decide to install GPS tracking devices on the trucks of drivers who per-

form less well at baseline. Drivers who receive a GPS tracking device ex ante complete their routes less

fast, are more likely to have accidents, and are more likely to break the rules set out by their managers.8

Additionally, managers report worse relationships9 at baseline with the drivers they later decided to

monitor. These drivers are typically from another county than the manager.10

Second, the treatment effect on speed for monitored drivers is greater the lower the performance of

the driver at baseline. Drivers who at baseline complete their routes fast, and are better at following the

rules of the business, show little to no effect of the monitoring device on performance.

Third, the treatment effect on measures of performance that are not directly monitored by the GPS

tracker is adverse for drivers who provided high levels of effort at baseline. Monitoring the drivers sig-

nificantly decreased the propensity of these drivers to follow the rules of the business and to take good

care of their trucks. Additionally, the drivers who provided high levels of effort at baseline reported a

significant deterioration in their job satisfaction and in their relationship with the managers after moni-

toring was introduced.

These last two pieces of evidence support the model’s prediction that the more the driver provides

effort at baseline, the lower the benefits from monitoring. They also suggest that monitoring such drivers

would be counter-productive for the firm which helps explain why managers on average choose not to

install monitoring devices on such drivers’ trucks. This evidence that Liberian managers on the whole

6Estimated breaks are times when the driver stops for being stuck in the mud, for deliveries or for personal reasons.
7GPS tracking devices are only installed on trucks of the treatment group, so the data collected by the devices cannot be used

for measuring treatment effects. The estimates presented in this paper are based on interviews with drivers and managers.
8At baseline, managers were asked which rules they clearly asked the drivers to follow. These rules include “do not carry

unauthorized passengers or goods” and “do not use the truck for personal reasons”.
9Managers are asked to rate their relationships with a particular driver on a scale from 0 to 10.

10County of origin plays a role similar to ethnic group in Liberia.
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accurately judge which workers to monitor – the combination of the first and second two pieces of ev-

idence – is important: it suggests that simply making monitoring technologies available can increase

firm productivity.11 It also increases our confidence that the model of intrinsic motivation provides an

accurate characterization of Liberian trucking firms’ challenges.

Overall, this paper demonstrates that, while monitoring technologies can dramatically increase the

productivity of certain drivers, their use may be counter-productive for other workers. Thus, blind

application of monitoring devices to the entire worker-base may produce a suboptimal effect on overall

productivity, contrary to the predictions of classical principal-agent theory. This paper contributes to

literatures on the agency problem in the workplace, on the adverse effect of incentives, on contingent

management and on the understanding of high transport costs in developing countries.

An existing literature on the agency problem has shown that information asymmetries in the work-

place can in some contexts partly be overcome with informal arrangements, such as relational contracts

(e.g. Greif, 1993; Brown et al. , 2004; Macleod, 2007; Macchiavello & Morjaria, 201512). In this paper,

I study how monitoring can help solve a key agency problem when informal arrangements fail. This

relates to the literature specifically on the effect of monitoring on an agent’s effort. Monitoring has been

shown to have a positive effect on the performance of workers in different contexts in developing coun-

tries, such as health care provision (Björkman & Svensson, 2009) or education (Duflo et al. , 2012).13

The line of work that is the closest to this project is the work by George Baker and Thomas Hubbard.

In several papers (Hubbard, 2000, 2003; Baker & Hubbard, 2003, 2004) they study the impact of the intro-

duction of On-Board Computers (OBCs)14 in trucking companies in the Unites States. The authors use

historical data to show that the introduction of the technology helped solve the moral hazard issue within

trucking companies, that it changed resource allocation inside the firm and truck-ownership incentives.

My work differs from theirs in that in addition to directly measuring effort,15 I study the introduction of

monitoring in a setting where informal arrangements partially substitute for formal contract enforcing

institutions. This is important because in such settings monitoring may undermine informal arrange-

ments and may be counter-productive. In the context of this study I find counter-productive effects of

monitoring that were not considered in previous literature.

In that respect, this paper adds to the literature on motivational crowding out and adverse effects of

extrinsic incentives. Models explaining the possibility of adverse effect of incentives were developed in

theoretical papers, such as Bénabou & Tirole (2003), Sliwka (2007) and Ellingsen & Johannesson (2008).16

11Evidence suggests that management choices are not always optimal in developing countries (Bloom et al. , 2013). My findings
show that in choosing which drivers they wanted to monitor, managers on average made the optimal choice.

12Greif (1993) shows that Maghribi traders in the 11th century relied on a reputation mechanism to counter asymmetric in-
formation and limited contract liability. Brown et al. (2004) show that relational contracts emerge in the absence of third party
enforcement contracts. Macleod (2007) presents a survey of formal and informal mechanisms. Macchiavello & Morjaria (2015)
show that in the Kenyan rose export industry, buyers rely on the reputation to overcome poor contract enforceability.

13This has also been shown in developed countries, for example (Jackson & Schneider, 2015) show that monitoring has a positive
impact on the effort of workers in auto repair shops.

14GPS tracking devices are a particular case of OBCs. OBCs can be more sophisticated, and in some cases are able to provide
additional information than the position of the truck, such as fuel and battery levels, or other measures of driver performance.

15They show that trucking companies are more likely to use GPS tracking devices when information assymetries are particularly
strong (when perquisite-taking is attractive to drivers, driver effort is important, and verifying drivers’ actions to insurers is
valuable). Using direct measured of effort, I show that using GPS tracking devices increases the effort of drivers.

16In the case were the principal has private information about the task to be performed by the agent, Bénabou & Tirole (2003)
show that incentives can adversely impact an agent’s perception of the task or of his abilities, and act as negative reinforcers in the
long run. In the model described by Sliwka (2007), some agents are “conformists” and will adhere to the social norm. By choosing
to trust the agent, the principal can signal her conviction that most people are fair. On the other, if she chooses to control the agent,
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In this paper, I follow Bénabou & Tirole (2006). While existing studies17 document motivational crowd-

ing out in blood donations (Mellström & Johannesson, 2008), day-care pick-ups (Gneezy & Rustichini,

2000a), and the lab (Falk & Kosfeld, 2006; Dickinson & Villeval, 2008; Békir et al. , 2015; Belot & Schröder,

2016), there is to my knowledge no existing evidence on its implications for firms18.

My findings suggest two things: (i) monitoring employees can crowd out their effort and (ii) man-

agers are aware of and act on the phenomenon. In this regard, this paper contributes to the literature on

contingent management practices. The employer-worker relation and how optimal management prac-

tices are affected by this relation is studied by Blader et al. (2016). In my study, managers based their

decision to monitor drivers or not on their relationship with drivers. This confirms the findings of Grund

& Harbring (2013), who show that in an employment relationship, control is negatively correlated with

trust19.

Several papers show that technology adoption in developing countries has been slower than standard

theory would predict (Bloom et al. 2013; Atkin et al. 2017 ). This paper adds to this existing literature in

that it explains why tracking devices are not adopted throughout.

Finally, this paper relates to the literature on transport costs. Authors have shown that transport

costs are high in developing countries, particularly in Africa (Teravaninthorn & Raballand, 2009). Atkin

& Donaldson (2015) and Bergquist (2016) use a new method to estimate trade costs from commodity

prices and shed light on the role of intermediaries to explain high transport costs. Lall et al. (2009) show

how bad roads and low competition in the transport sector contribute to high transport costs. This paper

is the first to document the role of moral hazard in explaining high transport costs.

The paper is organized as follows. Section 2 presents the context of the experiment, section 3 details

the experimental design and Section 4 describes the effect of the treatment on treated drivers. Section 5

describes the model and the predictions it entails. Section 6 presents empirical evidence that supports

the predictions of the model. Section 7 concludes.

2 Background

Liberia’s trucking industry is particularly prone to asymmetries of information between drivers and

managers.

2.1 Liberia

In the early nineteenth century, thousands of freed African-Americans emigrated from the United States

to the African continent. They arrived on the continent’s West Coast and created Africa’s first indepen-

dent republic: Liberia. In 2003, after decades of civil war, Charles Taylor, a prominent warlord, was

she reveals her pessimism about the social norm and this may lead conformists to become selfish. Ellingsen & Johannesson (2008)
show that if there are different types of principals, those that are worth impressing, and those that are not, choosing to monitor or
not (or to give incentives or not) is a signal about the type of the principal.

17See Frey & Jegen (2000) for a survey of empirical evidence in the fields of both economics and psychology.
18Gneezy & Rustichini (2000b) show that paying high-school students to do voluntary work can crowd out their effort. That I

know of, this is the closest evidence in the literature on the adverse effect of incentives in an employer-employee relationship.
19Grund & Harbring (2013) define trust as measured by the trust question: “Generally speaking, would you say that most people

can be trusted or that you can’t be too careful in dealing with people?”.
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ousted from power, ending one of Africa’s most violent wars. The 2005 elections were won by the conti-

nent’s first woman president, Ellen Johnson Sirleaf.

Since the end of the war, Liberia’s economy, which was entirely put to the ground during the war, has

been slowly recovering. More than 200,000 Liberian refugees who had fled the war came back to their

homeland. As a result of the war, Liberia’s economy is very young.20 Workers - who have either fought

or lived in refugee camps during the war - are often not well educated.

Trust in the government’s stability was slowly restored21, but the country still suffers from poor

institutions. Corruption is said to be common at any levels of the government and it is difficult to bring

a disagreement to court. Often no formal contract is signed between employers and workers22, and in

most cases workers are hired under a verbal agreement.

In such a context, managers rely extensively on their personal networks to hire employees. Liberia

is divided into fifteen different counties, and while close to one quarter of Liberians live in Monrovia,

the capital, most of them identify themselves as originating from one of the fifteen counties. Liberians

originating from the same county are more likely to have family or friends in common, and it is common

for firms to hire employees in such networks.

2.2 The transport industry in Liberia

Liberia is connected to the international market through its main port of entry based in the capital,

Monrovia, where most trucking companies are based. These companies find clients (mainly traders or

producers), distribute imported goods to inland markets and collect local goods for international exports.

A few other companies operate from other cities, mainly transporting goods that are locally produced

and consumed. Since railroads and maritime routes do not exist for transporting containers23, road

transport is the only mode of transportation.

However, Liberia’s road network is not well developed (see the lower panel of figure 1 for a map of

Liberia’s main roads).24 The country’s main axis connects the three main cities but still leaves a large

share of the population unconnected to a paved road.25 Liberia ranks 14th in terms of average rainfall

per year.26 As a result, vehicles get often stuck in the mud (figure 2 shows a common situation after a

strong rain).

The combination of heavy rains and dirt roads makes travel times very variable and transport com-

panies have a hard time predicting the time it will take for goods to be delivered.27

20According to a 2013 census, a minority of businesses operating today were already operating before the war. In 2013 businesses
had been operating for an average of 5.7 years.

21In 2016, foreign investments had come back to their pre-war levels.
22In the rare cases where contracts are signed, a third person known to both parties signs as well to ensure enforcement.
23Only one railroad is still operating in Liberia, but the mining company who restored it after the war has a monopoly over

its use. Liberia has four ports (Monrovia, Buchanan, Harper and Greenville), and Monrovia’s Freeport is the only one to be fully
equipped for container and cargo handling.

24On the map of figure 1, the width of roads is proportional to their state, where 0 is a very damaged road and 10 is an all-season
paved road.

25According to the World Bank, only 11% of the population is connected to a an all-season paved road.
26World Bank average precipitation in depth (mm/year).
27In contracts between transport companies and their clients, very few stipulate a date of arrival. Most of the clients pay a flat

rate for the goods to be delivered in a “timely manner”.
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2.3 Information asymmetries in trucking firms

Information asymmetries arise when managers are not able to perfectly monitor workers. When trucks

leave the parking lot, managers are not able to know precisely the location of the truck until it reaches its

destination.28 During that time, drivers choose the speed of the truck, the number and length of breaks

without managers being able to see or control these decisions.

Discussions with the managers before the beginning of the experiment revealed different approaches

to monitoring drivers prior to the experiment. Most of the managers I talked to mentioned that they

couldn’t rely on any information, and as such had no choice but to trust their drivers. To keep track of

where the goods are, most managers require their drivers to call them regularly and update them on

their position. There are three network providers in Liberia, which together cover almost entirely the

road network, but separately each one only covers some areas. A truck driver, who often relies on only

one network, lacks a signal in some sections of the journey. This provides him with a great reason to

not continuously update his manager on the location of the truck (or to avoid answering the phone).

Another obvious issue with this approach is that even in the case in which he can get in touch with the

driver, the manager is not able to confirm the information that he is given.29

Very few companies used GPS tracking devices prior to the experiment. Information and cost bar-

riers combined with the poor development of the mobile network contribute to the low take-up of the

technology in the past. Local GPS trackers are expensive30 and have not proven to be fully functioning,

in part because the mobile network necessary to use the device has been very slow to develop and until

recently did not cover the main roads. At baseline, only 25% of managers knew what a GPS tracker was

before the interview.

In other contexts, information asymmetries have been shown to be at least partially solved with

performance pay. In the context of trucking companies, drivers receiving a performance pay have a

wage based on the time they take to complete a trip, the number of trips completed per month, or other

observable measures of performance. Only 21 percent of the drivers in my sample received a wage based

on performance, and for these drivers the variable part of their wage only represents less than 5 percent

of their total wage. While this might seem surprising at first, a risk-averse worker may not agree to a

performance pay in a case where many factors affect the output and are out of his control. In fact, when

asked if they would like to be paid based on their performance, drivers answered that they would find it

unfair. In the point of view of the manager, performance pay may not be optimal: providing incentives

to drivers for one factor of effort, such as the total travel time, might distort drivers’ incentives on other

factors, such as taking good care of the truck.31

In the past, managers have not been able to perfectly align drivers’ incentives with the optimal actions

for the benefits of the firm. The experiment I describe in the next section measures to what extent the

introduction of a monitoring device solves the agency problem.

28Once the truck reached the destination, the client can confirm he received the goods.
29One manager said he had developed a system to monitor his driver. He had asked businesses on the road – managed by

family, or friends – to watch the road and notify him when the truck went by. While this approach could in theory solve at least in
part the agency problem, it requires an extensive network of friends and family along the road, and to trust the businesses giving
the information.

30A quick survey of the local options for GPS trackers determined that the cheapest device available in Liberia is priced at US$
1,500.

31This multi-tasking interpretation was developed by Holmstrom & Milgrom (1991).
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3 Experimental Design

In this section I describe the recruitment of trucking companies, the randomization of the treatment and

its implementation as well as the data collection. The empirical evidence on the effect of the treatment is

presented in the following section.

3.1 Sample of Companies

Firms were recruited in the sample using a combination of different methods.

1. The Liberian Business Registry (LBR) provided the contact information of 57 firms registered un-

der the freight transport sector. These included different types of firms (not only trucking) such as

customs clearing.32 The list only included businesses that had been registered at one point includ-

ing businesses that had already closed. Most of the businesses on this list were either closed, not in

the trucking business or not reachable33.

2. Building Markets - an NGO that works with more than 3,000 Liberian businesses - has a publicly

available directory of firms by sector, with their contact information.34

3. The majority of the firms were recruited directly at the main transport hubs. Enumerators were

assigned to different areas in Monrovia, and sometimes travelled to other cities35. At transport

hubs, they either directly talked to managers, or asked drivers for the contact information of their

manager.36

4. Monrovia has a Port Trucker Union that brings together small trucking companies that have ac-

cess to the port’s container unloading area. Contact was made with the transport union and I was

invited to a meeting that gathered around 50 drivers and managers. Enumerators had the oppor-

tunity to explain the project and took the contact information of interested managers. While this

method seemed to be working, some of the managers were contacted later, were skeptical and later

refused to answer interviews. According to local informal discussions, it appeared that some firms

in that group thought I was working with the government.

5. Lastly, enumerators asked the firms they had recruited for contact information of other firms in

their sector. Some firms were able to point us to other firms they knew, but at this point we already

had the contact information of most of these firms.

All the firms that had at least one truck were given the opportunity to participate in the study. Out of the

76 firms for which we had contact information of, 62 agreed to participate in the experiment (82%). These

32When they register, businesses are asked what sector they are in and LBR never verifies that sector. This leads to businesses
being registered under wrong categories.

33That I know of, LBR’s contact information of businesses is never updated which results in many contact information being
obsolete.

34Building Market’s contact information of firms is regularly updated.
35Enumerators were sent to four other cities to recruit firms: Ganta, Saclepea, Saniquellie and Karnplay.
36At this point, the drivers were not informed about the GPS trackers. They were told that I was conducting a study on the

trucking industry. Enumerators did not report any driver who refused to give out the contact information of the owner of the
truck, or other superior.
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62 companies represent 152 trucks and 160 drivers37. Since there is no census of trucking companies in

Liberia, it is hard to know what share of the total population the sample represents, but I am confident

that it represents a significant share of the overall universe of trucking companies in Liberia.38

Table 1 presents summary statistics. 98% of drivers are always assigned to the same truck, which

means that in most cases treatment is at the driver level. A “trip” is defined as the journey from origin

to destination (the return journey is not considered as being part of the trip). On average, trips in the

sample last 26 hours, a little more than a day, but the time spent on a trip varies a lot among trips. The

average speed of drivers at baseline (which took place during the rainy season) is 18 kilometers per hour

(around 11 mile per hour). However, this only reflects the average speed of trucks during the rainy

season, and the average speed of the control group during the dry season is significantly higher, at 28

kilometers per hour.

3.2 Treatment

Trucks in the treatment group were randomly assigned a GPS tracker.

3.2.1 Randomization

The treatment was rolled out in two phases.

In August 2016, firms were recruited and the owner39 of the truck was asked to sign a Memoran-

dum of Understanding giving the authorization to install a GPS tracking device on all the trucks in his

company.40 Managers and drivers were then interviewed, and upon completion of the interviews of

all manager and drivers of a company, the company’s trucks were randomly assigned to treatment and

control groups, according to the following procedure:

1. Each firm was assigned a random share of trucks to be treated, with an average across firms of 2/3

of treated trucks.41

2. Within each firm, treated trucks were randomly selected according to the assigned share.

3. If a truck was on the threshold then it was randomly assigned to treatment or control such that the

expected value of treated trucks was equal to the randomly assigned share.

At the end of this randomization, 104 trucks (68% of all trucks) where assigned to the treatment group

and 48 trucks where in the control group.

37Here, only drivers that are not managers are counted. These are the drivers of interest for the experiment.
38According to Dablanc (2010), Mali had 1,864 trucks in 2006, or 0.13 trucks per thousand people or 0.35 trucks per $ million

GDP. Scaled to Liberia in 2016, this is equivalent to 600-735 trucks.
39For legal reasons, the owner’s approval is necessary to start the installation. Most of the time the owner of the truck is the

manager.
40The MoU detailed all the interviews the drivers and the managers would have to go through, as well as the procedure of GPS

installation. For the firm to participate in the study, the owner had to give his approval for the interviews, and for the potential
installation of GPS trackers. Drivers were individually asked for consent to be interviewed.

41Firms are assigned a random number - the share of treated trucks - according to a normal distribution centered in 2/3 and
a standard deviation of 0.1. All firms assigned a number above 1 are assigned the number 1 and all firms assigned a number
below 1/3 are assigned 1/3. This random assignment of shares of treated trucks was initially done to investigate the extensive vs.
intensive margin of treatment. However, results don’t show any significant variation along the intensive margin of treatment, and
won’t be presented in this paper.
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Despite the treatment being entirely free for the firms and extensive efforts from the mechanics to

install the devices, by March 2017 (7 months after the beginning of treatment) only 55 of the 104 trackers

had been installed (53% of the treatment group).

Given the slow take-up of treatment a second round of randomization was done in April 2017. The

second randomization followed the procedure of the first randomization, and assigned an additional

one third of the control group to the treatment group. At the end of the second randomization, 19 more

trucks were assigned to the treatment, bringing the total number of treatment trucks to 123 (81% of all

trucks).

By the end of April, the number of trackers installed reached 80 out of the 123 assigned to treat-

ment (65%). Despite strong efforts to install GPS trackers, no trackers were installed between May and

September 2017.

Figure 3 shows the timeline of installation of the GPS trackers. The blue dashed line shows the num-

ber of trackers assigned to treatment, while the plain red line shows the number of trackers installed.

While there appears to be some progression in the first months after the assignment of trucks to treat-

ment, after a year, the number of installations seems to have reached a limit.

In the rest of the paper I will call treatment and control the groups after the second randomization

as follows: the “control group” is the group of trucks that were not selected for treatment on either of

the randomizations, and the “treatment group” is the group of trucks that where selected on either the

first or the second randomization. Table 1 shows that treatment and control groups are balanced. The

balance table for the first randomization can be found in the Appendix.

3.2.2 GPS trackers and installation

All the trucks in the treatment group were assigned a GPS tracker with a label stating the license plate of

the truck they were assigned to (or other form of truck identification) as well as the name of the driver.

To make sure that a truck in the control group did not wrongly receive a GPS tracker, the mechanic was

asked to verify the license plate of the truck and the name of the driver before starting the installation.

GPS trackers used for the purpose of this study are small black boxes of around 3 inches width by

2 inches length (figure 4 shows a picture of a tracker). To be properly functional, GPS trackers must be

installed inside the truck’s dashboard by a professional mechanic. The GPS tracker is directly connected

to the battery of the truck, which allows it to stay on even when the engine is turned off. The tracker turns

off soon after the battery of the truck is disconnected from the truck (which is pretty common in Liberia

when the truck is parked, to avoid battery theft).42The installation takes about 30 minutes to 2 hours,

depending on the truck. The mechanics were hired by the research team, and were sent to the truck’s

parking space, so that the tracker and the installation were completely free of charge for the company.

Figure 4 shows a mechanic working on the dashboard to install the tracker.

Once the GPS tracker is properly installed on the truck, it sends the position of the truck through a

mobile network to an online server. The combination of mobile networks used covers most of the road

network, ensuring that the position of the truck is precisely reported over time. The server stores the

history of recorded positions. Codes of access for the online platform to access the data were given to the

42Other more complex trackers are able to give other type of information such as the oil level. The GPS tracking devices used in
this study do not; they only give information on the location of the truck.
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owner of the truck.43 A printed manual for using the online platform was also provided to the owner, as

well as the telephone numbers that they could reach if they needed help. In the cases in which the owner

was not the direct manager of the driver, the owner shared access codes with the manager. The bottom

picture of figure 4 shows an example of trip.

It quickly became apparent that the drivers were unhappy about the GPS tracking devices. To ensure

that the devices were installed on the trucks according manager’s willingness, and not the driver’s, the

mechanics were asked to follow this procedure:

1. Mechanics contacted the driver assigned to the truck, and scheduled a meeting for the installation.

2. If the first step failed and the tracker could not be installed, the mechanics contacted the manager

and asked him to schedule the meeting with the driver.

3. If the two first steps failed, the mechanics repeated the two first steps the following week.

The mechanics received a wage partly based on the number of devices installed. In addition, an indepen-

dent enumerator verified that the mechanic contacted the drivers and showed up at meetings.44 When a

tracker failed45, it was immediately replaced by a new tracker.

3.3 Data

Data collection was done both before and after the installation of the GPS trackers. Data collection was

completed electronically by a team of twelve enumerators (one supervisor, ten interviewers, and one

back-checker46).

Two types of interviews were completed: manager and driver interviews.

3.3.1 Manager interviews

Managers were first interviewed at baseline, upon recruitment of the firms. These rounds of interviews

lasted from the end of August to the end of October 2016. After the baseline, follow-up interviews were

completed regularly. Three rounds of follow-ups were completed: January 2017, February 2017 and

March 2017.

The baseline and follow-up interviews of managers were very similar. They included questions on:

• The manager (the interviewee), including age, nationality and county of origin.

• The business, including registration status, number of employees, number of trucks and sector.

• The transport sector, including the state of roads, estimated travel times, the competition and the

difficulty of finding loads.

43Driver were not given the codes to access the the online platform.
44While the mechanics sometimes failed to show up at meetings, significant effort was done to correct these errors. By the end

of the treatment period, all failures of installation where due to a failure from the company’s side.
45Fewer than five trackers were reported to fail during the experiment.
46Interviewers complete interviews on the phone or in-person. The supervisor makes sure that the interviewers are accurately

completing interviews. The back-checker contacts a randomly chosen sample of 10 percent of interviewees and corroborates
answers collected by interviewers.
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• The truck, including type, age and price when bought.

• Each driver. Managers were asked to rank on a scale from 0 to 10 a set of statements such as their

relationship to the driver or the care the driver takes of the trucks.

• The drivers’ trips. For each trip completed in the past month that they could remember47, the

managers were asked questions about the origin and destination, estimated time of completion,

the types and length of breaks, the commodity transported, technical issues and whether there was

another truck from the same company on the trip.

The baseline interviews were all conducted in person. Follow-up interviews were done in person or on

the phone at the convenience of the manager. The baseline interviews lasted up to one hour and thirty

minutes, and follow-up interviews lasted on average half an hour.48

3.3.2 Driver interviews

Drivers were interviewed at baseline, in the same period that the manager baseline was completed. There

was one follow-up interview for drivers, in April 2017.

Driver interviews were shorter than managers interviews and included questions on:

• The drivers (the interviewee), including their wage, their nationality and their county of origin.

Drivers were asked to rank on a scale from 0 to 10 a set of statements which mimicked the man-

agers’ interviews. Statements included their relationship with their manager and the care they take

of the trucks.

• Their trips. For each trip completed in the past month49, the drivers were asked the same questions

as the managers: origin and destination, estimated time of completion, the types and length of

breaks, the commodity transported, technical issues and whether the was another truck from the

same company on the trip.50

In addition to the questionnaire, enumerators where trained to explain the role of the GPS tracking device

and the manager’s ability to track the truck at baseline.51 Driver interviews were all carried out in person

during the baseline and follow-up, except when an in-person was not feasible. Interviews usually lasted

between thirty and forty minutes.

Figure 5 shows the timeline of interviews.

47To limit the length of the interview, we limited the number of trips to three per driver. If the driver completed more than three
trips in the last month, the manager was asked about the three main trips completed.

48Since interviews were relatively long and frequent, we prevented manager’s exhaustion by interviewing them at their own
convenience. Also, the enumerators were assigned to companies so that the managers knew the enumerators calling them.

49To limit the length of the interview, we limited the number of trips to three per driver. If the driver completed more than three
trips in the last month, the manager was asked about the three main trips completed.

50Since driver interviews and the manager interviews are not overlapping in time (except for the baseline), it is not possible to
directly compare the data on trips from drivers and managers interviews.

51Not informing the drivers about the GPS tracking devices would have put drivers at risk of being reprimanded or disciplined
by their managers.
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3.3.3 Distance and speed

Given that the GPS trackers are only installed on the trucks of the treatment group, their data cannot be

used for measuring treatment effects.

For this reason, I use data collected from interviews to estimate speed of drivers, and the length

of breaks. For each trip, interviewees are asked about origin and destination, the time it took them to

complete, and an estimate of the time they spent on breaks. To calculate speed, I additionally used a

distance measure that is based on the distance between origin and destination locations as calculated by

Google Maps.52

Providing a precise estimation of the length of a trip or a break is not an easy exercise, which led to a

lot of measurement error. Observations with unrealistic speed estimates were dropped.53 The reliability

of the data from interviews and how it affects the results are discussed in a greater length in the next

section, which explains the effect of the treatment on treated drivers.

4 Results of the Experiment

4.1 Econometric Specification

The key variation that I exploit is within drivers over time. I collected data before and after the treatment

event, which allows me to use a difference-in-difference regression framework with driver fixed effects.

To capture seasonal variation and infrastructure differences among roads I also use month and road fixed

effects. I estimate both the intent-to-treat estimate and the local average treatment effect.

4.1.1 Specification at the trip level

The first specification I use is at the trip level. The main regression follows:

yitr = αi + βr + γt + Xitr + δTit + ε

Where yitr is the output for driver i at time t on road r,

αi, βr, γt are driver, road, and time fixed effects,

Xitr are trip controls (the type of goods transported, technical issues during the trip, and whether there

were several trucks from the same company on the trip),

Tit is the treatment variable, which takes the value one when the truck of driver i was assigned to treat-

ment at t,

and δ is the coefficient of interest.

The results of these regressions yield the intent-to-treat estimates. To compute the local average

treatment effect on the treated, I instrument the treatment take-up with the assignment to treatment.54

52Given Liberia’s road network, there is often only one route to go from one city to another. In case Google Maps offered two
itineraries, the most common route was confirmed by managers of trucking companies. In those cases, the distance difference was
not high and the results are unaltered using one route or the other.

53See Appendix for more details on the cleaning procedure.
54In all tables, two stage regressions are done using 2SLS.
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4.1.2 Specification at the driver level

One concern is that treatment affects the number of trips the driver completed, and biases the number of

observations in each group. To avoid that, in a second specification I reduce the number of observations

at the driver-period level (rather than at the trip level). I apply a fixed effects method in a first stage, and

use the fixed-effects of the first stage to run the second stage.

First stage:

yitr = λit + βr + Xitr + ε

Where yitr is the output for driver i at time t on road r,

βr is a road fixed effect,

Xitr are trip controls (the type of goods transported, technical issues during the trip, and whether there

were several trucks from the same company on the trip),

and λit is a driver-period55 fixed effect

Second stage:

I recover the driver-period fixed effects from the first stage, and use it as the output for the second

stage. Now the observations are at the driver level.

λ̂it = αi + γt + δTit + ε

Where Tit is the treatment variable, which takes the value one when the truck of driver i was assigned to

treatment at t,

and αi and γt are driver and period fixed effects.

4.2 Effect of Monitoring on Driver Performance

A monitoring device should increase workers’ efficiency along measures of effort monitored by the de-

vice. In this section, I study the effect of GPS tracking devices on speed and length of breaks.

4.2.1 Effect on Speed

The first output I explore is the average speed of drivers. By definition of the treatment only the treated

group has a GPS tracker, so that the average speed is estimated with information from interviews (com-

pletion time, destination and origin). I compute separate estimates based on drivers and managers in-

terviews.

In this case, the output (yitr in the previous section) is the average speed (of driver i, on road r, which

happened at time t).

For clarity, all tables in this section present the specifications in the same order. Columns (1), (2) and

(3) show “Instrumental Variable” estimates, which is the local average treatment effect on the treated.

Columns (4), (5) and (6) show “Reduced Form” estimates, also called intent-to-treat estimates, which is

the effect of assignment to treatment. Columns (1) and (4) have no fixed effects, columns (2) and (5) have

period, driver and road fixed effects, and columns (3) and (6) have the same fixed effects as (2) and (5),

55Two periods are defined: before and after the randomization.
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and additional trip controls (fixed effect on types of goods transported, technical issues during the trip,

and whether another truck from the same company was on the trip).

Tables 3 and 4 show the effect of the treatment on speed of drivers, at the trip level. Table 3 was

computed using data from the manager interviews. It shows that the installation of the GPS tracker

significantly increase the average speed of the drivers, as estimated by their managers. The local av-

erage treatment estimate indicate that, according to managers, monitoring devices increased the speed

of treated drivers by about 21 kilometers per hour. Due to the low take-up of the treatment - which

is explored in the next section - the intent-to-treat estimates are smaller. Being assigned to treatment

increased the average speed of the driver by 9.6 kilometers per hour.

To ensure that these results do not come from bias in the managers’ interviews, I compute estimates

based on drivers interviews. Managers might be biased if in order to keep good relationships with the

research team56, they over-estimate the effect of the tracker57. If this is the case, estimates from table 3

may be an over-estimation of the effect. Table 4 shows the same specification, but in this case speed was

estimated from the drivers interviews. While drivers can also be biased in answering the interviews,

they on the contrary would want to under-estimate the effect of the tracker.58 In this case, estimates from

table 4 would be an under-estimation. Estimates from table 4 show that the effect of the treatment on

speed is very similar than the ones from table 3. The local average treatment estimate indicated that,

according to drivers, monitoring devices increased the speed of drivers by about 18 kilometers per hour,

while the intent-to-treat estimate is 10 kilometers per hour.

The specification at the driver level (described in section 4.1.2) gives very similar estimates, presented

in table 6. The preferred specification is the estimation of the effect of treatment at the driver level, using

driver interviews. This estimation shows that the treatment increased the speed of treated drivers by

14 kilometers per hour. This is the specification that will be used in the remainder of the paper. Other

specifications are available in the Appendix.

4.2.2 Effect on Breaks

The installation of monitoring seems to significantly increase the speed of treated drivers, however if

drivers go faster on the road, this may have unexpected consequences (such as more accidents on the

road).

In this section, I explore the effect of the treatment on the length of the breaks taken by the driver

during a trip. I measure the length of breaks from interviews both in hours and as a percentage of the

total trip. Here, breaks include all sorts of reasons to stop, such as deliveries, stops because of mud on

the road, or personal breaks.

yits is the length of breaks of the total time of the trip, for driver i, on trip t, which happened at time s.

Tables 7 and 8 show the effect of the treatment on the length of breaks. Table 7 shows the estimate

of the effect of monitoring on breaks in hours, and table 8 shows estimates on breaks as a percentage of

56Given the positive and significant effect of the trackers on the drivers’ efficiency, it would not be surprising for the companies
to want trackers on their trucks in the control group as well.

57Note that nor the managers nor the drivers were told what the purpose of the research, but the managers could have guessed
that the speed was one of the outputs of interest.

58Given that, as seen in section 6, drivers on average prefer not to be monitored, they would want to convince the research team
that monitoring drivers have no effect on their performance.
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the total trip. Both tables show that GPS trackers significantly reduced the length of breaks during a trip.

Estimates show that drivers with GPS trackers spend around 25% of their trip less on breaks.

These results suggest that the GPS trackers increase speed by decreasing the number of breaks the

driver takes.

4.2.3 Effect on accidents, maintenance costs and technical problems

To further show that the increase in speed did not have a detrimental effect, table 9 presents estimates of

the treatment effect on the number of accidents, maintenance costs and technical problems. The coeffi-

cients are very small and not significant.

Estimates reveal that the tracking devices significantly increases monitored drivers’ average speeds,

without leading to higher accident rates or maintenance costs. In the following sections, I explore why

managers refused to install monitoring devices on selected trucks.

5 Model and Predictions

Despite the fact that GPS trackers were offered at zero cost, and clear evidence of benefit on monitored

drivers, the take-up rate of monitoring devices remains low even a year after the start of the experiment.

Managers deliberately declined to install the devices on 35 percent of the trucks selected for treatment. In

this section I describe a mechanism based on Bénabou & Tirole (2006) that can account for the incomplete

take-up rate. The model has two predictions which will be tested empirically in the following section.

5.1 Model

The agent takes action a, which sends a signal s = a + ε (with ε ∼ N (0, σε)) to the principal. The key

element of the model is that when taking action a, the agent has an intrinsic motivation for taking that

action, and he values the principal’s opinion of that intrinsic motivation.

The principal rewards the agent for his action and also chooses whether he want to monitor the agent

or not. Monitoring allows the principal to reduce the variance of the signal s and better monitoring

allows him to better provide incentives to the agent. This means that a tighter monitoring, m, gives more

incentives to the agent. 59. The agent values these extrinsic incentives based on the signal s with vm

(vm > 0). The agent also has an intrinsic motivation for contributing to the task, va (va > 0).

va and vm are private information of the agent, and over the population:

(
va

vm

)

∼ N

(
v̄a

v̄m
,

[
σ2

a 0

0 σ2
m

] )

59If the principal can better measure the output of the driver, he (i) can provide “better” bonuses – bonuses that better reflect
the agent’s effort – and (ii) has a higher probability of catching shirking behavior. In both cases, the agent has higher incentives to
provide effort.
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The action a has a cost for the agent, C(a) = 1
2 ka2. The agent’s direct benefit can be written:

B = w + vaa + vmm ∙ s − C(a)

Additionally, the agent values the principal’s opinion of his intrinsic motivation. We suppose that

that valuation depends linearly on the principal’s posterior observation:

μE[va|s, m]

Where μ is known to both the agent and the principal. This parameter is key in this model. It

represents how much the agent cares about the principal’s opinion. For example, the agent will value

the principal’s opinion if she cares about her reputation (for future employment or recommendations), or

if the principal can retaliate through their common network (in the case where they do have a common

network). Note that μ is a value of the principal-agent pair. How the agent cares about the principal’s

opinion depends on the identity of the principal. This parameter represents an informal contract between

the principal and agent, and we suppose that the value of μ is common knowledge.

An agent with preferences v ≡ (va, vm) and “image concerns” μ has the utility:

U = w + vaa + vmm ∙ s − C(a) + μE[va|s, m]

There is uncertainty about the signal, s, and we suppose for simplicity that the agent is risk-neutral

so that he maximizes his expected utility:

max
a

Es[U|a] = w + vaa + vmm ∙ a − C(a) + μEs [E[va|s, m]|a]

Which yields:

k ∙ a −
∂R(a, m)

∂a
= va + vm ∙ m (1)

Where R(a, m) = μEs [E[va|s, m]|a]

Bayesian updating (with no prior on the action a) yields:

E[a|s, m] = s

Given that

(
va

vm

)

∼ N

(
v̄a

v̄m
,

[
σ2

a 0

0 σ2
m

] )

, and Es [E[va|s, m]|a = s] = E[va|s, m]:

E[va|s, m] =
v̄aσ2

mm2 +
(

k ∙ s − ∂R(s,m)
∂a − v̄mm

)
σ2

a

σ2
a + σ2

mm2

Now from the perspective of the agent, his expected reputation is:

Es [E[va|s, m]|a] =
v̄aσ2

mm2 +
(

k ∙ a − ∂R(a,m)
∂a − v̄mm

)
σ2

a

σ2
a + σ2

mm2 (2)
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Note that, by definition
1
μ

R(a, m) = Es [E[va|s, m]|a]

So, equation 2 is a linear differential equation in R(a, m), which can be solved:

∂R(a, m)
∂a

= μk
1

1 + m2 σ2
m

σ2
a

And from equation 1:

a =
va + vm ∙ m

k
+ μ

1

1 + m2 σ2
m

σ2
a

So on average over the population, the optimal level of effort chosen by an agent with image concerns

μ is:

ā =
v̄a + v̄m ∙ m

k
+ μ

1

1 + m2 σ2
m

σ2
a

(3)

Equation 3 has two terms. The first term, v̄a+ ˉvm ∙m
k is the result of explicit incentives: intrinsic and

extrinsic incentives. This term is increasing in monitoring, m. The second term, μ 1

1+m2 σ2
m

σ2
a

, represents

the adverse effect of monitoring and is decreasing in monitoring. The intuition for this last term is that

tighter the monitoring undermines the agent’s ability to signal his intrinsic motivation. If the second

term’s negative effect over-compensates the first term’s additional incentives, the effect of monitoring

might be detrimental to the level of effort provided by the agent.

The model presented here is similar to the model of Bénabou & Tirole (2006), with two differences.

First, while the agent does want to appear “prosocial” (μ > 0), she does not care about looking “greedy”(she

does not care about the expected value of vm). The reason this assumption was dropped is that I don’t

need it to explain the phenomena observed in this study. However, adding it to the model would not

change the conclusions or the interpretations. Second, the principal here does not observe directly the

effort of the agent. This assumption had to be added since the principal here is deciding to monitor or

not, which would not be a option if he observed the agent’s effort.

When determining if he should monitor or not the agent, the principal has to determine if the agent’s

optimal effort is increasing or decreasing in monitoring. The parameter μ (known to both the agent and

the principal) is key in this setting. The interpretation and predictions of the model are presented in the

next section.

5.2 Predictions

Figure 6 shows how the population-average optimal level of effort ( ā) varies with the level of monitoring,

for agents with different levels of μ. Given that μrepresents how the agent values the principal’s opinion

of her intrinsic motivation, μ will be referred to as “image concerns”. The figure shows that while for

low levels of image concerns (low μ), effort is an increasing function of monitoring, for some high levels

of image concerns, the optimal level of effort is decreasing and then increasing in monitoring m. The
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figure illustrates two main predictions.

First, monitoring increases effort for agents with low image concerns and is counter-productive for

agents with high image concerns. In figure 6, two levels of monitoring are presented, m = 0.5 and

m = 1.5. For agents with low image concerns (μ = 0 or μ = 1), transitioning from m = 0.5 to m = 1.5

increases the optimal level of effort. Conversely, for agents with high image concerns (μ = 3 or μ = 4),

transitioning from m = 0.5 to m = 1.5 decreases the optimal level of effort. If, in choosing whether to

monitor or not, the manager observes μ, he will monitor agents with low image concerns.

Second, the effect of monitoring is greater the lower are image concerns (the lower μ). In figure 6,

transitioning from m = 0.5 to m = 1.5 increases the optimal level of effort for both agents with μ = 0 and

μ = 1. However the impact of monitoring (the difference between the optimal level effort at m = 0.5 and

the new optimal level at m = 1.5) is greater for the agent with μ = 0.

These two predictions depend on image concerns. In order to test them, I need a measure of image

concerns. In figure 6, it is clear that for any given level of monitoring, higher image concerns predict

a higher level of effort. Therefore, a proxy for image concerns is the baseline level of effort. Other

characteristics of the manager-driver pair may also predict higher image concerns, such as a matching

county of origin: if the drivers come from the manager’s county, he is more likely to care about his

reputation and will have higher image concerns.

The two predictions of the model become:

1. The effect of monitoring is positive for agents who show low effort at baseline and monitoring is

counter-productive for agents that showed high effort at baseline.

2. The effect of monitoring is decreasing in baseline effort and can become negative for drivers who

show high effort at baseline.

The next section tests these predictions.

6 Empirical Evidence

6.1 Baseline characteristics on treatment take-up

Managers decide which drivers will and will not receive a GPS tracker. According to the model, they

base their decision on their priors about the driver. In this section, I show that the managers decided

to install a GPS tracker on the trucks of drivers that showed lower levels of effort at baseline, indicating

lower image concerns.

Figure 7 shows how drivers in the treatment group compare at baseline according to treatment take-

up. On every panel, the top line presents the average and the 95% confidence interval for drivers for

whom the manager refused to install a GPS tracking device. The bottom line presents the same informa-

tion but for drivers who received a tracker. The figure is based on interviews from managers.

The figure clearly shows that managers chose to install GPS tracking devices on drivers who showed

lower performance at baseline. At baseline, according to managers, drivers who received the tracker

were slower, were less able to follow the rules of the firm (such as not transporting unauthorized pas-

sengers or goods, or not using the truck for personal reasons), and were more likely to have accidents.
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During interviews, managers are asked to rate their relationship with their drivers on a scale from 0 to 10.

Managers decided to install monitoring devices on drivers who received a lower “relationship index”.

Managers are also more likely to install a monitoring device on drivers from a different county of origin.

This evidence confirms the hypothesis that managers are more likely to install monitoring devices on

drivers with whom they don’t have “informal arrangements”. In particular, the last piece of evidence

(the fact that manager are less likely to monitor someone from their county of origin) is consistent with

the interpretation of image concerns: drivers from the same county of origin than their managers are

more likely to have high reputation concerns.

Figure 7, together with the results from section 4, show that the manager selected the driver who

performed less well at baseline, and that on those drivers, the effect of monitoring was positive. I now

explore the heterogeneity of the treatment effect.

6.2 Treatment heterogeneity on speed

In this section I examine the heterogeneity of the treatment on speed.

I use the specification at the trip level presented in section 4, with an interaction-term:

λ̂it = αi + γt + πTit + δTit × basei + ε

where all the variables are defined as in section 4 and basei is a baseline proxy of effort. The coefficient of

interest is δ, it indicated whether the baseline proxy of effort is positively or negatively correlated with

the effect of treatment.

The baseline proxies for effort include the average time spent on breaks (as a percentage of total trip),

the propensity of the driver to follow the rules of the business, the relation between the driver and the

manager (as rated from 0 to 10), and whether they are from the same ethnicity.

Table 10 presents the results. Columns (1) to (5) explore the heterogeneity of the effect of treatment

with respect to baseline proxies of effort. Drivers who completed trips faster at baseline, who respected

the rules of the business, and who took good care of their truck, showed a higher effect of the treatment.

This effect also appears for driver who were given a high “relationship index” by their manager, and

who have the same county of origin.

I combine the different baseline characteristics of drivers into a “propensity to be treated” index. This

index is the fitted value of a logit regression of the variable “received treatment” on baseline character-

istics, such as baseline proxies for effort, “relationship index”, or matching origins.60 The index takes

values from 0 to 1 and increases with the probability of being treated. Figure 8 shows the histogram

of treated and not treated drivers with respected to the “propensity to be treated” index. As expected,

treated drivers are especially numerous in high levels of the index, while drivers who were not treated

tend to be in lower levels of the index. Following the predictions of the model, a high propensity to be

treated reflects a driver with low image concerns.

Column (5) of table 10 shows the heterogeneity effect of treatment with respect to a “propensity to be

treated” index. The effect is consistent with the previous columns: a higher propensity to be treated at

60This regression is available in the appendix.
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baseline increases the effect of treatment.

6.3 Treatment heterogeneity on other outputs

Using the same specification than in the previous section, I explore the heterogeneity of the effect with

respect to the “propensity to be treated” index.

Table 11 presents the results. I explore two different measures of effort. First, I explore the propensity

of the driver to follow the rules of the business. Managers were asked to rank on a scale from 0 to 10,

whether they believed the driver followed the rules of the business (Fully Disagree - 0 to Fully Agree -

10). The results from this measure are presented in column (1). While treatment seems to have a positive

effect on the propensity of the driver to follow the rules of the business for drivers with a high propensity

to be treated, this effect disappears for drivers with a low propensity to be treated.

Second, I explore the propensity of the driver to take care of the trucks. Managers were also asked

to rank on the same scale whether they believed the driver took good care of the truck. The results from

this measure of effort are very similar, and are presented in column (2).

To explore whether the treatment was counter-productive for some drivers, I divide drivers in three

groups according to their tercile in the “propensity to be treated” index. Figure 9 shows the treatment co-

efficients for each group. Clearly, the coefficient for the first tercile (the group with the lowest propensity

to be treated) is negative: according to managers, treatment had a negative impact on the propensity of

this group to follow the rules of the business and to take care of the trucks. This confirms the hypothesis

that monitoring is counter-productive for drivers who provided a high level of effort at baseline. This

also confirms the findings of Belot & Schröder (2016) who show that monitoring increases cheating on

dimensions that are not monitored. Here I find that it lowers the level of effort on these other dimensions,

but only for one group of drivers (drivers who have a low propensity to be treated).

6.4 Robustness Checks

6.4.1 Effect of monitoring on relationships

According to the mechanism explored in this paper, if an employer decides to monitor the worker with

whom he had a prior informal arrangement, their relationship deteriorates.

During interviews, managers are asked to rank between 0 and 10 their relationship with their drivers.

While on average the treatment did not seem to have any effect on this “relationship index”, the impact

is very heterogenous. Table 12 shows the heterogeneity of the effect with respect to the “propensity

to be treated” index. For drivers with a high propensity to be treated index have a positive impact of

monitoring on their relationship with their manager, the impact is negative for drivers with a low index.

Separating the sample into three terciles of this index, shows that effect is in fact negative for drivers

with a low score. Figure 10 shows the graph of the coefficients for these different groups.

Managers are also asked to rank between 0 and 10 their trust in each of their drivers. Results for

this “trust index” are similar than for the relationship index, confirming that the decision to monitor is a

signal of distrust to the drivers.
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6.4.2 Treatment heterogeneity according to drivers

All the results presented until now (expect results on speed and breaks) were based on manager inter-

views. In this section I will present results based on driver interviews.

During each interview, drivers are asked to rank some statements on a scale from 0 (Disagree) to 10

(Agree). I explore the effect of treatment on three different statements: “I like working for this firm”, “I

like being a driver”, “I am a good driver”. Drivers are also asked to rank their relationship with their

manager on a scale from 0 to 10.

The heterogeneity of each of this measures with respected to the propensity to be treated index is

presented in table 13 and figure 11. Results are consistent with manager interviews: drivers with a low

propensity to be treated are more negatively affect by the treatment. They are less likely to like their firm,

less likely to enjoy their work, and less likely to be good drivers. The impact on their relationship with

their manager goes in the same directing, though less significantly. 61

7 Conclusion

This paper shows shows that the introduction of GPS monitoring to Liberian trucking firms results in

significantly increased route completion speeds for monitored drivers. However, the effect of monitor-

ing varies from driver to driver. These effects can be explained by segmenting the drivers into certain

heterogeneous groups. Specifically, drivers who do not value the manager’s opinion about them have

high productivity returns on monitoring treatment. On the other hand, drivers who value the man-

ager’s opinion have low returns on treatment, with some cases exhibiting counter-productive effects on

individual productivity. I show that these effects are consistent with the theory of motivation crowding.

This study indicates that productivity gains from technology adoption can be challenged by the pres-

ence of informal arrangements between principals and agents. This effect is especially pronounced in

developing countries, where parties extensively rely on informal arrangements. However, this study

should not be interpreted as evidence that the introduction of technology is counter-productive across-

the-board. The conclusion to be drawn here is that blind application of monitoring technology may pro-

duce a sub-optimal effect on overall productivity. To maximize productivity gain, the choice of which

drivers to monitor should take into consideration the motivations of each individual driver. In the long

term, this experiment indicates that GPS tracking devices could allow firms to hire drivers outside of

their network without a corresponding loss of productivity.

In addition, this study contributes to the explanation of high transport costs in developing coun-

tries by demonstrating that there is a substantial cost due to information asymmetry between managers

and drivers. Resolving this information asymmetry (via GPS monitoring) can significantly lower the

marginal costs of these firms, reducing overall transport costs.

61Note that the number of observations from drivers’ interviews is much smaller, since they only had one follow-up, while
managers had three.
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FIGURE 1: LIBERIA
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FIGURE 2: LIBERIA’S ROADS
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FIGURE 3: TIMELINE OF GPS TRACKER INSTALLATION
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FIGURE 4: GPS TRACKER AND TRUCK DASHBOARD

30



FIGURE 5: TIMELINE OF INTERVIEWS

FIGURE 6: OPTIMAL EFFORT LEVEL AS A FUNCTION OF MONITORING
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FIGURE 7: BASELINE COMPARISON OF SPEED BY TREATMENT TAKE-UP
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FIGURE 8: PROPENSITY TO BE TREATED
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FIGURE 9: EFFECT OF TREATMENT BY QUARTILES OF “PROPENSITY TO BE TREATED” INDEX
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FIGURE 10: EFFECT OF TREATMENT BY QUARTILES OF “PROPENSITY TO BE TREATED” INDEX
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FIGURE 11: EFFECT OF TREATMENT BY QUARTILES OF “PROPENSITY TO BE TREATED” INDEX

36



TABLE 1: SUMMARY STATISTICS AT BASELINE

Mean Std. Dev. Min Max Count

Managers
How many trucks does the firm own? 3.98 5.92 1.00 33.00 62
Is transport the main activity? 0.76 0.43 0.00 1.00 62
Is the firm officially registered? 0.71 0.46 0.00 1.00 62
Does the firm deliver goods outside the country? 0.21 0.41 0.00 1.00 62
Gender of the interviewee (Male=0; Female=1) 0.02 0.13 0.00 1.00 62
Is the manager Liberian? 0.92 0.27 0.00 1.00 62
Is the manager a driver? 0.44 0.50 0.00 1.00 62
Does your business hire carboys? 0.56 0.50 0.00 1.00 62
How many tires did your business purchased last month? 4.15 4.30 0.00 20.00 62
Did the firm ever pay for overloading? 0.27 0.45 0.00 1.00 62
Has this firm ever been a victim of theft? 0.35 0.48 0.00 1.00 62
Is the firm based in Monrovia? 0.69 0.46 0.00 1.00 62
Drivers always assigned to same truck 0.98 0.23 0.00 2.00 55
Trucks
Did the firm import this truck? (No=0; Yes=1) 0.66 0.48 0.00 1.00 152
Truck was second-hand when bought 0.84 0.37 0.00 1.00 152
Maintenance in the past month (USD): 607.87 1112.39 0.00 11000.00 152
Price of truck when bought (1k USD) 23.88 21.42 2.30 120.00 90
Truck assigned to treatment on 1st randomization 0.68 0.47 0.00 1.00 152
Truck assigned to treatment by the end of the experiment 0.81 0.39 0.00 1.00 152
Truck had tracker installed (conditional on being assigned a tracker) 0.64 0.48 0.00 1.00 123
Drivers
Did you ever had an accident? 0.42 0.49 0.00 1.00 142
Driver wage (in USD per day): 6.18 2.20 1.05 13.33 138
Trips
Distance of trip (km) 275.04 209.96 4.00 753.00 177
Time spent on trips (hours) 26.40 28.80 0.50 144.00 177
Average speed (km/h) - Rainy Season 18.13 12.01 5.05 44.36 177
Time of trip spent on breaks (hours) 9.68 22.86 0.00 144.75 156
Percentage of trip spent on breaks (%) 12.99 15.23 0.00 60.00 143

This table was computed with data collected during baseline interviews. Statistcs on managers and trucks were computed using
data from manager interviews, and summary statistics on drivers and trips were computed using data from driver interviews.
Baseline interviews were collected between August and October 2016, which corresponds to the rainy season. In the case where
several managers were interviewed in the same firm, the answers from the oldest manager were retained.
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TABLE 2: BALANCE TABLE

Diff(T-C) Std. Err. T-Stat P-Val

Managers
How many trucks does the firm own? -3.42 2.27 -1.50 0.13
Is transport the main activity? 0.09 0.08 1.16 0.25
Is the firm officily registered? 0.02 0.08 0.33 0.75
Does the firm deliver goods outside the country? -0.12 0.10 -1.19 0.24
Gender of the interviewee (Male=0; Female=1) -0.01 0.02 -0.48 0.63
Is the manager Liberian? 0.04 0.04 1.10 0.27
Is the manager a driver? 0.05 0.08 0.66 0.51
Does your business hire carboys? 0.12 0.10 1.13 0.26
How many tires did your business purchased last month? 0.20 1.09 0.18 0.86
Did the firm ever pay for overloading? 0.03 0.09 0.27 0.78
Has this firm ever been a victim of theft? -0.02 0.10 -0.17 0.87
Is the firm based in Monrovia? 0.08 0.08 0.98 0.33
Drivers always assigned to same truck -0.04 0.04 -0.90 0.37
Trucks
Truck was second-hand when bought 0.02 0.07 0.22 0.82
Maintenance in the past month (USD): 76.59 230.22 0.33 0.74
Price of truck when bought (1k USD) -4.44 5.40 -0.82 0.41
Drivers
Did you ever had an accident? -0.10 0.11 -0.87 0.39
Driver wage (in USD per day): -0.53 0.48 -1.10 0.28
Trips
Distance of trip (km) -13.37 26.82 -0.50 0.62
Time spent on trips (hours) -6.93 5.45 -1.27 0.21
Average speed (km/h) 2.04 2.30 0.89 0.38
Time of trip spent on breaks (hours) 3.95 4.53 0.87 0.38
Percentage of trip spent on breaks (%) 2.53 3.32 0.76 0.45

This table was computed with data collected during baseline interviews. Statistcs on managers and trucks were
computed using data from manager interviews, and summary statistics on drivers and trips were computed using
data from driver interviews. Baseline interviews were collected between August and October 2016, which corre-
sponds to the rainy season. In the case where several managers were interviewed in the same firm, the answers
from the oldest manager were retained.
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TABLE 3: EFFECT OF MONITORING ON SPEED USING MANAGER INTERVIEWS

Instrumental Variable Reduced Form

(1) (2) (3) (4) (5) (6)
Speed

(km/h)
Speed

(km/h)
Speed

(km/h)
Speed

(km/h)
Speed

(km/h)
Speed

(km/h)

Treatment 15.71*** 20.24*** 21.04***
(5.765) (5.202) (5.357)

Assignment to Treatment 6.167** 8.923** 9.646**
(2.359) (4.340) (4.631)

Round FE X X X X

Driver FE X X X X

Road FE X X X X

Trip Controls X X

Observations 243 243 243 243 243 243

Standard errors are in parentheses and are clustered at the company-round level.

* p<.1, ** p<0.05, *** p<0.01

TABLE 4: EFFECT OF MONITORING ON SPEED USING DRIVER INTERVIEWS

Instrumental Variable Reduced Form

(1) (2) (3) (4) (5) (6)
Speed

(km/h)
Speed

(km/h)
Speed

(km/h)
Speed

(km/h)
Speed

(km/h)
Speed

(km/h)

Treatment 21.58*** 18.31*** 17.94***
(3.853) (6.315) (6.300)

Assignment to Treatment 12.30*** 10.41** 10.17**
(2.531) (4.011) (3.995)

Round FE X X X X

Driver FE X X X X

Road FE X X X X

Trip Controls X X

Observations 349 349 349 349 349 349

Standard errors are in parentheses and are clustered at the company-round level.

* p<.1, ** p<0.05, *** p<0.01
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TABLE 5: EFFECT OF MONITORING ON SPEED FIXED EFFECTS USING MANAGER INTERVIEWS

Instrumental Variable Reduced Form

(1) (2) (3) (4) (5) (6)
Speed FE
(km/h)

Speed FE
(km/h)

Speed FE
(km/h)

Speed FE
(km/h)

Speed FE
(km/h)

Speed FE
(km/h)

Treatment 18.25*** 24.65*** 24.65***
(7.051) (9.012) (9.012)

Assignment to Treatment 6.263*** 7.418* 7.418*
(2.341) (3.840) (3.840)

Round FE X X X X

Driver FE X X X X

Road FE in First Stage X X X X
Trip Controls in First Stage X X
Observations 148 148 148 148 148 148

TABLE 6: EFFECT OF MONITORING ON SPEED FIXED EFFECTS USING DRIVER INTERVIEWS

Instrumental Variable Reduced Form

(1) (2) (3) (4) (5) (6)
Speed FE
(km/h)

Speed FE
(km/h)

Speed FE
(km/h)

Speed FE
(km/h)

Speed FE
(km/h)

Speed FE
(km/h)

Treatment 17.76*** 15.87*** 14.34***
(3.508) (4.112) (4.261)

Assignment to Treatment 11.17*** 9.423* 8.513
(2.314) (5.278) (5.487)

Round FE X X X X

Driver FE X X X X

Road FE in First Stage X X X X
Trip Controls in First Stage X X
Observations 176 176 176 176 176 176

40



TABLE 7: EFFECT OF MONITORING ON BREAKS FIXED EFFECTS USING DRIVER INTERVIEWS

Instrumental Variable Reduced Form

(1) (2) (3) (4) (5) (6)
Breaks
(hours)

Breaks
(hours)

Breaks
(hours)

Breaks
(hours)

Breaks
(hours)

Breaks
(hours)

Treatment -7.343*** -12.43** -12.31**
(2.550) (5.640) (5.597)

Assignment to Treatment -4.801*** -6.800 -6.734
(1.650) (6.364) (6.366)

Season FE X X X X

Driver FE X X X X

Road FE in First Stage X X X X
Trip Controls in First Stage X X
Observations 143 143 143 143 143 143

TABLE 8: EFFECT OF MONITORING ON BREAKS FIXED EFFECTS USING DRIVER INTERVIEWS

Instrumental Variable Reduced Form

(1) (2) (3) (4) (5) (6)
Breaks

(%)
Breaks

(%)
Breaks

(%)
Breaks

(%)
Breaks

(%)
Breaks

(%)

Treatment -7.363** -24.83*** -25.25***
(3.292) (6.156) (6.000)

Assignment to Treatment -4.814** -13.58* -13.81*
(2.106) (7.318) (7.463)

Season FE X X X X

Driver FE X X X X

Road FE in First Stage X X X X
Trip Controls in First Stage X X
Observations 143 143 143 143 143 143
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TABLE 9: EFFECT OF MONITORING ON ACCIDENTS, MAINTENANCE COSTS AND TECHNICAL PROB-
LEMS

Instrumental Variable Reduced Form

(1) (2) (3) (4) (5) (6)
Number of
Accidents

Maintenance
Costs (USD)

Technical
Issues

Number of
Accidents

Maintenance
Costs (USD)

Technical
Issues

treated 0.0762 -33.42 -0.0288
(0.0971) (255.3) (0.124)

intenttt 0.0288 -15.68 -0.0137
(0.0367) (119.6) (0.0588)

Round FE X X X X X X

Driver FE X X X X

Truck FE X X

Observations 755 687 730 755 687 730

Standard errors in parentheses. Standard errors are robust

* p<.1, ** p<0.05, *** p<0.01

TABLE 10: HETEROGENEITY OF THE EFFECT OF MONITORING

Reduced Form

(1) (2) (3) (4) (5) (6)
Speed FE
(km/h)

Speed FE
(km/h)

Speed FE
(km/h)

Speed FE
(km/h)

Speed FE
(km/h)

Speed FE
(km/h)

Treatment 10.50 36.11** 22.34* 52.08** 10.10** -19.57**
(3.626) (1.507) (3.370) (1.409) (0.475) (0.607)

Treatment * Average Speed -0.423
(0.121)

Treatment * Respects Rules -3.466**
(0.190)

Treatment *
Takes Care of the Truck -1.604

(0.524)

Treatment * Relation Score -5.273**
(0.109)

Treatment * Same Origin -4.710
(1.352)

Treatment *
Propensity to be Treated 50.79**

(0.926)

Round and Driver FE X X X X X X

Road FE and Trip Cont. in FS X X X X X X
Observations 146 162 162 162 162 173
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TABLE 11: HETEROGENEOUS EFFECT OF MONITORING ON OTHER MEASURES OF EFFORT

Manager Interviews

(1) (2)
Takes Care of the Truck

Rate (0-10)
Follows the Rules

Rate (0-10)

Assignment to Treatment -3.890*** -1.929***
(0.850) (0.697)

Assignment to *
Propensity to be Treated 6.670*** 3.043***

(1.431) (1.063)

Round FE X X

Driver FE X X

Observations 622 622

Standard errors are in parentheses and are clustered at the company-round level.

* p<.1, ** p<0.05, *** p<0.01

TABLE 12: HETEROGENEOUS EFFECT OF MONITORING ON MANAGER-DRIVER RELATIONS

Manager Interviews

(1) (2)
Relationship
Rate (0-10)

Trust
Rate (0-10)

Assignment to Treatment -2.898*** -2.065***
(0.738) (0.695)

Assignment to *
Propensity to be Treated 4.853*** 3.468***

(1.326) (1.153)

Round FE X X

Driver FE X X

Observations 622 622

Standard errors are in parentheses and are clustered at the company-round level.

* p<.1, ** p<0.05, *** p<0.01
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TABLE 13: HETEROGENEOUS EFFECT OF MONITORING ON MANAGER-DRIVER RELATIONS

Manager Interviews

(1) (2) (3) (4)
Likes the Firm

Rate (0-10)
Likes Being a driver

Rate (0-10)
Is a Good Driver

Rate (0-10)
Relationship
Rate (0-10)

Treatment -3.445** -1.202 -1.973 -0.0232
(1.403) (1.335) (1.349) (2.502)

Treatment *
Propensity to be Treated 4.055** 2.226 4.370** -0.907

(2.018) (2.066) (2.089) (3.692)

Round FE X X X X

Driver FE X X X X

Observations 249 259 259 245

Standard errors are in parentheses and are clustered at the company-round level.

* p<.1, ** p<0.05, *** p<0.01
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