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ABSTRACT

We examine the implications of robotics for warehouse worker safety. While
warehouse automation has the potential to reduce injuries by eliminating high-risk
tasks, it may also increase injuries among remaining non-automated tasks, due to
reduced task variety and an accelerated pace of work. Our findings provide
evidence of both effects: warehouse robotics are associated with a 40% decrease in
severe injuries but a 77% increase in non-severe injuries. We provide subsequent
evidence that the rise in non-severe injuries is at least partially attributable to the
increased pace of work at robotics facilities. The implications of our findings for
regulators, policymakers, workers, and firms are discussed within.
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Advancements in computer vision and machine learning have led to the deployment of new
forms of robotics, which are mobile and capable of operating alongside human laborers in a
variety of novel working environments. This has raised questions about the implications of
robotics for worker safety. As with more established forms of automation, it has been argued that
these new robots could significantly improve worker safety by eliminating the need for repetitive
or hazardous work (Amazon.com 2022). However, those assertions are at odds with recent media
accounts that warehouse robotics are associated with an increase in the volume of worker
injuries (Greene and Alcantra 2021). Which claim is correct? We address that question herein.

Somewhat counterintuitively, we posit that both may be true, and that the answer depends
on the unit of analysis one considers. At the task level, robotics may mitigate injuries by
reducing human involvement in hazardous activities. However, at the process level, the
incorporation of robotics leads to at least two negative externalities for the laborers who continue
to perform manual tasks. First, because robotics reduce the variety of tasks available to human
workers (Parker and Grote 2022), those workers become less attentive (Gutelius and Theodore
2019). Second, because robots are capable of operating at faster pace, managers’ productivity
expectations may rise. Workers may therefore take less care in their work, as they seek to keep
pace (ibid). Further, a reduction in tax variety combined with an increased pace of work may
lead human workers to experience greater repetitive motion and increased ergonomic stress.
Accordingly, at the process level, robotics may lead to a rise in worker injuries.

We explore this tension in the context of warehousing, with a specific focus on Amazon
Fulfillment Centers. This focus is deliberate and motivated by several considerations. First, the
warehousing sector is a large and economically important. More than 1.7 million people were

employed in warehouses across the United States as of 2023 (BLS 2023b). Second, the



warehousing sector is characterized by high rates of workplace injury (BLS 2023a). Finally, the
warehousing sector is characterized by factors that are likely to exacerbate the relationships
discussed above, including rapid automation, high rates of turnover, a heavy reliance on
temporary workers, and limited worker protections.

We focus our analysis on the Amazon Fulfillment Center (FC) network, which began
incorporating robotics in 2012, following Amazon’s purchase of Kiva Robotics. We first
compare warehouse level annual injury reports obtained from the Occupational Health and
Safety Administration (OSHA), contrasting Robotic FCs with Legacy FCs. We consider injuries
in general, as well as injuries stratified by severity. Importantly, this data is a particularly unique
aspect of our study. Reported at the establishment level, our data is more nuanced and less likely
to suffer from various sources of unobservable heterogeneity that may influence industry-level
estimates (Bekhtiar et al. 2021).

To better understand the underlying mechanisms behind observed differences in Robotic
FCs, we also examine injury-level data for 26 Amazon FCs in 2018. This analysis enables us to
look at specific categories of injuries (e.g., sprains and strains versus cuts, bruises, or fractures),
employing a difference-in-difference-in-differences design (Olden and Meen 2022) that relates
periods of high operational load (i.e. pace) to differences in injuries occurring at Robotic and
Legacy FCs. Finally, to probe the robustness of our main findings, we conduct analyses at the
state-level, leveraging BLS annual reports of injury rates in states’ warehousing sectors.

Our findings have implications for both practice and theory. Theoretically, our work
establishes a new empirical beachhead in the academic understanding of the implications of
workplace automation. While scholarly work in management and economics has examined

robotics for decades, the focus has typically been on the antecedents of adoption (Pillai et al.



2022) or the downstream implications for labor and productivity (Bessen 2015, Bessen 2016,
Dixon et al. 2021). We pivot on this work by examining the changing nature of collaborative co-
creation between humans and robots and its impact on worker safety. We hope this work serves
as a call for greater attention in academic scholarship not only on the quality and productivity
implications of automation, but the impact on workers.

RELATED LITERATURE
In what follows, we briefly review two broad but related literatures. First, we consider prior
research that addresses how robotics can affect worker health, and the associated implications of
the changing nature of robots. Second, we discuss prior research on task displacement in the
wake of robotics adoption, which highlights that certain tasks are more or less likely to be
displaced. We close by arguing that the certain aspects of the warehousing sector imply that prior
scholarship may not generalize well to this setting, before motivating the tension between
increased and decreased worker safety and possible shifts in injury types.
Robotics Evolution and Worker Health
Canonical work in robotics and automation argues that, beyond productivity gains, the central
reason for robotization is the expectation of improvements in worker safety. The intuition is
simple. As robots can be used in place of humans when performing dangerous or repetitive work
the worker can be spared from potential injury (Murashov et al. 2016). Support for this logic is
easy to find. Gihleb et al. (2022), for example, estimate that a one-standard deviation increase in
industrial robotic adoption within a US commuting zone is associated with 12 fewer injuries per
1,000 workers, across industries. However, the broad, macro relationship between robotics and
injury is likely to mask heterogeneity across contexts. Indeed, other examples in the literature

have come to the opposite conclusion. For example, Karwowski et al. (1988) report that injuries



rose substantially in a Kentucky manufacturing plant following the adoption of robotics. These
mixed findings emphasize the importance of context when studying the impacts of robotics.
Bearing this in mind, robotics has witnessed tremendous advancement in recent years,
taking on novel forms and enabling their deployment in new work environments. Changes in
robotics are perhaps most evident when one considers shifts in the language that has appeared
within regulatory guidance. In the 1970s and 1980s, OSHA guidance on robotic safety
emphasized that robots were “reprogrammable, multifunctional, mechanical manipulators.” This
is in stark contrast to contemporary categorizations, which are more nuanced and emphasize the
collaborative capabilities of robots (Peshkin and Colgate 1999). What is critical to recognize is
that, unlike industrial robots, which typically operate in isolation from human workers,
collaborative robots operate alongside workers, taking on different tasks, in new contexts. This
has led to renewed interest in the effects of collaborative robots on safety (Gualtieri et al. 2021).
Two key points of consideration that have subsequently been raised are the implications
of these collaborative robotics for 1) job satisfaction and ii) the pace at which work is conducted.
Regarding job satisfaction, introducing collaborative robots into the work environment will
necessarily change the nature of tasks conducted by human workers and the environment in
which those tasks are conducted. Recent work, for example, notes that robots may lead to a
decline in mental health among retained workers (Gihleb et al. 2022). This arises from concerns
about job displacement as well as an increased sense of monotony, as robots reduce worker task
variety, autonomy, and discretion (Berg et al. 2023). Ultimately, these shifts can give rise to
general sense of job dissatisfaction (Welfare et al. 2019), leading in turn to boredom and
inattentiveness, conditions that set the stage for accidents and injuries to take place.

Regarding the pace of work, because robots can perform standardized tasks more rapidly



than a human, their presence may enable heightened expectations of productivity for retained
human workers (Anton et al. 2023) when firms attempt to maximize the productivity gains
gleaned from robotics. Reflecting this logic, Borenstein (2010) posits: “if robots can help
surgical procedures to be completed more rapidly, [...] demands on surgeons [may] increase so
they will have to perform more procedures per day.” Thus, while robotics might be adopted with
the initial intent of improving worker safety, by reducing human involvement in dangerous tasks,
unintended negative spillovers may arise for the safety of retained workers, who continue to
perform non-automated tasks, ranging from increased rates of boredom (Anton et al. 2023) to
selection out of the labor force (Lerch 2020).
Robotics and Task Displacement
Given that robots can displace highly repetitive and standardized tasks (Autor 2015), it should
come as no surprise that much of the literature dealing with the employment implications of
robots has focused on job displacement. Still, this literature is careful to recognize that jobs and
tasks are not equivalent; a job is best viewed as a bundle of complementary tasks (Frank et al.
2019, Gorlich 2010). In many cases, only some tasks within a job can be automated, namely
those tasks that are highly standardized and repeatable. Tasks that cannot be automated must
continue to be performed by a human worker. As the original bundle of tasks are generally
complementary to begin with (Gorlich 2010), the new division of labor that results is one in
which the human laborer’s tasks remain complementary to the tasks undertaken by the robot.
Depending on whether a job’s entire task bundle can be automated, versus only a portion,
we might expect the consequences for workers to differ drastically. For example, Barrett et al.
(2012) examined the effects of introducing robotics into a pharmacy setting. Those authors

observed highly heterogeneous effects. Pharmacists benefited from the packing ability of the



robots, and they were able to focus a greater portion of their time on higher-value, difficult-to-
automate tasks. Pharmacy technicians also benefitted from the opportunity to upskill, much as
bank tellers did in the 1990s when banking underwent a period of technological change (Hunter
et al. 2001). In contrast, pharmacy assistants found themselves largely replaced by robots,
because most of their tasks were easier to automate. Pharmacy assistants were thus relegated to a
secondary role, with little meaningful work, undermining both their morale and morale in the
organization. Work by Beane (2019) highlights a similar dynamic, that the introduction of
robotics leads to a division or separation between tasks that can and cannot be automated within
a job. Studying trainee surgeons learning to work with robotic tools, Beane (2019) observed that
surgeons began to focus more on specialist skills and lost generalist skills, as robots were
increasingly relied upon to perform basic tasks. These examples highlight that job and process
redesign (i.e., system level change) is likely to be an important consideration for retained
workers when it comes to the integration of robotics into work processes, and the workplace
more generally (Agrawal et al. 2021, Bresnahan 2019).

A notable aspect of these prior studies is the focus on knowledge workers. Whereas
pharmacists or surgeons have ample opportunity to specialize or upskill, permitting them to
offload portions of their tasks to the robot, this is less likely to be true of a warehouse worker,
where tasks are frequently commodified. Further, whereas a pharmacist or a surgeon might shift
their attention to more value-added work, warechouse workers collaborate with robots under a
relatively more equal division of labor, as the tasks performed by either agent are of similar
value. As such, while the human worker may guide the pace of work in a knowledge intensive
setting, this is less true for physical labor. Accordingly, the pace of work that results may be

driven instead by robots, to the worker’s detriment. It should therefore come as no surprise that



prior scholarship has emphasized nuanced implications when robotics are implemented.
Although hazards may decline in general, new and complicated risks can emerge due to process-
or system-level changes that come with automation (Vautrin and Dei Svaldi 1986). We next
draw on the above observations from the literature to formulate a pair of testable hypotheses.
HYPOTHESES
There is ample reason to expect that robotics will lead to a reduction in the prevalence of
traumatic or severe injury in warehousing. This is because, most simply, robots can replace
workers in performing dangerous or hazardous tasks (Brosque and Fischer 2022), e.g., carrying
heavy loads or handling sharp objects. As discussed, this expectation is the primary motivation
for their adoption into many work settings (Murashov et al. 2016). Although the potential exists
that traumatic injury may rise as workers operate in proximity to robots (Vasic and Billard 2013),
recent advancements in robotic spatial awareness and computer vision (Heo et al. 2019) suggest
that those risks are likely to be mitigated. Indeed, Amazon itself often highlights its efforts to
institute safety measures in the design of its collaborative warehouse robots (Gantenbein 2023).
In contrast, the presence of robots is known to result in worker boredom, disillusionment,
reduced job satisfaction and reduced mental health (Welfare et al. 2019); all of which can lead to
behaviors like drug or alcohol abuse (Berg et al. 2023, Gihleb et al. 2022). Although these
factors set the stage for inattention on the job and thus serious injury, such effects would be
second order in nature. Accordingly, we expect that the presence of robotics will in general be
associated with reductions in the rate of severe or traumatic injury in warehouses. Thus:
Hypothesis 1:  Amazon Robotic Fulfillment Centers will have a lower rate of severe injury, as
defined by injuries which require days of missed work, as compared with
Legacy Fulfillment Centers.

Our second contention relates to less severe injuries (viz., non-traumatic, typically stress-based



injuries). Superficially, employing the logic above, we might expect that workers would again
experience a significant decline in these sorts of injuries. Beyond simply replacing workers in
hazardous tasks, such as heavy lifting, robots are also well-suited to performing highly repetitive
tasks (Murashov et al. 2016). As a result, we might expect that robots would replace humans in
performing highly repetitive tasks, reducing ergonomic strain, and in turn the prevalence of less
severe injuries, e.g., injuries associated with repetitive motion.

However, several of the observations made above suggest that the opposite may be true
(Vautrin and Dei Svaldi 1986). First, many of the un-automated tasks in a warehouse
environment are highly repetitive. While robots can handle many basic tasks in this work
environment, others remain difficult (e.g. manipulating or picking objects that lack flat surfaces).
Second, as numerous scholars have pointed out, robotics eliminate some tasks from the bundle a
worker would previously have performed (Frank et al. 2019, Gorlich 2010). In a warehousing
context, the potential for upskilling or a shift toward more specialized work is limited, hence we
may expect a simple reduction in the variety of tasks that workers undertake (Barrett et al. 2012,
Parker and Grote 2022), implying greater repetition. Finally, it has been observed that robots
may lead to increases in the pace of work, with potentially undesirable consequences for the
human workers who continue to perform complementary, non-automated tasks (Anton et al.
2023, Borenstein 2010). Scholars have long argued that automation increases the pace of work as
firms seek to capture productivity gains (Gutelius and Theodore 2019). As robots operate
quickly, precisely, and without pause, managers are likely to impose greater expectations on
throughput (Gutelius and Theodore 2019). As the pace of work rises, ergonomic risks are also
likely to increase. Taken together, these observations suggest that the introduction of robotics is

likely to lead to a counterintuitive rise in the prevalence of less severe, e.g., stress-based, injuries.



Hypothesis 2: ~ Amazon Robotic Fulfillment Centers will have a higher rate of non-severe
injury, as defined by injuries which do not require missed work, as compared
with Legacy Fulfillment Centers.

METHODS

Study Context & Data

As discussed, the focus of our analysis is the warehousing industry, namely Amazon’s

Fulfillment Center network. We draw our data from a variety of sources. We begin by drawing

on textual data obtained from a large online community of past and present Amazon Fulfillment

Center workers. This data includes worker forum postings which speak anecdotally to workers’

perceptions of, and experience with, robotics in Amazon’s Robotic Fulfillment Centers.

Second, we employ regression analyses to examine an annual warehouse-level panel of
worker injuries. This panel is constructed by combining data from two sources. First, annual
establishment-level injury reports from OSHA (2016 — 2020). Establishments meeting industry
and size criteria are required to provide OSHA with annual reports of all work-related
injuries. From the list of establishments that report injuries to OSHA, we identify Amazon
Fulfillment Centers. We then parse the Amazon warehouse identifier code from the reporting
establishment name. It should be noted that the resulting sample yields an unbalanced panel of
injury reports. This is because some centers were constructed after the start of the sample.

After constructing the set of warehouses, we next identify each warehouse type. To do so
we leverage investigative reports from Reveal. This journalism examined the largest Amazon
warehouses in the United States and leveraged data from a warehousing industry consultancy,
MWPVL (Al-Elew and Oh 2020). A deeper discussion of data sources is available in Appendix
A. Four warehouse types exist: Sortable warehouses, Large-item warehouses, Receiving Centers,

and Other (which are comprised of warehouses with more specialized activities, such as



customer return processing centers). Our sample includes 45 Large item centers (L), 12 return
centers (R), 58 sortation centers (S), and 26 ‘other’ (O) centers.

This dataset also identifies ‘Robotic Fulfillment Centers’ (as opposed to Legacy
Fulfillment Centers). After acquiring Kiva robotics in 2012 Amazon began to introduce robotic-
focused warehouse facilities that leverage autonomous robots to complete large portions of day-
to-day work. These Robotic FCs employ human workers who operate alongside robots to fulfill
tasks that are not yet easy to automate. This indicator of whether a facility is a Robotic or Legacy
Fulfillment Center is our key independent variable of interest. Considering descriptive
differences between Robotic and Legacy FCs, we observe that Robotic centers tend to have more
employees, and more total hours worked (see Figure E1). Combining these data, we are left with
a panel comprised of 141 distinct Amazon warehouses.

Next, using each warehouse’s address, we map it to local census records. From this we
obtain the population of the warehouse’s census tract as well as measures of per capita wealth
(median household income) and education (fraction of residents that has attended at least some
college). Table 1 contains the main variables that enter this panel, including variable definitions
and summary statistics. Here, it should be noted that a given establishment does not necessarily
appear in the OSHA sample in each year following its construction, as a given warehouse may
move in and out of reporting requirements. Our panel thus includes 89 observations in 2017, 105
observations in 2018, 139 observations in 2019, and 135 observations in 2020. However,
repeating our estimations (described below) while omitting warehouses for which the panel is
‘interrupted’ (i.e., where there are missing values for establishment injury reports following a
warehouse’s first report in the data) yields consistent results. Figure 1 depicts a map of the

locations of the Amazon warehouses that comprise the panel. A correlation matrix for the
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variables in this estimation sample is presented in Figure 2.
-- INSERT TABLE 1 HERE --
-- INSERT FIGURE 1 HERE -
-- INSERT FIGURE 2 HERE --

Third, we construct another panel where each observation reflects a triple of warehouse,
month, and injury type (sprain/strain vs. other), based on injury level log data obtained from 26
Amazon Fulfillment Centers for the year 2018. These logs were sourced from the same
investigative journalism conducted by Reveal news. This second panel includes an indicator of
whether a warehouse is a Robotic or Legacy facility. Descriptive statistics associated with this
second panel are in Table 2. As can be seen, approximately 60% of these warehouses are Robotic
Fulfillment Centers. Of note is that sprains are by far the most common injury type among these
warehouses. The frequency of sprains and strains is 3-4 times all other injury types combined.

-- INSERT TABLE 2 HERE --

Finally, to address the concern that there is no change in warehousing type (i.e., all FCs
are built as either Legacy or Robotic Centers with no retrofitting), we construct a panel at the
state-year level. This panel captures injury rates collectively reported among all privately owned
establishments operating in a given state’s Warehousing and Storage sector (NAICS 493), i, in a
given year, ¢. The injury rate measures, obtained from the BLS’s Survey of Occupational Injury
and Illness (SOII), capture the count of injuries per 100 full time workers, both for injuries
involving job transfer and injuries involving missed work. This panel also includes a binary
indicator of whether the state, i, has received any Robotic FCs as of year, 7. Descriptive statistics
for the state-year panel are reported in Table 3, below.

-- INSERT TABLE 3 HERE --
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Empirical Approach
Textual Data: We begin our analysis by exploring the textual data supplied by past and present
employees of Amazon Fulfillment Centers who participate in a large community on Reddit.
These workers’ posts offer a natural source of insight for understanding worker perceptions of
robotics in Fulfillment Centers. We first consider an explicit poll that was conducted among
community members, soliciting workers’ opinions on the relative safety and ‘interestingness’ of
stock picking work conducted at Amazon’s Legacy versus Robotic FCs. We also delve into the
text of posts and comments.

We collected all posts and comments from the sub-reddit made between 2022 and 2023.
We then filtered the posts based on keywords, identifying the subset that make explicit mention
of the terms workers use to describe FCs that make use of Robotics and those that do not. They
key identifying terms are ‘robot’ and ‘legacy’ or ‘traditional’. This process yielded roughly 1,800
posts that referenced Robotic FCs, and another 500 posts that referenced traditional or legacy
FCs. After pre-processing the text, i.e., converting to lower case, removing URLs, punctuation,
and stop words, we calculate the frequency of all pairs of words appearing alongside one another
in a post or comment (i.e., bigrams). Based on their relative frequency, we then constructed word
clouds based on the top 50 most frequent bigrams appearing in posts that referenced Robotic
FCs, and the top 50 most frequent bigrams appearing in posts that referenced Legacy FC. Further
details of this process can be found in Appendix B of the online supplement.

Quantitative Data: To execute our quantitative analysis of establishment-level injury

reports published by OSHA we estimate the relative difference in the frequency of various
injuries across Robotic and Legacy FCs. Our initial estimations are based on Equation (1),

below, where i indexes warehouses and ¢ indexes years. We consider several outcome measures,
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Y, beginning with general volumes of injury. OSHA defines a workplace injury as “any wound
or damage to the body resulting from an event in the work environment.”’ It is important to note
that these data are self-reported by each establishment.

We then consider injuries by level of severity. We distinguish injuries that required
employees to miss work altogether and those requiring temporary job transfer or reassignment.
Our logic is simple. Injuries that necessitate worker absence are more likely to be serious
because traumatic injuries require rest or on-going medical care. This is consistent with prior
work. Indeed, prior research conducted by the BLS has reported, for example, that head injuries
are more likely to result in missed work, whereas hand injuries are more likely to result in
temporary job transfer (BLS 2015). Note that these are not mutually exclusive classifications,
because a single injury may require both missed work and subsequent job transfer. Further, we
consider measures of total employee-days of work missed due to injury, and total employee-days
of work reassignment due to injury. In addition to simple linear regressions, as expressed in
Equation (1), we also estimate a model that explicitly addresses the non-negative count nature of
the various outcomes, namely a bivariate Poisson regression (Xu and Hardin 2016). Standard
errors are robust and clustered on the warehouse. Formally:

Y;¢ = Robotics; + X;, + L; + WHType; + Year, + State; + €;, (1)

Our key independent variable of interest in these regressions is Robotics, a binary
indicator of whether the warehouse is a Robotic Fulfillment Center. In these models, we control
for time-varying levels of workload and labor supply at each warehouse (reflected by X in the
equation), measures of annual average employee volumes, and total hours worked. We also
control for population characteristics, reflected by L in the equation, based on the American

Community Survey. These measures include census tract population, median household income,
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and the fraction of the local population having at least some college education. Finally, we
include fixed effects for warehouse type (which may be Sortable warehouses, Large-item
warehouses, Receiving Centers, or Other), year, and state. Year fixed effects account for
country-wide unobservable shocks to working conditions (e.g., COVID-19), while state fixed
effects account for local unobservable factors at the state level, e.g., local regulation or policies
regarding workers’ rights. Note that, in deference to multicollinearity concerns (i.e., poison
controls), we also estimate these models with subsets of the controls. Results remain consistent.
We then explore the relationship between robotics and injury in a more granular manner
by evaluating the effect of an exogenous increase in the pace of work, driven by the occurrence
of specific sales events (Black Friday / Cyber Monday and Amazon Prime Day) on the volume
and mix of injuries that occur at a given warehouse. We consider the monthly volume of injuries
arising at warehouses, by injury type, leveraging the injury-level log data for 26 Amazon
warehouses in 2018. These more detailed injury logs allow us to operationalize injury volumes
seasonally, and to distinguish injuries that are plausibly due to repetitive stress, (e.g., sprains and
strains), from those that are due to trauma, (e.g., cuts, bruises, fractures, concussions). To exploit
within-year seasonality in operational load, we examine shifts in the volumes of different
injuries, across Robotics and Legacy Fulfillment Centers, during periods of higher load, namely
Black Friday, Cyber Monday, and Amazon Prime Day in November and June. We then estimate
a triple difference regression (Olden and M@en 2022) using Equation (2), where i indexes
warehouses, j indexes injury types, and ¢ indexes months. Here, T captures our vector of month
fixed effects, and § captures our vector of warehouse fixed effects. Note that the main effect of
our Robotics Fulfillment Center indicator is not identified in this regression as it is subsumed by

our warehouse fixed effects, §.
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InjuryVolume; ;. = 1, + Sprain; + 7, - Robotics; + 1, - Sprain; + Robotics; - Sprain;
+ 7. * Robotics; - Sprain; + 6; + €, (2)

Finally, to ensure the robustness of our main results to the lack of within warehouse
change in robotics, and better-establish the causal nature of the impact of robotic facilities on
injuries, we change the unit of analysis to the state’s warehousing sector. In doing so, we use a
state-year panel instead of an establishment-year panel. Such an approach is appealing because
Amazon FCs are typically the largest warehousing operation in a geography and their entry has
detectable effects on local labor markets (Pathania and Netessine 2022, Rudolph et al. 2023).
With this analysis, we treat the first construction of a Robotic FC as a shock to the injury rates
collectively reported among all privately-owned establishments operating in a given state’s
Warehousing and Storage sector (NAICS 493), i, in a given year, ¢. Our state-sector injury rate
measures are obtained from the BLS’s Survey of Occupational Injury and Illness (SOII).

Using the resulting state-year panel, we estimate a difference-in-differences regression, as
per Equation (3). The variable AnyRoboticFCs is a binary treatment indicator of whether a state,
i, has received any Robotics FCs as of year, . Given the staggered nature of the treatments, we
perform this estimation using the two-stage estimator proposed by Gardner (2022).

Log(InjuryRate; ;) = AnyRoboticFCs;; + 1, + 6; + €;¢ 3)
RESULTS
Anecdotal and Textual Evidence from Reddit
We first report results from the subreddits focused on Amazon Fulfillment Center. While not
statistical in nature, this evidence is valuable as it provides a check on the face validity of our
hypotheses. We begin with the descriptive poll, wherein workers with experience at Robotic and
Legacy Fulfillment Centers were asked about their perceptions of the safety and ‘interestingness’

of stock-picking work that is supported by robots versus not. The poll received 148 responses.
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Most workers (N = 93/148, or 63%) reported a belief that stock picking is safer when performed
at a Robotic Fulfillment Center. However, workers reported mixed opinions regarding whether
the work was more interesting when conducted at a Robotic Fulfillment Center.

More nuanced details were also available in workers’ unstructured posts. Several
anecdotal posts discussed the differences in the nature of the work conducted with and without
robotic support. Many workers observed that the work was less physically stressful at Robotic
FCs, but also more repetitive and mentally challenging. As noted by one worker: “the robot-
enabled sites are typically less walking [sic], but still physical because picking/stowing is much
faster. Many people burn out from the monotonous nature of it. Some people like it and just zone
out.” A second worker stated that stock picking at a Robotic FC is “not physically exhausting.
It’s mentally [exhausting].” A third stated that picking at a Robotic FC is “better than working at
a legacy FC ... [where] we easily clock 20k steps a day.” Finally, numerous posts indicated that
productivity expectations are higher at Robotic FCs. Posts indicated that management expected
pick rates 2-3 times higher at Robotic versus Legacy FCs (300-450 items per hour versus 100
items per hour). These descriptive data are consistent with our hypotheses, as they suggest
workers in Robotic FCs perceive their work environment to be: 1) less physically demanding, ii)
safer, iii) more prone to boredom and distraction, and iv) faster paced.

To increase the rigor of this analysis, we turn to the isolated bigrams, and we calculate
their frequencies to create word clouds. The resulting word clouds for Robotic FC and Legacy
FC posts are in Figures B1 and B2 of Supplementary Appendix B. Several interesting contrasts
emerge from these visuals. First, posts related to Legacy FCs are much more likely to make
mention of walking. That is, associates discussing Legacy FCs frequently mention that their job

involves “walking around” for several “miles [a] day.” Second, Legacy FC posts more frequently
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mention safety equipment, specifically “safety shoes,” which presumably serve as protection for
workers feet, e.g., in the face of potentially dropping “large items.”

In contrast, posts associated with Robotic FCs make no mention of walking, nor any
mention of safety equipment. Instead, these posts highlight concerns about “mental health,”
standing in “one spot,” while nonetheless performing “hard work,” under the threat of receiving
“write ups” from management. Amazon’s write-up policy flags workers for various behaviors,
most notably failure to meet stock picking quotas. Media coverage of Amazon has explicitly
discussed Amazon’s write-up policy, and its practice of penalizing workers for operating too
slowly (Dastin 2022, Pottenger 2020). Taken in sum, these anecdotal reports open the door to the
fact that injury rates and types might vary drastically across the two types of facilities.

Annual Injury Panel

Our main regression results, employing ordinary least squares (OLS) regression, are in Table 4.
In Model 1, we initially see that robotics are not significantly associated with the volume of
workplace injuries occurring at a warehouse in an average year. The only significant associations
we observe are, intuitively, that injuries are more prevalent when a warehouse has more
employees, and more employee hours worked. This is consistent with the scope of work overall.
However, Models 2 through 5 indicate that these baseline results mask important heterogeneity.
Models 2 and 3 indicate that robotics are associated with a reduction in injuries that require
employees to miss work, whereas Models 4 and 5 indicate that robotics are associated with an
increase in injuries that require employees to be temporarily assigned to different roles within the
facility. This pattern of results is consistent with the anecdotal evidence reported earlier and
underscores the notion that while the incorporation of robotics is associated with a reduced

frequency of severe, traumatic, or life-threatening injuries, it is concomitantly associated with a
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rise in less-severe injuries.
-- INSERT TABLE 4 HERE --

The effects we observe are practically meaningful. The average number of annual injuries
involving days of missed work is approximately 58, whereas the average reported volume of
injuries involving days of job transfer is approximately 40. The estimated effect of robotics on
days of missed work thus translates to decline equal to roughly 27% of the average, whereas the
effect on days of job transfer translates to a nearly 70% rise over the average.

We next repeat the analysis employing a bivariate Poisson regression. This has two main
benefits. First, this estimator can accommodate the non-negative count nature of the outcomes
we study. Second, it enables us to explore the joint effects of robotics on each outcome, in
tandem. Results are in Table 5 and remain consistent. Estimates indicate that robotics are
simultaneously associated with a reduction in injuries requiring work absences and a rise in
injuries requiring job transfer or job restriction. The estimates in Table 5 also have the benefit of
being interpretable as elasticities, enabling a comparison of relative magnitudes. The coefficient
associated with injuries involving work absences translates to an approximate 40% reduction
(exp(-0.499) — 1 = -0.393), while the coefficient associated with injuries involving job transfer or
restriction translates to an approximate 70% increase.

-- INSERT TABLE 5 HERE --
Monthly Injury Panel by Injury Type
Before discussing results from the difference-in-difference-in-differences (DDD) estimates, we
consider some descriptive details. In Appendix C we present a plot depicting the proportion of
2018 injuries that are of a particular type, e.g., sprain/strain, bruise, cut, fracture, by warehouse

type (Robotic vs. Legacy). Sprains and strains are the most common injury type. More
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importantly, such injuries are systematically more common in Robotic facilities.

Further, we present a descriptive plot of the monthly average trends in injury volumes,
contrasting Robotic and Legacy centers, as well as injury types (Figure 3). The lines of best fit
reflect Locally Weighted Exponential Scatterplot Smoothing (LOESS) curves, fit to the four
injury samples (Robotics vs. Not * Sprains vs. Other), relating total injury volumes to month of
year. The initial pattern is consistent with expectations. In general, sprains and strains become
systematically more prevalent in Robotic Fulfillment Centers, particularly during periods of high
operational load, i.e., June and July, in proximity to Amazon Prime Day, and November, in
proximity to Black Friday, Cyber Monday, and the holiday shopping season.

We depict the triple difference estimates graphically in Figure 4, based on Equation (2).
Because our panel includes just 26 warehouses, we employ wild cluster bootstrap standard errors
when constructing our 95% confidence intervals, to avoid bias that can arise with a small number
of clusters (MacKinnon and Webb 2018). March is the reference period, as it appears to be a
relative low point in injury volumes. Consistent with the plot, we see that, relative to that month,
Robotic FCs exhibit statistically significant increases in the volume of sprain injuries, relative to
Legacy FCs and non-sprain injuries, in June and July, as well as November and December. As
such, our results are consistent with the notion that Robotic Fulfillment Centers exhibit spikes in
injuries associated with repetitive motion and stress under periods of high operational load.

-- INSERT FIGURE 3 HERE --
-- INSERT FIGURE 4 HERE --
State-Year Analysis
We conclude with our analysis of Robotic FC construction and the subsequent impact on injury

rates reported in each state’s warehousing and storage sector. Details of the panel are in

19



Appendix D. Employing the state-sector as our unit of analysis enables us to assess our main
research question in a different way. As Amazon FCs are generally large and are known to have
substantial impacts on local labor markets, it is plausible that their construction will have a
material impact on state-level injuries in the warehousing sector. We investigate this question
using a difference in difference approach. In doing so, we cast Robotic FC construction as a
shock to state injury rates.

Our estimator is the two-stage difference-in-differences approach proposed by Gardner
(2022), which addresses potential bias that can arise when treatment is staggered across units and
time (Roth et al. 2023). Results are in Figure 5. As can be seen, estimates indicate that the initial
construction of a Robotic FC leads to a significant rise in injuries that involve job transfer, with a
weaker insignificant effect on the rate of injuries involving days of missed work. Moreover, pre-
treatment trends across treated and untreated locations are not significantly different from each
other, suggesting that the parallel trends assumption is satisfied. These results indicate a
significant effect of Robotic FC construction on a state’s rate of injury involving job transfer, in
contrast to a weaker relationship with more traumatic injuries, consistent with our prior findings.
Note that, repeating these estimations taking the entry of the first Legacy FC as treatment, we
observe no clear pattern of effects; that is, we observed no statistically significant increase in
injuries of either type of the 3 years following first FC construction.

-- INSERT FIGURE 5 HERE -
ROBUSTNESS CHECKS
Placebo Tests
We first estimate a series of models to examine the correlation between the presence of robotics

and the volume of illnesses arising at an establishment. Intuitively, these conditions are not
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plausibly related to robotics. In doing so, we estimate the relationship between robotics and the
volume of poisonings, respiratory conditions, skin conditions, and hearing loss. We estimate
each model employing the same set of controls as earlier. We estimate all models employing
OLS regression, clustering standard errors by warehouse. Results are in Table E1 of the
Appendix, where we observe no significant relationships between robotics and any illness type.
Inverse Propensity for Treatment Weighting

Next, we report the results of our primary regressions employing a reweighted sample. We
implement the reweighting based on covariate-balancing propensity scores (Imai and Ratkovic
2014), employing all available measures, including annual average employees, total hours
worked, warehouse type, the size of the local population, the median household income, the
fraction of residents with some college education, and the year. Our reweighting procedure
reduces imbalance across the set of observable covariates, as shown in Figure E1 of the
Appendix. Importantly, all standardized mean differences are less than or equal to 0.2, typically
considered a lower threshold for a ‘small’ effect size with standardized mean differences, i.e.,
Cohen’s d (Cohen 2013).

Replicating our main estimations with the reweighted sample, we observe consistent
results (Table E2 in the Supplement). We see an insignificant relationship between the presence
of robotics and the average annual number of injuries reported by an establishment. However,
once we separate injuries into those that require work absence and those that require job transfer,
we observe the same set of countervailing outcomes. That is, the presence of robotics is
significantly and negatively associated with the volume of reported injuries that involve work

absences, yet significantly and positively associated with the volume of reported injuries
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involving job transfer. We observe the same pattern of effects around the total number of days of
injury work absences and injury job transfers.

Alternative Regression Specifications

As another robustness check, we consider alternative regression specifications. Specifically,
rather than merely condition on hours worked, we consider an estimation wherein we normalize
injury volumes by the total employee hours worked at a facility. We accomplish this by re-
estimating our injury count models using Poisson regression, and incorporating the total hours
worked (in 1000s) as an exposure term. As can be seen in Table E3, results remain consistent.
Further, in Table E4, we repeat our estimation employing a log-linear regression with a rate
outcome, i.e., explicitly normalizing the injury outcomes with respect to annual average
employees. Results remain consistent.

Survival Model
There is also the natural concern that Robotic Fulfillment Centers are not assigned at random,

and that pre-existing injury activities might even drive Amazon to construct a Robotic rather than
Legacy FC in a location. To assess this, we estimate a Cox Proportional Hazard model using the
state-year panel, wherein a binary indicator of the first Robotic FC construction in a state serves
as the failure event. We examine whether states’ contemporaneous and lagged rates of worker
injury involving job transfer and missed work significantly affects the hazard of robotics use.
Results of are in Appendix Table D1. We observe no significant relationship between either the
contemporaneous or lagged injury rates and the hazard of Robotic FC construction. This null
result provides no evidence that Amazon is selective about its use of Robotics in a way that
would associate with the pre-existing nature of injury activity in the warehousing sector of a

given geography.
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DISCUSSION
In this work we examine the relationship between robotic automation and worker health in the
warehousing industry, focusing specifically on Amazon Fulfillment Centers. We provide
evidence that while the adoption of robotics is associated with a reduction in severe injuries, it is
also associated with a significant increase in less-severe injuries. The increase in less-severe
injuries can likely be attributed to a simultaneous decline in task variety and increase in the pace
of work imposed on workers.

As discussed, these findings have practical and theoretical implications. On the practical
side, our work has implications for organizations and regulators. Adopting organizations might
address the rise in non-severe injuries in several ways. Note that non-traumatic (less severe)
injuries are not accidents; rather, they arise from the normal performance of a task, albeit at a
potentially higher pace. Taking this into consideration, it seems apparent that addressing robotics
in the workplace will require careful attention to task and job design, to account for increases in
the pace of work. This may involve more frequent task rotation or workforce cross-training, as
we note elsewhere.

In a warehousing context, cross-training could involve training workers to operate
different types of machinery, such as forklifts, conveyors, or automated storage and retrieval
systems. This would enable workers to move between different roles within the warehouse,
should the need arise, e.g., due to injury. Cross-training could also involve training workers in
different aspects of the fulfillment process, such as packing or shipping. This would enable
workers to perform different tasks and to have greater task variety, which may help to prevent
injuries from repetitive motion, overexertion, or monotony.

There are further implications for regulators. To the extent that workplace injuries are a
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reality of the warehousing setting, one interpretation of our findings might be that investment in
robotics simply displaces one type of injury for another, thereby maintaining the status quo. Yet,
to the extent that our findings also suggest that non-traumatic injuries spike during periods of
higher load, it appears that firms like Amazon are balancing the pace of work (to capture the
efficiencies of robotics) and worker safety. And while it is beyond the scope of this scholarship
to determine what the optimal balance between economic output and worker safety is, should
regulators determine that worker welfare is being degraded, our findings suggest that worker
protections may be warranted. These could come in numerous forms, from federal intervention
via OSHA'’s administrative rulemaking process, to legislation under Congress’ ability to regulate
interstate commerce, to state level statutory responses. Such regulations could take the form of
simple fines / penalties, or more comprehensive regulation of the interaction between workers
and robots, to shift the managerial calculus in favor of worker health. Regulation could further
include requirements for training, safety inspections, and penalties for unsafe working
conditions.

Concomitantly, our findings provide empirical evidence to support the recent trend in
collective bargaining at warehousing facilities. Should workers believe the tradeoff between
safety and productivity is exploitive, unionization is the traditional means by which workers can
increase their ability to sculpt firm policy. Not only would this facilitate the ability of workers to
address grievances through the means available to organized labor (e.g., general strikes, worker
slowdowns, arbitration) it might also benefit warehousing firms in the long term by reducing
turnover. This has the potential to lower administrative overhead for firms (by limiting the scope
of onboarding and training for new workers) and mitigate any tortious liability that worker safety

exposes the firm to. And while further research is needed to comprehensively understand this
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calculus for firms, the case for collective bargaining is evident.

Finally, there seems to be no shortage of workers flocking to warehouse jobs, despite the
ready availability of worker job evaluations, e.g., on GlassDoor, or in ad hoc venues like Reddit.
This suggests a lack of visibility to the problems we document here, or a lack of appreciation for
the gravity of the problem. In terms of academic contribution, our work provides a novel
consideration of the implications of new forms of robotics for worker safety, in entirely new
working environments. While canonical work in this space has considered the effect of
automation on worker safety in contexts like assembly lines (Acemoglu and Restrepo 2020,
Graetz and Michaels 2018), or examined downstream productivity (Bessen 2015, Bessen 2016,
Dixon et al. 2021), little attention has been paid to emerging forms of robotics which work
alongside human collaborators. We are thus able to extend not only the scope (context) of
consideration, but the style of robots investigated, and the nature of injuries which accrue.

As robotic technology continues to advance, understanding how these new forms of
robotics influence worker safety will be critical, especially as they begin to spill over into other
industries. Moreover, as the impacts on worker health are highly contextual, it will be important
for academics, firms, workers, and regulators to take stock of the impact on worker well-being in
each setting, and adapt accordingly. As mentioned, we hope this work serves as a call for
increased attention on physical robotic automation and worker safety.

Our work also provides a novel perspective on the relationship between automation,
robotics, and worker safety, considering spillovers between tasks at the level of a broader
organizational process. Whereas prior work considering the implications of robotics and
automation for worker safety has frequently focused on the individual worker (Gihleb et al.

2022, Vasic and Billard 2013), our study highlights the importance of considering the design of

25



the working environment and highlights the importance of coordinating activities between
various agents, whether robot or human, i.e., system-level change (Agrawal et al. 2021,
Bresnahan 2019). The key insight is that the introduction of robotics may present firms with an
incentive to sacrifice worker health to reap the productivity benefits of robotic automation. To
the extent possible, future work should explore approaches to mitigate that incentive, whether
through modified job design, advancements such as health monitoring technologies, or
alternative enforcement mechanisms.

Our work is of course subject to some limitations, which provide rich opportunities for
future work. First, our dataset allows us to observe a wide range of injuries in the workplace.
That said, we have limited visibility into detailed task performance of a particular worker, and
how that task connected with robotics to drive injury. As such, we are unable to offer concrete
guidelines or insights about task design to best accommodate the introduction of robotics into the
work environment. Future work might look to address this gap via alternative methods, e.g.,
ethnographic observation (Burtch et al. 2010).

Second, we observe, in aggregate (at the warehouse level) the relationship between injury
types and robotic automation. However, our analysis lacks insight into the characteristics of the
worker population at a given warehouse, and lacks insight into the health progression of workers
over time, as they encounter robotics. As the individual worker is the focus, we hope future work
will examine how workers’ entry or exit from a roboticized work environment affects worker
health over time. Relatedly, although we have confirmed verbally with Amazon representatives
that the nature of workflows and processes at Robotic and Legacy FCs are similar, aside from the
presence of robotics and conditional on the Fulfillment Center type, we lack any direct means of

verifying the extent to which this is true in practice. Accordingly, it is possible that Robotic FCs
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may differ in unobserved ways beyond the presence of robotics, which may contribute to the
effects we observe.

Third, several of our datasets are not comprehensive. Our establishment-level OSHA data
is not comprehensive, as it applies only to establishments that meet reporting requirements.
Similarly, our injury-level OSHA 300 data pertains to 26 specific warehouses, for which Reveal
News was able to obtain the logs via current or past employees. And, our state-level warehouse
sector injury panels are subject to missingness, as not all states report injury rate metrics in all
time periods for NAICS 493. Given these issues, our results should be interpreted with caution,
as it is possible that inclusion of unobserved establishments and states in all years might
influence our estimates and conclusions.

Finally, given the data limitation, we cannot speak to why one warehouse in a particular
location is designed as a Legacy Fulfillment Center, while another is designed as Robotic. Our
triple difference approach, as well as matching, limit the effects of this limitation to some extent,
but it nevertheless remains a concern. Future work might consider not only why organizational
bodies designate one warehouse as one and one warehouse as another, but how transitioning
between the two affects workers.

CONCLUSION
It is critical that firms be transparent about the risks and benefits associated with the integration
of robotics into workplace processes, as well as the measures they are taking to manage these
risks. This transparency can build trust among workers and prevent both conflict and resistance
to the adoption of new technologies. To manage risks and foster trust, collaboration will be key.
As with any significant change in the workplace, the adoption of robotics requires a cultural

shift. And firms must foster a culture of safety and continuous improvement to ensure that
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worker safety remains a top priority in the face of rapid technological change. Firms should work
closely with workers, unions, regulators, and other stakeholders to ensure that the adoption of
new technologies is managed in a safe and responsible manner that prioritizes worker health and
safety. This study highlights the need for further research to better understand the complex
relationship between robotic automation and worker health and safety. This may involve
conducting detailed studies of workplaces or longitudinal studies that track the effects of
automation over time. It is our hope that this work can serve as a stepping-stone to future work in
the nascent space of robotics.
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TABLES

Table 1. Annual Panel: Variables and Descriptive Statistics

N  Variable Variable Description Mean S.D. Min. Max.
468 Injuries Total number of work-related injuries, by facility and year. 106 83.8 0 566
468  TnjuriesMissedWork "fl;(;'[izllilt;u;rrrll(li)c;rezi work-related injuries where at least one day of work was missed, by 579 573 0 384
468  TnjuriesJobTransfer ;Fe(zltlzllilrzg’rr;l;e;a(::ti‘ l\ixgrfrlze;aetjrc'l injuries where at least one day of job transfer was 402 56 0 338
468 DaysMissedWork Total days of missed work due to workplace injuries, by facility and year. 2,981 3,531 0 28,164
468 DaysJobTransfer Total days of job transfer due to workplace injuries, by facility and year. 2,960 4,112 0 28,004
468 Robotics A binary indicator of whether this is a ‘robotic fulfillment center’. 0.342 0.475 0 1
468  Year Integer value indicating the year of the annual report. 2019 1.08 2017 2020
468 HoursWorked Total number of employee hours worked, by facility and year (in 1000s) 2,989.23  2,153.48 43.07 9,511.09
468 AvgEmployees Average number of individuals employed, by facility and year 1,953 1,388 21 6,263
468 Poison Total number of job-related poisonings, by facility and year. 0.013 0.113 0 1
468  Repiratory Total number of respiratory conditions arising from work, by facility and year. 0.041 0.228 0 2
468  Skin Total number of skin disorders arising from work, by facility and year. 0.004 0.065 0 1
468 Hearing Total number of cases involving hearing loss, arising from work, by facility and year. 0.021 0.159 0 2
468  Population Total population in the surrounding census tract 4,497 1,953 0 14,513
446  MedianHHI The median household income in the surrounding county (in $s). 80,063 29,525 24,688 178,750
450  CollegeEducated The proportion of residents who have some college education in the surrounding 0.408 0.115 0.107 0.767

county.
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Table 2. Descriptive Statistics and Variable Definitions for Monthly Stacked Panel Based on
Injury-level Log Data for 26 Fulfillment Centers in 2018

N  Variable Description Mean S.D. Min.  Max.
A binary indicator of whether the
262  Sprain observation in question pertains to 0.50 0.50 0.00 1.00
sprain injuries or not.
262 InjuryVolume Total number of injuries of typejin 5 4, 935 90 9500
month ¢ for warehouse i.
262 Month The month of the year. 6.80 3.44 1.00 12.00
262 Robotics A binary indicator of whether thisis - 59 949 900  1.00
a ‘robotics fulfillment center’.
Table 3. Descriptive Statistics and Variable Definitions for State-Year
Warehousing and Storage Sector (NAICS 493) Panel
N  Variable Description Mean S.D. Min.  Max.
Total number of work-related
injuries where at least one day of
292  InjuryRateMissedWork  work was missed, per 100 0.584 0.739  0.100  6.200
warehousing and storage workers,
in a state-year.
Total number of work-related
injuries where at least one day of
294  InjuryRateJobTransfer  job transfer was required, per 100  0.585 0.791  0.100  7.000
warehousing and storage workers,
in a state-year.
A binary indicator of whether the
294  AnyRoboticFC state has received any Robotic 0.350 0.478  0.000 1.000

FCs.
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Table 4. Ordinary Least Squares (OLS) Regression Results Based on Annual Establishment-level
Injury Data from the Occupational Safety and Health Administration (OSHA)

Dependent Variable (DV)

Explanatory All Injuries Days Missed  Injuries Job Days
Variable Injuries Missed Work Work Transfer Job Transfer
Robofi 10.450 -16.470%* -895.975* 27.515%** 1,579.967%**
ODOHES (10.472) (7.391) (483.213) (8.145) (593.071)
HoursWorked 0.024%** 0.014%** 0.686%** 0.009%x** 1.042%**
(1,000s) (0.003) (0.003) (0.148) (0.003) (0.228)
AvgEmployees 0.972%* 0.562 48.816+ 0.534 14.132
(100s) (0.461) (0.393) (25.913) (0.335) (29.318)
Population -1.218 -0.379 70.006 0.038 -124.043
(1,000s) (3.096) (1.816) (138.388) (2.123) (187.531)
Median HHI 0.099 -0.001 5.306 0.057 5.080
($1,000s) (0.192) (0.085) (5.312) (0.148) (11.826)
CollegeEducated -17.233 -6.157 -595.193 -12.814 -1,762.907
(%) (39.563) (22.619) (1,323.607) (30.500) (2,299.219)
WH Type FEs Yes Yes Yes Yes Yes
Year FEs Yes Yes Yes Yes Yes
State FEs Yes Yes Yes Yes Yes
Observations 446 446 446 446 446
Adj. R? 0.679 0.545 0.504 0.602 0.619

Notes: ***p < 0.01, ** p < 0.05, * p < 0.10; Robust standard errors in parentheses, clustered by

warehouse.
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Table 5. Bivariate Poisson Regression Results Based on Annual
Establishment-level Injury Data from the Occupational Safety and Health

Administration (OSHA)

DV = Injuries

DV = Injuries

Explanatory Variable Job Transfer Missed Work
. 0.373%%* -0.499%**
Robotics (0.094) (0.087)
HoursWorked 0.00005 0.0002%**
(1,000s) (0.00003) (0.00002)
AvgEmployees 0.041*** 0.016%**
(100s) (0.006) (0.004)
Population 0.026 -0.037%*
(1,000s) (0.017) (0.013)
Median HHI -0.003** 0.003%**
($1,000s) (0.001) (0.001)
CollegeEducated -0.846%** -0.724%**
(%) (0.323) (0.0.194)
WH Type FEs Yes
Year FEs Yes
State FEs Yes
Observations 446
Wald Chi? 2.5e+10 (63)

Notes: ***p < 0.01, ** p < 0.05, * p < 0.10,; Robust standard errors in
parentheses, clustered by warehouse; Frank copula distribution.
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Figure 1. Plot of Amazon Warehouse Locations in our Sample

(Bolded outlines indicate Robotic facilities)
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(Robotic vs. Legacy) for 2018. Lines Reflect Local Exponential Scatterplot Smoothing
(LOESS).
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SUPPLEMENTARY APPENDICES
APPENDIX A: ACQUISITION OF DATA BY REVEAL NEWS

The data on Amazon Fulfillment Centers was obtained by Reveal News from a third-party
consulting firm that specializes in transportation and logistics, MVPVL. The data on annual
establishment-level injuries is publicly available and posted by OSHA. The data on state-level
injury rates in states’ warehousing sectors is publicly available and posted by the BLS. Most
importantly, the 2018 injury-level log data for 26 warehouses was obtained by Reveal directly
from current and former employees at the warehouses in question. We discuss that process
below.

The injury-level logs (with employee names redacted) were retrieved from Pro Publica, where
they were posted by Reveal. Reveal obtained these data legally, pursuant to 29 CFR
1904.35(b)(2) of the US Federal Register. The administrative rules in question, which carry force
of law, were written by OSHA and provide that employees, former employees, their personal
representatives, and authorized employee representatives have the right to access the current
OSHA 300 Log, as well as any stored OSHA 300 Log(s) for any establishment in which the
employee or former employee has worked. The employer is compelled by law to provide the
requester one free copy of the OSHA 300 Log(s) by the end of the next business day. Further,
according to OSHA spokeswoman Kimberly Darby, employees are free to share the OSHA 300
logs with any third party, as employees are not required to keep the obtained logs in confidence.

Reveal posted these logs as part of their article on the investigation of Amazon’s Fulfillment
Center network. Downloading the scanned paper logs, we employed graduate research assistants
to manually convert the injury records to a digital format that could be used in our analyses.

Reveal collected the OSHA 300 logs organically. It did so by posting requests for Amazon
workers to reach out on their website and then to obtain and supply their warehouse’s injury logs
to reporters. This raises possibility that the sample is perhaps non-representative. To safeguard
against this, we assess the covariate imbalance between warehouses in our annual panel dataset
those that appear in our OSHA 300 injury-record dataset and those that do not. We depict the
resulting standardized mean differences in the Figure below. The dotted lines represent a
standardized mean difference (Cohen’s d) of 0.2, the typical threshold for a ‘small’ effect size.
Results are in Figure Al below.

The sample is skewed toward Robotic Fulfillment centers. Because Robotic FCs tend to be
sortable item facilities, there is, in turn, over-representation among Sortable [tem warehouses.
Further, because Robotic FCs tend to employee more workers, the sample is also skewed toward
larger warehouses, with more total hours worked, and thus a larger volume of injuries. Beyond
the oversampling on Robotic FCs, the sample appears representative in terms of its geographic
distribution, and in terms of its representation among other types of Fulfillment Centers.
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APPENDIX B. ANALYSIS OF SUB-REDDIT TEXT

To conduct this analysis we collected all posts and comments from the Amazon FC subreddit

between January of 2022 and September of 2023. We then filtered those posts and comments to
extract all posts that mention the word ‘robot’, and all posts that mention the words ‘traditional’
or ‘legacy’, terms typically used to refer to non-robotic fulfillment centers. This process yielded

approximately 1,800+ posts that mention Robotic FCs, and another 500+ that mention traditional

or Legacy FCs. After pre-processing the text (i.e., removing URLs, punctuation, English stop
words, etc.) we calculated all bigram frequencies, i.e., pairs of words appearing alongside one
another in the text. We then built separate word clouds reflecting the top 50 most frequent

bigrams associated with Robotic FC posts and the Legacy FC posts, respectively. Results appear

in Figures B1 and B2 below, with notable terms circled.
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Figure B1. Most frequent bigrams associated with Legacy FC posts.
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APPENDIX C. INJURY LOG DATA DESCRIPTIVES

We present a simple descriptive plot of injury volumes by Fulfillment Center type (Robotic vs.
Legacy). As can be seen in Figure C1, sprains / strains and bruises are by far the most common
injuries in these warehouses. Of note, however, is that sprains and strains represent a
systematically larger proportion of injuries in Robotics facilities than they do in Legacy facilities.
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Figure C1. Proportion of 2018 injuries by warehouse type and injury type. The x-axis
reflects the total proportion of injuries within a given warehouse that are of the type
indicated on the y-axis.
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APPENDIX D. STATE-YEAR PANEL

To ensure the robustness of the analysis, we consider a different unit of analysis: the state-year.
Specifically, we construct a panel based on annual injury rates published by the BLS regarding
private establishments comprising each state’s warehousing and storage sector (NAICS 493).
Note that state-level industry data is the most granular comprehensive injury data that the BLS
publicly provides. We supplement this panel with a binary indicator of whether a given state has
received any Robotic FCs as of a given year, based on our warehouse-level dataset. It should be
noted that the state-year panel is imperfect in at least two respects. First, our records of Robotic
FCs in each state-year are subject to measurement error because our warechouse-level data from
OSHA does not include all Amazon FCs. Second, the BLS data is subject to missingness,
because some states do not report warehouse-industry specific injury estimates in some years.

As discussed in the main text, there is the natural concern that Robotic Fulfillment Centers are
not assigned at random, and that the organic local injury rate might push Amazon in one
direction or another (i.e. reverse causality). The logic is that the liability regime which
characterizes a state might affect Amazon’s decision-making process. To address this, we
estimate a hazard model of Robotic FC construction in a state, employing a panel of state-year
observations that includes a binary indicator of the first Robotic FC construction as the failure
event. The independent variables of interest are the rate of injuries per 100 warehouse workers in
the state (both the rate of injuries involving job transfer and the rate involving missed work). The
estimator is a Cox Proportional Hazard (PH) regression. Results are in Table D1. As can be seen,
we observe no significant relationship between either the contemporaneous injury rates or the
lagged injury rates and the hazard of Robotic FC construction.

Table D1. Cox PH Regression of
First Robotic FC Construction

Explanatory Variable Model (1) Model (2)
Rate of DAFW T Injuries 0.142 (0.259) --
Rate of DJTRY Injuries 0.079
(1.082) -
o 0.480
Lag(Rate of DAFW Injuries) -- (1.616)
o 0.292
Lag(Rate of DJTR Injuries) -- (1.339)
Observations 177 144
Events 19 18
Wald test 0.25(2) 241 (2)
Robust Logrank test 0.24 (2) 2.31(2)

Notes: ¥**p < 0.001; **p < 0.01; * p < 0.05; Failure is
defined as a state’s first construction of a Robotic FC;
Standard errors reported in parentheses clustered by State;
TDAFW = days away from work; DJTR = days of job transfer
or restriction
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APPENDIX E: ROBUSTNESS CHECKS (TABLES & FIGURES)

We report a series of placebo tests. First, we replace our physical injury outcomes with reports of
other workplace ailments that are not plausibly related to the presence of Robotics. We consider
poisonings, respiratory issues, skin conditions, and hearing problems. As anticipated, in Table
E1l, we find no statistically significant relationship between Robotics and the occurrence of these
ailments.

Table E1. Annual Panel: Placebo Regression Results (OLS)

Explanatory Model (1) Model (2) Model (3) Model (4)
Variable Poison Respiratory Skin Hearing
Robofics -0.008 -0.047 -0.002 -0.033
(0.017) (0.037) (0.006) (0.040)
HoursWorked -0.004 0.021 0.00001 0.00001
(1000s) (0.003) (0.010) (0.00001) (0.00001)
AvgEmployees 0.002* -0.001 -0.001 -0.001
(100s) (0.001) (0.002) (0.001) (0.002)
Population -0.002 -0.009 -0.004 0.003
(1000s) (0.004) (0.008) (0.003) (0.005)
Median HHI 0.0001 0.001 -0.00002 -0.0004
(1000s) (0.0003) (0.001) (0.0001) (0.0004)
CollegeEducated -0.115 -0.087 0.042 0.192%*
(%) (0.073) (0.117) (0.455) (0.095)
WH Type FEs Yes Yes Yes Yes
Year FEs Yes Yes Yes Yes
State FEs Yes Yes Yes Yes
Observations 446 446 446 446
Adj. R? -0.032 0.098 0.032 0.038

Notes: ¥**p < 0.01, ** p < 0.05, * p < 0.10; Standard errors in parentheses are clustered by

warehouse.

Next, we explore reweighting to deal with imbalance on observable characteristics. We achieve
this via inverse propensity for treatment weighting (IPTW), based on covariate-balancing
propensity scores. Reweighting in this fashion, rather than relying solely on linear covariate
adjustment in our regressions, helps address the concern of model misspecification. In Figure E1,
we see that Robotics facilities employee systematically more workers, and have systematically
more hours worked, as compared to Legacy fulfillment centers. These facilities are also
systematically more likely to be Sortable warehouses (Warehouse Type: S), as opposed to Large-
Item facilities (Warehouse Type: L). Re-weighting to achieve balance on these characteristics,
we re-estimate our models. Results, reported in Table E2, are consistent with our main findings.
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Figure E1. Covariate Imbalance: CBPS Re-weighted vs. Unweighted Sample.
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Table E2. Annual Panel /w Re-weighting: Regression Results (OLS)

Explanator All Injuries Days Infll:)ll‘:es Days
P y Injuries Missed Work  Missed Work Job Transfer

Variable Transfer
Roboti 6.440 -15.634%* -877.207** 22.782%%* 1,319.606**

ODOHCS (9.349) (6.008) (390.708) (8.029) (577.250)
HoursWorked 0.024*** 0.014%** 0.709%*** 0.008*** 0.835%**
(1,000s) (0.003) (0.003) (0.155) (0.002) (0.209)
AvgEmployees 1.292%%* 0.725* 56.104%** 0.737** 37.552
(100s) (0.503) (0.432) (27.680) (0.287) (27.085)
Population -2.333 -0.899 33.659 -0.522 -185.908
(1,000s) (2.713) (0.001) (104.774) (2.017) (161.804)
Median HHI -0.001 -0.093 4.232 0.037 4.878
($1,000s) (0.209) (0.123) (6.936) (0.139) (10.860)
CollegeEducated 4.929 8.700 73.020 -0.949 -1,299.912
(%) (37.901) (24.484) (1,561.380) (29.767) (2,171.321)
WH Type FEs Yes Yes Yes Yes Yes
Year FEs Yes Yes Yes Yes Yes
State FEs Yes Yes Yes Yes Yes
Observations 446 446 446 446 446
Adj. R? 0.668 0.576 0.533 0.574 0.596

Notes: ***p < 0.01, ** p < 0.05, * p < 0.10; Standard errors in parentheses are clustered by
warehouse,; Sample reweighted using covariate-balancing propensity scores.

Finally, we consider alternative regression specifications. Specifically, rather than merely
condition on hours worked, we consider an alternative estimation wherein we normalize injury
volumes by the total employee hours worked at a facility. Put simply, we estimate a rate model.
We accomplish this by re-estimating our injury count models using Poisson regression, and
incorporating the total hours worked (in 1000s) as an exposure term. As can be seen in Table E3,
results remain consistent. Further, repeating our estimations employing log-linear regression,
explicitly normalizing the injury measures with respect to average annual employees (i.e., a rate
measure), we obtain the estimates in Table E4. Once again, results remain consistent.
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Table E3. Poisson Regression Results Taking Total Hours Worked as
Exposure, Based on Annual Establishment-level Injury Data from the
Occupational Safety and Health Administration (OSHA),

DV = Injuries

DV = Injuries

Explanatory Variable Job Transfer Missed Work
. 0.629%** -0.280%*
Robotics (0.153) (0.133)
Employees -0.004 -0.005
(100s) (0.005) (0.004)
Population 0.005 -0.013
(1,000s) (0.029) (0.032)
Median HHI 0.0002 -0.001
($1,000s) (0.002) (0.001)
CollegeEducated 0.377 0.552+
(%) (0.567) (0.317)
WH Type FEs Yes Yes
Year FEs Yes Yes
State FEs Yes Yes
Exposure HoursWorked (1000s) HoursWorked (1000s)
Observations 446 446
Pseudo R? 0.701 0.663

Notes: ***p < 0.01, ** p < 0.05, * p < 0.10; Standard errors in parentheses

are clustered by warehouse.
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Table E4. Ordinary Least Squares (OLS) Regression Results Based on Annual Establishment-
level Injury Data from the Occupational Safety and Health Administration (OSHA)

. Log(Missed Log(Days Log(Job Log(Days

Explanatory L;)rgl(iﬁl 11(1)1] 2?)/ Work per Missed Work Transfer per Job Transfer
Variable p ploy Employee) per Employee) Employee) per Employee)
Robofics 0.095 -0.511* -0.586* 0.508%* 0.529%*

(0.133) (0.206) (0.282) (0.161) (0.189)
Population 0.007 0.009 0.005 0.041 0.021
(1,000s) (0.019) (0.027) (0.043) (0.030) (0.039)
Median HHI 0.003 0.002 0.005 0.003 0.004
($1,000s) (0.002) (0.002) (0.003) (0.003) (0.003)
CollegeEducated -0.780 -0.773 -1.202 -0.620 -1.239
(%) (0.508) (0.680) (0.828) (0.778) (0.894)
WH Type FEs Yes Yes Yes Yes Yes
Year FEs Yes Yes Yes Yes Yes
State FEs Yes Yes Yes Yes Yes
Observations 445 443 443 417 431
Adj. R? 0.333 0.422 0.336 0.449 0.386

Notes: ***p < 0.01, ** p < 0.05, * p < 0.10; Robust standard errors in parentheses, clustered by
warehouse, some observations are omitted due to log(0) being undefined.
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