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Detecting PPE concerns in OSHA complaints using machine learning 
to support infectious disease outbreak response

Nora Y. Payne and Emily J. Haas 

National Personal Protective Technology Laboratory, Centers for Disease Control and Prevention, National Institute for Occupational 
Safety and Health, Pittsburgh, Pennsylvania 

ABSTRACT 
Workers frequently struggle to acquire, maintain, and use personal protective equipment 
(PPE) during infectious disease outbreaks. Strategic PPE distribution, guidance, and interven
tions can help address these challenges, but the effectiveness of these measures depends 
on timely characterization of how these challenges manifest across the U.S. workforce–data 
which no U.S. public health surveillance system currently provides. This article describes a 
mechanism of generating such data by using a machine learning model to detect various 
PPE concerns in workplace safety complaints submitted to the U.S. Occupational Safety and 
Health Administration (OSHA). A publicly available dataset of 78,770 OSHA complaints 
received during the COVID-19 pandemic was used to assess the feasibility of this approach. 
Results demonstrate that these OSHA complaints contained a substantial variety and num
ber of PPE concerns, and that a machine learning model trained on these data was capable 
of detecting three types of PPE concerns with at least 90% precision and 90% recall: 
unavailable or inaccessible PPE, lack of PPE use among workers, and inadequate enforce
ment of PPE use. Furthermore, analyses of ML-facilitated detections were shown to elucidate 
national and industry-specific trends in worker PPE concerns. Although further development 
is needed to accurately detect a broader set of PPE concerns, the results of this study sug
gest that machine learning can help efficiently repurpose OSHA complaints to generate 
insightful real-time data on worker PPE concerns during future outbreaks.
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Introduction

Infectious disease outbreaks create widespread chal
lenges for proper personal protective equipment (PPE) 
implementation, maintenance, and use among work
ers. During past outbreaks in 2003 (SARS) and 2014 
(Ebola), healthcare personnel reported significant dif
ficulty obtaining sufficient PPE amid global shortages 
(Murphy 2006; Northam et al. 2014). Conservation 
efforts often necessitated reuse. Inadequate training, 
insufficient respirator fit testing, and physiological dis
comfort (e.g., heat stress and breathing difficulties 
caused by extended use of gowns and respirators, 
respectively) further complicated proper PPE use 
(Campbell 2006; Shaw 2006; World Health 
Organization 2016). These challenges reemerged dur
ing the 2020 COVID-19 pandemic at a much greater 
scale, as the need for PPE expanded beyond 

healthcare personnel to include individuals working in 
industries where PPE use is less typical (Houghton 
et al. 2020; Cash et al. 2021; Gaitens et al. 2021; Justie 
et al. 2022; van Kampen et al. 2023). Increased PPE 
demand exacerbated shortages and caused a prolifer
ation in the manufacture and distribution of counter
feit PPE (Plana et al. 2021). Where PPE was available, 
workers reported difficulty adhering to workplace PPE 
requirements due to evolving guidance and inconsist
ent enforcement by employers (Ho et al. 2020; 
Meyersohn 2021). Additional challenges, such as an 
inability to access PPE in the correct size (Hignett 
et al. 2021) and retaliation for voicing PPE concerns 
(Sfeir 2021) were also observed during this time. 
Future outbreaks will likely present similar challenges 
for workers as well as the governmental agencies and 
employers responsible for their protection.
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No national data source currently exists to help 
federal agencies and other impacted parties directly 
monitor these occupational PPE challenges in real- 
time. Without these data, federal agencies are limited 
in their ability to rapidly identify emerging PPE chal
lenges, allocate resources, formulate guidance, and 
coordinate response activities amid fast-changing con
ditions. State and local public health departments, 
businesses, and individuals also lack key evidence 
needed to inform PPE-related decision making at 
more local levels. This data gap is particularly conse
quential for non-healthcare establishments, which 
often lack pandemic preparedness plans and infection 
control experience, increasing their vulnerability dur
ing an outbreak (Rebmann et al. 2013). To most 
effectively address occupational PPE needs during an 
infectious disease outbreak, the ability to take a 
“quantitative, real-time snapshot” is needed (Gondi 
et al. 2020).

To produce data on hazards or injuries for which 
robust surveillance is limited or non-existent, and for 
which the cost of data collection is high, occupational 
health and safety researchers have often sought to 
repurpose existing data sources. Mining free text nar
ratives using machine learning (ML) has emerged as a 
popular method of doing so. With adequate training 
on appropriate datasets, ML models can efficiently 
and accurately process large volumes of text, trans
forming unstructured data into a form that is more 
relevant and more easily quantified, summarized, and 
analyzed. Researchers have successfully employed ML 
to produce novel information from workers’ compen
sation records, safety reports, and electronic health 
records (Lincoln et al. 2004; Vallmuur 2015; Vallmuur 
et al. 2016; Scott et al. 2021). The potential of ML to 
enhance occupational surveillance, combined with 
increasing information needs, has led to numerous 
calls for federal agencies such as the National Institute 
for Occupational Safety and Health (NIOSH), Bureau 
of Labor Statistics (BLS), and Occupational Safety and 
Health Administration (OSHA) to continue develop
ing modern approaches to processing free text data 
(National Institute for Occupational Safety and Health 
2019; Tamers et al. 2021).

This article describes a study undertaken to assess 
the feasibility of mining OSHA complaints using ML 
to generate real-time data on PPE challenges faced 
by the U.S. workforce during an infectious disease 
outbreak. In the U.S., any worker or workers’ repre
sentative witnessing unsafe working conditions has 
the right to file a complaint with OSHA per 29 CFR 
§1903.11, Complaints by Employees. The complaint 

process produces a free text narrative describing the 
hazard in addition to auxiliary information about the 
establishment where unsafe working conditions are 
reported to have occurred (e.g., industry sector, 
address). Although these complaints are not collected 
for the express purpose of monitoring specific occupa
tional PPE challenges, they may contain relevant 
information for doing so. Using a publicly available 
dataset of OSHA complaints received during the 
COVID-19 pandemic, this study:

1. created a labeled dataset suitable for training ML 
models by developing, validating, and manually 
applying a labeling scheme that defines specific 
PPE concerns to be monitored;

2. trained an ML model to automatically detect PPE 
concerns using the labeled dataset and evaluated 
its detection accuracy for each PPE concern; and

3. Identified temporal trends in resulting detections 
across industry sectors to assess the value of the 
generated data for outbreak response.

Results suggest that an ML-based approach can 
reliably detect certain PPE concerns in OSHA com
plaints and that the generated data may facilitate 
improved outbreak response.

Data and methods

Creation of a labeled dataset

This feasibility study necessitated the development of 
a labeled dataset in which each OSHA complaint was 
accompanied by a vector label indicating the types of 
PPE concerns expressed within it. The following sub
sections describe how PPE-related complaints were 
identified and sampled from a source dataset, how a 
labeling scheme was developed and validated to facili
tate reliable detection of various PPE concerns in 
complaints, and how a sample of complaints was 
manually labeled and reconciled by two human anno
tators to form a labeled dataset suitable for training 
an ML model.

Source dataset
A publicly available dataset of 78,770 COVID-19- 
related OSHA complaints from January 25, 2020 
through July 15, 2022 served as the source dataset 
from which the labeled dataset was developed. OSHA 
advises filing a complaint as soon as possible after 
noticing a hazard and provides several avenues for 
reporting, including a web-based form (Occupational 
Safety and Health Administration). Therefore, the 
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complaint receipt date was assumed to closely 
approximate the time when unsafe working conditions 
were encountered.

Each complaint generally includes a free text 
description of the alleged hazard (a hazard narrative), 
in addition to auxiliary information about the location 
of the alleged hazard, such as the establishment name, 
address, and industry classification as given by North 
American Industry Classification System (NAICS) 
codes. Examples of three hazard narratives are given 
in Figure 1. Sixty complaints lacked a hazard narrative 
and were excluded, resulting in 78,710 valid com
plaints. Hazard narratives were converted to lower
case. Approximately 1,328 Spanish narratives were 
identified and translated into English using 
LibreTranslate, an open source translation engine 
(LibreTranslate Authors 2025).

Identifying PPE-related complaints
To focus manual labeling efforts, PPE-related hazard 
narratives were identified. First, a comprehensive list 
of PPE-related keyword strings was compiled to 
include various PPE (e.g., “ppe,” “respirator,” “gloves”) 
and terms related to PPE use (e.g., “fit test,” “fit 
check”). This list is available via the project’s code 
repository; see the Data Availability Statement for 
details. Terms for face-worn products and other items 
(e.g., “masks,” “face cover,” “bandana,” “coverall”) 
were also included, as PPE terminology varied greatly 
during the COVID-19 pandemic. The term “PPE” was 
broadly defined to encompass all items workers may 
have received, procured, or worn to reduce COVID- 
19 risk.

Next, the keywords list was used to identify each of 
the 78,710 valid complaints as either PPE-related, if it 
included at least one PPE keyword string, or not PPE- 
related. Simple random samples of narratives identi
fied as PPE-related and not PPE-related were taken 
and reviewed for false positives and false negatives. If 
any were observed, the keywords list was updated by 

modifying existing keyword strings or adding new 
ones, including observed misspellings. This process 
was repeated until no false positives or false negatives 
were observed in the samples drawn for inspection.

Using the final list of PPE-related keyword strings, 
31,018 (39.4%) valid complaints were identified as 
PPE-related. Approximately 10% of valid hazard nar
ratives were randomly sampled for manual review 
(n¼ 3,200). It was observed that distinct complaints, 
despite describing independent events, occasionally 
contained identical free text narratives, which could 
cause these narratives to be overweighted when train
ing and evaluating an ML model. Therefore, only dis
tinct hazard narratives were retained for subsequent 
manual labeling (ndistinct ¼3,121).

Developing the labeling scheme
A hazard narrative may contain several types of PPE 
concerns, each of which may be expressed in unique 
ways while reflecting the same underlying concern. 
For example, a concern about PPE availability may 
manifest as “no PPE available” in one complaint and 
“employer refused to provide masks” in another. 
Manual detection of these PPE concerns is thus sub
ject to judgment and potentially error prone. To help 
human annotators more accurately and consistently 
detect the specific types of PPE concerns expressed in 
each narrative, a standardized set of PPE concerns 
with accompanying operational definitions (a labeling 
scheme) was developed. After reviewing a subset of 
the 3,121 distinct sampled narratives, the authors 
developed an initial labeling scheme that included a 
broad range of concerns related to PPE availability, 
use, acceptability, and accessibility (see Table A1 of 
the Supplemental Material). Certain concerns, such as 
lack of PPE use, were split into more granular sub- 
concerns to assess labeling consistency and concern 
frequency at a more detailed level (e.g., lack of PPE 
use among employees, non-employees, or by an 

Figure 1. Examples of three hazard narratives from the source dataset of 78,770 closed COVID-19 related OSHA complaints.
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unspecified individual that could be either an 
employee or non-employee).

Validating the labeling scheme
The initial labeling scheme was then validated to iden
tify labels that could not be consistently applied and 
therefore needed further attention. Inconsistent appli
cation suggested a PPE concern was ill-defined, too 
similar to another PPE concern, or inadequately cap
tured a coherent construct. Validation occurred in 
two stages: (1) an informal pilot to identify major 
inadequacies in the labeling scheme, which also served 
to train the annotators; and (2) a formal intercoder 
agreement analysis to quantify the degree to which 
trained annotators could detect each PPE concern 
within hazard narratives.

For the pilot, two annotators (the authors) used the 
labeling scheme to detect the PPE concerns contained 
within 200 narratives randomly sampled from the 
3,121 retained for manual labeling. For each PPE con
cern, each annotator reviewed the hazard narratives 
and recorded whether the concern was present or 
absent in each. The number of times a PPE concern 
appeared within a given narrative was not assessed, 
only whether it was expressed. Intercoder agreement 
was informally assessed by calculating and evaluating 
Krippendorff’s alpha (Ka) without a strict cutoff. The 
annotators discussed PPE concerns with low agree
ment and then refined the labeling scheme by revising 
operational definitions and combining, adding, 
renaming, or removing PPE concerns from the label
ing scheme. Following the pilot, the annotators manu
ally detected PPE concerns in each of the remaining 
2,921 distinct hazard narratives using the refined 
labeling scheme. Intercoder agreement was formally 
assessed using Krippendorff’s alpha. Concerns were a 
priori determined to exhibit sufficiently high agree
ment if Ka >0.80.

Results of the formal intercoder agreement analysis 
can be found in Table A2 of the Supplemental 
Material. Most concerns exhibited sufficiently high 
agreement, indicating that they could be consistently 
detected by the two annotators. Concerns that did not 
exhibit sufficient agreement were either dropped from 
the labeling scheme, collapsed to a less granular level 
exhibiting sufficiently high agreement (e.g., combining 
“enforcement concern about employee PPE use” and 
“enforcement concern about non-employee PPE use” 
into “enforcement concern about PPE use”), or 
retained with a caveat. An additional concern pertain
ing to cross-contamination was added since it 
emerged as a significant issue that was not captured 

by the original labeling scheme. All complaints were 
reviewed again to ensure this new label was assigned 
to all applicable complaints.

Finalizing the labeled dataset
The authors revisited all previously coded hazard nar
ratives and jointly reconciled any labeling disagree
ments. This process resulted in a labeled dataset 
consisting of 3,121 distinct hazard narratives, each 
accompanied by a vector of 1’s and 0’s indicating the 
presence or absence of each PPE concern. A descrip
tion of the PPE concerns present in the labeled data
set is provided in Table 1.

Ninety-three percent (93%) of complaints in the labeled 
dataset expressed at least one PPE concern from the label
ing scheme; the median and maximum number of PPE 
concerns reported per complaint was one and seven, 
respectively. Approximately 70% of all PPE-related com
plaints originated from five NAICS sectors: Health Care 
and Social Assistance (23%), Retail Trade (14%), 
Manufacturing (14%), Accommodation and Food Services 
(11%), and Transportation and Warehousing (8%).

Concerns appearing in less than 1% of labeled narra
tives were removed to focus subsequent ML training on 
concerns with a sufficient number of training examples.

Training and evaluation of an ML model

A transformer-based language model, DistilBERT, was 
trained to detect PPE concerns in OSHA complaint 
narratives. Based on the popular BERT (Bidirectional 
Encoder Representations from Transformers) model, 
DistilBERT belongs to a class of ML models that use 
self-attention mechanisms to account for word 
sequence and context (Sanh et al. 2019). These models 
are pre-trained on large quantities of text data 
and then frequently further trained (i.e., fine-tuned) to 
perform a specific task using a user-supplied, domain- 
specific dataset. Due to their ability to capture infor
mation embedded in word sequences, these models 
excel at text classification tasks, frequently outper
forming classifiers employing a “bag of words” 
approach, in which texts are regarded as an unordered 
collection of words. The DistilBERT model was 
chosen over BERT since it can be trained more 
quickly without an appreciable decrease in predictive 
performance.

To assess model performance, 150 random train- 
test splits of the labeled dataset were performed. In 
each split, 75% of the dataset was reserved for training 
and the remaining 25% for evaluation. A DistilBERT 
model was fine-tuned for 20 epochs on the training 
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set using a learning rate of 2� 10−5 and a weight 
decay of 0.01. A batch size of 16 was used for both 
training and evaluation. The precision, recall, and F1 
score achieved by the model on the test set was 
recorded for each PPE concern. These metrics meas
ure the proportion of narratives the model identified 
as expressing the concern that truly did so (precision), 
the proportion of narratives expressing the concern 
that were correctly identified by the model as doing 
so (recall), and a combination of the two (F1 score). 
The F1 score was computed by averaging two individ
ual F1 scores, one assessing the model’s ability to 
detect the concern’s presence and the other assessing 
detection of the concern’s absence, with equal weight 
given to each (i.e., macro-averaging) to more fairly 
assess detection ability when the concern appears 
infrequently. All three performance metrics were aver
aged over the train-test splits and corresponding 
standard errors were calculated.

Analysis of temporal trends

Trend analysis of specific PPE concerns required 
labeling all 31,018 PPE-related complaints. Labels for 

3,200 complaints were either already manually 
assigned or inferred from a manually inspected com
plaint with an identical hazard narrative. An ensemble 
classifier approach was used to label the remaining 
27,818 PPE-related complaints. Three of the 150 mod
els previously trained to assess DistilBERT’s perform
ance were used to detect PPE concerns in each 
unlabeled narrative. For each PPE concern, the mod
els’ detections were combined via majority vote to 
form a final consensus prediction as to whether the 
concern was present or absent from the narrative.

Analysis focused on the four NAICS sectors with the 
highest number of PPE-related complaints: Health Care 
and Social Assistance, Retail Trade, Manufacturing, and 
Accommodation and Food Services. Seven-day lagged 
moving averages were calculated for (1) daily complaint 
counts, (2) daily PPE-related complaint counts, and 
(3) daily counts of complaints expressing specific PPE 
concerns. Seven-day lagged moving averages were also 
calculated within NAICS sectors to reveal potential 
differences in temporal trends across industries. 
COVID-19 hospitalization data from CDC COVID- 
NET was used to contextualize complaint counts 
(Centers for Disease Control and Prevention).

Table 1. Description of PPE concerns present in the labeled dataset.
PPE concern Definition n Frequency (%)

Availability PPE not provided or made available in sufficient quantity, for employees 
or non-employees.

1,144 36.7

Enforcing Use Employer fails to enforce PPE usage by employees or non-employees in 
the establishment.

1,052 33.7

Not Worn by Employees PPE not worn by employees. 705 22.6
Worn Incorrectly by Employees PPE not worn correctly by employees. For example, masks not covering 

the nose, masks worn on the chin, and masks pulled down.
136 4.4

Not Worn by Non-employees PPE not worn by non-employees. 95 3.0
Not Worn by Unspecified� PPE not worn by unspecified individual (i.e., unable to ascertain whether 

individual is an employee or non-employee).
79 2.5

Enforcing Correct Use Employer fails to enforce the correct wearing of PPE by employees or 
non-employees in the establishment.

69 2.2

Cross-contamination PPE used across multiple locations, tasks, or employees. 66 2.1
Discouraged or Prohibited Employer discourages or prohibits PPE use. 63 2.0
Training Lack of training on PPE usage, selection, or storage. 60 1.9
Fit Test Fit testing not performed, performed improperly, or lack of alternatives 

provided for those failing.
50 1.6

Physiological PPE causes physiological symptoms or discomfort, such as difficulty 
breathing, excessive moisture buildup, headaches, and overheating.

47 1.5

Disinfection and Maintenance PPE not disinfected, improperly disinfected, or disinfected in a way that 
compromises its protective capabilities.

34 1.1

Size or Fit PPE does not fit, or the worker does not have access to properly fitting 
PPE. To include PPE too large (e.g., falling off, slipping, or too loose), 
PPE too small (e.g., too tight, leaving marks on face), PPE needing to 
be modified to achieve proper fit, PPE not available in the worker’s 
size.

27 0.9

Worn Incorrectly by Non-employees PPE worn incorrectly by non-employees. 9 0.3
Worn Incorrectly by Unspecified� PPE worn incorrectly by unspecified individuals (i.e., unable to ascertain 

whether individuals are employees or non-employees).
8 0.3

Respiratory Protection Program Respiratory Protection Program deficiencies. 7 0.2
Counterfeit PPE provided may be counterfeit. 5 0.2
Expired PPE provided is expired. 2 0.1

For each PPE concern, the table indicates both the number and percentage of complaints in the labeled dataset expressing the concern. Definitions in 
this table are abbreviated for simplicity; detailed definitions for labels present in the original labeling scheme can be found in the Supplemental 
Material. Asterisks (�) indicate concerns exhibiting insufficiently high agreement (Ka ˂ 0.80) which were retained with a caveat.
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Only PPE concerns that the model detected with at 
least 90% average precision and 90% average recall 
during the evaluation phase were analyzed. As an add
itional check, trends reflected in the analysis of all 
PPE-related complaints were examined against those 
appearing in the subset of PPE-related complaints that 
were randomly sampled and manually labeled.

Results

Model evaluation results are given in Figure 2 (corre
sponding standard errors appear in Table A3 of the 
Supplemental Material). Three PPE concerns were 
detected by the DistilBERT model with mean preci
sion, recall, and F1 scores of at least 90%. These were 
concerns pertaining to: (1) PPE availability, (2) 
enforcement of PPE use, and (3) employee use of 

PPE. Concerns about fit testing and incorrect usage of 
PPE by employees were detected by the DistilBERT 
model with mean precision, recall, and F1 scores 
between 80% and 90%. These concerns were likely 
well-predicted because they either appeared frequently 
in the dataset or were expressed similarly across nar
ratives. Among concerns that were less well-predicted, 
recall was generally lower than precision, suggesting 
that the model was conservative in its predictions. 
That is, incorrect predictions tended to take the form 
of false negatives.

Nationally, the average number of reported com
plaints rose sharply to a peak in March-April 2020 
(Figure 3). Although this average showed a general down
ward trend after April 2020, local peaks were observed in 
subsequent months. These peaks appeared to coincide 
with increasing U.S. COVID-19 hospitalizations. The 

Figure 2. Mean precision, recall, and F1 score for each PPE concern over 150 train-test splits. Standard errors are given in Table 
A3 of the Supplemental Material. Concerns are ordered by decreasing F1 score. Darker bars indicate metrics exceeding 0.90.

Figure 3. Number of closed OSHA COVID-19-related complaints by date received. Grey vertical bars indicate daily counts of com
plaints received. Solid lines depict 7-day lagged moving averages of all complaints received (grey) and PPE-related complaints 
received (black). Dotted line depicts weekly COVID-19 hospitalizations from CDC COVID-NET.
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average number of PPE-related complaints reported 
nationally exhibited similar trends, as did the averages 
within each of the four industry sectors examined, to 
varying extents (Figure 4A and B).

In July 2020, the average number of PPE-related 
complaints reported nationally reached the second 
highest peak since the beginning of the pandemic 
(Figure 4A). Two sectors saw an approximate dou
bling in the average number of PPE-related com
plaints reported: Accommodations and Food Services 
and Retail Trade (Figure 4B). For Retail Trade, this 
doubling represented a return to peak levels last 
observed in April 2020. For Accommodations and 
Food Services, average PPE-related complaint counts 
in July 2020 surpassed all previous levels. In the 
Health Care and Social Assistance and Manufacturing 
sectors, average PPE-related complaint counts were 
roughly one-third of peak levels last observed in 
March-April 2020.

Examination of specific PPE concerns within 
reported complaints revealed that the initial spike in 
PPE-related complaints in March-April 2020 was 
driven largely by PPE availability concerns (Figure 
4A). This trend was observed in each of the four 
industry sectors examined, although it was less pro
nounced in Accommodations and Food Services 
(Figure 4B). PPE availability remained the top- 
reported concern nationally until July 2020, at which 
point PPE use enforcement became the predominant 
concern. This shift was observed in the three non- 
healthcare sectors examined. However, within Health 
Care and Social Assistance, PPE availability concerns 
remained the top-reported PPE concern. As with PPE 
use enforcement, the average number of reported con
cerns about employees failing to wear PPE increased 
nationally from March 2020 to July 2020 and exhib
ited similar or greater levels of reporting compared to 
PPE availability within the three non-healthcare sec
tors after July 2020.

Discussion

This study represents the first documented effort to 
generate real-time data on PPE challenges faced by 
U.S. workers during an infectious disease outbreak, 
filling critical information gaps unaddressed by exist
ing occupational surveillance. It highlights the benefits 
of parsing worker complaints to uncover detailed 
information that may not otherwise be available and 
the advantages of using ML to do so. Furthermore, it 
establishes a focused foundation for the federal gov
ernment to consider in the development of a national 

surveillance system for occupational PPE concerns, 
akin to established disease surveillance systems. More 
broadly, this study’s results underscore that the provi
sion of PPE alone is insufficient to ensure worker 
safety during outbreaks; support to ensure proper 
implementation and enforcement is also needed.

OSHA complaints were found to contain substan
tial information about workers’ PPE concerns, with 
manual coding suggesting that nearly 40% of the 
COVID-19-related OSHA complaints received 
between January 2020 and July 2022 expressed a PPE- 
related concern. Observed concerns reflect previous 
reports of PPE challenges experienced by healthcare 
workers during infectious disease outbreaks, while 
revealing similarly heightened concern in additional 
industries for which such information has been histor
ically limited, such as food services and retail. 
Furthermore, average OSHA complaint counts 
appeared to change with the number of U.S. COVID- 
19 hospitalizations, suggesting that OSHA complaints 
were reported in a timely manner. Collectively, these 
results suggest that OSHA complaints contain suffi
ciently current and comprehensive information on 
real-time occupational PPE concerns.

Data generated by the ML-based approach further 
contextualize qualitative accounts of occupational PPE 
challenges reported during the COVID-19 pandemic. 
Generated data appeared to capture PPE procurement 
challenges faced by healthcare workers in March-April 
2020. Furthermore, the persistence of PPE availability 
concerns in OSHA complaints through 2020 appear 
to reflect sustained concern about the ability to access 
necessary PPE, which had been previously reported by 
news media (Jacobs 2020). Generated data also 
revealed a national increase in the number of PPE- 
related complaints among food service establishments 
in July 2020, which may stem from the reopening of 
restaurants and bars for indoor dining in many U.S. 
states. ML-facilitated detections of specific PPE con
cerns in OSHA complaints suggest that this increase 
was driven largely by emerging concerns about 
employees failing to use PPE and inadequate enforce
ment of PPE use, the latter of which appears to con
firm previous media reporting (Zarroli 2020). This 
pattern was also observed in the Manufacturing and 
Retail Trade sectors but not in Health Care and Social 
Assistance, suggesting that non-healthcare establish
ments may face more challenges in enforcing PPE 
use. This pattern may also reflect greater familiarity 
with PPE among healthcare workers and more estab
lished rules around PPE use and enforcement in 
patient care environments.
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Figure 4. Seven-day lagged moving averages of the number of PPE-related complaints received and of the number of complaints 
expressing concerns about PPE availability, PPE use enforcement, and employees not wearing PPE, across all industries (Panel A) 
and within four industry sectors (Panel B).
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Although the ML model detected only a subset of 
concerns with high accuracy, this result concurs with 
previously reported results from comparable multila
bel classification studies (Jing et al. 2023). The highest 
F1 scores were generally achieved by the most fre
quently reported concerns and the lowest F1 scores by 
infrequently reported concerns. Consequently, aug
menting the labeled dataset with additional examples 
for less frequently reported concerns may be beneficial 
in follow-on work. Additional opportunities to 
improve detection accuracy include exploring alterna
tive models such as PHS-BERT, which is pre-trained 
on a health-specific corpus and may thus detect PPE 
concerns more accurately than the DistilBERT model 
employed here (Naseem et al. 2022). Leveraging add
itional features of text narratives, such as references to 
specific federal or state regulations (e.g., “29 CFR 
1910.134(d)(1),” Respiratory Protection: Selection of 
Respirators – General Requirements) or specific types 
of PPE (e.g., respirators) where available, may also 
enhance detection accuracy.

Several modifications may improve the quality of 
data and granularity of insights generated by the pro
posed approach. In this study, several concerns in the 
original labeling scheme were collapsed; for example, a 
single label encompassed inadequate PPE use enforce
ment among both employees and non-employees. 
Refining the labeling scheme, so that the collapsed con
cerns can be consistently coded as standalone concerns, 
would likely improve the ML model’s detection accura
cies while expanding the set of concerns it is able to 
detect. Ongoing manual annotation efforts and periodic 
model retraining could help maintain data integrity, 
counteract potential model drift, and improve detection 
accuracy. Additionally, exploration of trends within 
industry subsectors, as indicated by NAICS 3-digit 
codes, could yield more specific insights potentially 
obscured by analyzing data solely at the sector level. It 
is possible, for example, that workers in hospitals and 
residential care facilities encounter distinct PPE chal
lenges, despite both being classified under the NAICS 
Health Care and Social Assistance sector.

Additional advantages of the ML-based approach pre
sented here are worth noting. First, this approach avoids 
new data collection by repurposing OSHA complaints, 
rendering it highly cost-effective and placing no add
itional data reporting burden on workers. Cost- 
effectiveness is further increased when open-source 
models and tools are used to process these data, as was 
the case in this study. Second, because OSHA complaints 
are generally initiated by workers, this approach may 
capture PPE concerns more quickly than traditional data 

collection mechanisms, such as agency-initiated surveys. 
Finally, if the need to monitor additional PPE concerns 
arises, the proposed approach can do so prospectively 
and retroactively. Unlike more traditional modes of data 
collection, such as surveys, which can generally only 
begin monitoring a new concern from the present 
onward, an ML model can be trained on re-annotated 
training data to detect a new concern in both past and 
future complaints.

Limitations

This study has several limitations, stemming primarily 
from the nature of the OSHA complaints dataset. First, 
the source dataset contained only COVID-19-related 
complaints, and it is unclear how this subset of com
plaints was obtained from the set of all OSHA com
plaints received during the same period. Second, 
although the mean length of a PPE-related complaint 
was 60 words (median ¼ 44 words), several complaints 
were extremely brief (e.g., “no masks”), which created 
ambiguity during manual labeling that could have 
resulted in misinterpretation of the complainant’s 
intent. Third, workers may differ in their propensity to 
report workplace safety violations for various reasons, 
including fear of retaliation, limited familiarity with 
workers’ rights regarding PPE, and limited awareness of 
the OSHA complaint mechanism. Thus, findings only 
summarize reported complaints and cannot be used to 
establish population prevalences.

Conclusion

Mining OSHA complaints using ML can facilitate the 
monitoring of worker PPE concerns during infectious 
disease outbreaks. The results of this study suggest 
that PPE concerns appear frequently in OSHA com
plaints received during an outbreak and, for certain 
concerns, can be accurately detected by an ML model, 
enabling one to efficiently quantify the frequency with 
which they are reported. When analyzed with auxil
iary information provided in the complaint, the gener
ated data can be used to track how PPE concerns 
emerge and evolve over the course of an outbreak, 
nationally and within industry sectors. Further work 
may be conducted to refine and formally pilot a pub
lic health surveillance system based on the ML-based 
approach presented here. If established, such a system 
has the potential to enhance PPE-related decision- 
making for a wide range of end users. Access to real- 
time data on workers’ PPE concerns may empower 
industry organizations to gain a better understanding 
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of their sector’s specific PPE needs, allowing them to 
implement more effective safety protocols to reduce 
infection risk, mitigate absenteeism, and maintain 
productivity; improve situational awareness among 
workers and the general public; and enable federal 
agencies to more rapidly identify and address emerg
ing PPE challenges across the entire U.S. workforce 
during future outbreaks.
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