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Harnessing Event Report Data to Identify Diagnostic
Error During the COVID-19 Pandemic
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Introduction: COVID-19 exposed systemic gaps with increased potential for diagnostic error. This project implemented
a new approach leveraging electronic safety reporting to identify and categorize diagnostic errors during the pandemic.

Methods: All safety event reports from March 1, 2020, to February 28, 2021, at an academic medical center were evaluated
using two complementary pathways (Pathway 1: all reports with explicit mention of COVID-19; Pathway 2: all reports
without explicit mention of COVID-19 where natural language processing [NLP] plus logic-based stratification was applied
to identify potential cases). Cases were evaluated by manual review to identify diagnostic error/delay and categorize error
type using a recently proposed classification framework of eight categories of pandemic-related diagnostic errors.

Results: A total of 14,230 reports were included, with 95 (0.7%) identified as cases of diagnostic error/delay. Pathway 1
(n= 1,780 eligible reports) yielded 45 reports with diagnostic error/delay (positive predictive value [PPV] = 2.5%), of which
35.6% (16/45) were attributed to pandemic-related strain. In Pathway 2, the NLP-based algorithm flagged 110 safety reports
for manual review from 12,450 eligible reports. Of these, 50 reports had diagnostic error/delay (PPV = 45.5%); 94.0%
(47/50) were related to strain. Errors from all eight categories of the taxonomy were found on analysis.

Conclusion: An event reporting—based strategy including use of simple-NLP—identified COVID-19-related diagnostic
errors/delays uncovered several safety concerns related to COVID-19. An NLP-based approach can complement traditional
reporting and be used as a just-in-time monitoring system to enable early detection of emerging risks from large volumes of

safety reports.

D iagnostic errors are receiving intense investigation in
the safety community due to their high prevalence
and harmful impact on patients.® Diagnostic errors af-
fect 12 million US adult patients per year in the outpa-
tient setting.” and at least 0.7% of adult admissions in-
volve a harmful diagnostic error. The COVID-19 pan-
demic has further strained the health care system, result-
ing in cognitive errors, burnout, challenges with hospital
resources, and a rapid shift in operational workflows that
may contribute to missed and delayed diagnoses.”™ Due
to the novel characteristics of COVID-19—related disease,
as well as its impact on hospital capacity, staffing short-
ages, and burnout, Gandhi and Singh proposed that the
COVID-19 pandemic would exacerbate diagnostic errors.”
They developed a taxonomy to define eight types of di-
agnostic errors that could be expected in the pandemic:
Classic, Anomalous, Anchor, Secondary, Acute Collateral,
Chronic Collateral, Strain, and Unintended. Classic and
Anomalous refer to missed or delayed COVID-19 diagnoses,
whereas the other six categories pertain to missed or delayed
non-COVID-19 diagnoses that may result from factors re-
lated to the COVID-19 pandemic. The classification def-
initions as well as examples are described in Table 1. This
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approach accounted for diagnostic errors or delays based on
possible disruptions COVID-19 may have on health care
providers and the health care system, and identification of
these can be used in specific mitigation strategies discussed
in the original article.” Examples include cognitive errors,
such as various forms of availability and anchoring bias; care
deferment; and effects of rapidly expanding care delivery
changes, such as use of telemedicine and personal protec-
tive equipment (PPE).

At our institution, the ability to recognize COVID-
19—related diagnostic errors was an important part of the
COVID-19 response. This included an increased emphasis
on the use of data and transparency for more rapid strategic
response.” We thus embarked on a project to characterize
diagnostic errors at our institution using the Gandhi and
Singh taxonomy by leveraging our incident reporting sys-
tems. Although simplified clinician reporting mechanisms
have been recently developed to improve reporting of diag-
nostic error, incident reporting has not yet been widely used
to study diagnostic error.'”!" There are a number of criti-
cisms related to incident reporting systems, particularly the
voluntary nature of reporting, which may lead to report-
ing bias and hindsight bias.' 2-14 However, we believed that
the data would be a readily accessible and valuable source
of information about events pertaining to diagnostic errors
during the pandemic.
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Table 1. Diagnostic Error Categories*
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Description

Example
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Unintended

[

Missed or delayed COVID-19 diagnosis
in a patient who presents with
respiratory symptoms

Missed or delayed COVID-19 diagnosis
in a patient who presents with
nonrespiratory symptoms

Missed or delayed non-COVID-19
diagnosis because it was assumed to be
COVID-19

Missed or delayed non-COVID-19
diagnosis or secondary diagnosis in a
patient being treated with known
COVID-19 disease

Delayed diagnosis of acute
non-COVID-19 diagnoses because
patients are not coming in for evaluation
due to infection risk

Delayed diagnosis of ambulatory
conditions when appointments or
elective procedures are canceled

Missed or delayed non-COVID-19
diagnosis in non-COVID-19 patient
because of heightened state of
attention to other COVID-19 patients in
an overwhelmed system

Any missed or delayed diagnosis
because of less direct interactions,
including rapid increase of telemedicine
and PPE

Patient with shortness of breath, body aches, and
productive cough, tested for COVID-19 and found
negative. Admitted to non-COVID-19 unit without
COVID-19 precautions and subsequently found to
have COVID-19 on repeat testing.

Patient presented to ED for acute hematemesis in
the setting of nausea/vomiting. Admitted to ED
observation unit for monitoring and serial CBCs
before ultimately being admitted to hospital. Just
prior to the admission, patient was noted to have
fever of 100.7°F and O, saturation of 92% on room
air. Subsequently found to be COVID-19 positive.

Patient presenting with altered mental status and
limited history of present illness early in the
pandemic. Presumed possible COVID-19 and
diagnostic evaluation for other etiologies,
including primary neurologic/ischemic stroke,
initially delayed due to unclear precaution
protocols at the time.

Patient with history of congestive heart failure
admitted for COVID-19, with worsening

shortness of breath. Respiratory symptoms
attributed to COVID-19 rather than to heart failure.

Patient had foot wound in February 2020 and was
referred by primary care physician for specialty
appointment. However, due to COVID-19,
appointment was cancelled and rescheduling
attempts not successful. Three months later,
patient presented to urgent care and was found to
have osteomyelitis, requiring hospitalization and IV
antibiotics.

Patient with metastatic cancer with known bone
metastases undergoing outpatient evaluation and
systemic therapies. Significant difficulties in
arranging diagnostic imaging visits due to
COVID-19. Communication challenges and
appointment difficulties delayed staging scans,
which ultimately showed progression of disease
and new onset brain metastases.

Patient admitted for Gl bleeding requiring nuclear
medicine bleeding scan. Primary team
inadvertently ordered study on the wrong patient;
however, error was caught before scan completed.
Led to delay in scan for correct patient.

Patient on psychiatric medication with recent dose
adjustment during hospitalization. Due to
COVID-19, follow-up visits were conducted via
telemedicine (no access to video visits). Patient
had developed symptoms of medication adverse
reaction, but subtle tremor was not noted during
telemedicine visit.

ED, emergency department; CBC, complete blood count; IV, intravenous; Gl, gastrointestinal; PPE, personal protective equipment
* Adapted with permission from Gandhi TK, Singh H. Reducing the risk of diagnostic error in the COVID-19 era. J Hosp Med. 2020;15:363-
666. Examples are taken directly from real cases identified from our institution as part of this project.
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As the project evolved, it became clear that the task of
identifying COVID-19-related diagnostic errors included
the need to analyze a high volume of safety event reports to
discern whether a diagnostic error or delay occurred. Man-
ual chart review for the volume of reports was not feasi-
ble given the multiple demands on our patient safety and
risk management team during the pandemic; thus, we de-
veloped an informatics-based approach with the capabil-
ity to preprocess large numbers of safety reports. To our
knowledge, such a natural language processing (NLP)— and
logic-based cohort enrichment have not been applied to
safety event reports to facilitate identification of COVID-
19-related diagnostic errors.

In this article we describe results of our study that aimed
to identify and analyze diagnostic errors at a large US
health care system to identify patient safety risks during
the COVID-19 pandemic. To achieve the study aims, we
sought to (1) rapidly develop a safety reporting—based work-
flow to identify sources of diagnostic error in our institu-
tion, particularly in the context of a novel pandemic; and
(2) examine application of Gandhi and Singh’s classifica-
tion framework in the real world and describe categories of
potential diagnostic errors that were found.

METHODS
Setting

We conducted the study at an academic tertiary care refer-
ral center in Northeastern United States with 753 inpatient
beds and more than 135 ambulatory practices. The insti-
tution uses an electronic vendor-based safety reporting sys-
tem (RL Solutions; RLDatix, London) capturing both in-
patient and ambulatory safety events. Approximately 10%
of our safety reports are from the ambulatory setting, with
the remainder from the inpatient setting. Project managers
within the Department of Quality and Safety reviewed all
safety events related to COVID-19. We created customized
fields within RL Solutions corresponding to the eight classes
of COVID-19-related diagnostic errors and delays as pro-
posed by Gandhi and Singh. These custom fields were avail-
able to patient safety and risk management specialists who
routinely review safety reports, but not to frontline staff fil-
ing the initial safety report.

Safety Reporting: Pathway 1 (Original Workflow)

Early in the pandemic, we developed a workflow us-
ing safety reports that either were manually flagged as
COVID-19 related or explicitly mentioned COVID-19 or
coronavirus.'” All safety reports containing the keywords
“COVID?” or “coronavirus” were extracted from the safety
report database. These reports were then manually reviewed
for potential diagnostic error using the classification for
COVID-19-related diagnostic error developed by Gandhi

and Singh. Chart reviews were performed in instances in
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which the safety reports had insufficient detail (Figure 1).
Because the resources needed were substantial, it was not
feasible to review all safety reports to look for diagnosis-
related signals.

Safety Reporting: Pathway 2 (Complementary
Workflow)

We developed a second pathway later in the pandemic re-
sponse to complement Pathway 1, which looked specifically
at safety reports excluded in Pathway 1 and reduced the
number of manual chart reviews through the application
of an NLP approach. This second pathway included cases
that may not have been explicitly linked to COVID-19 by
the staff member filing the safety report. We developed the
software algorithm iteratively, following methods used suc-
cessfully to develop other health informatics innovations.'®
This included forming a working group with both clinical
and informatics expertise, establishing design requirements,
and using an agile approach for iterative development to de-
velop a rapidly deployable tool that could be integrated into
an existing workflow.

We considered two main requirements for the NLP al-
gorithm in the design phase. First, the algorithm must be
able to process a high volume of safety reports. The high
volume precluded manual review of each report to assess
for COVID-19-related diagnostic errors. Second, the algo-
rithm must be able to rank cases to optimize the efficiency
of human review. In other words, safety reports should
be rank-ordered such that study personnel can review a
high-yield enriched cohort of cases to discover COVID-19-
related diagnostic errors.

Pathway 2 included the following steps: (1) extraction
of case-related details of safety reports from RL Solutions,
(2) automated processing of safety report free text to cat-
egorize concepts it contained, (3) creation of a ranked
list of safety reports based on number of concept cate-
gories flagged, and (4) manual case review of the enriched
cohort. We wrote the algorithm in R programming lan-
guage (R Foundation for Statistical Computing, Vienna)
and developed a custom NLP approach using heuristic key-
word checking against a custom lexicon. In essence, we
parsed the free-text report narrative for the presence of
specific keywords in specific concept categories. The list
of keywords was derived from working group consensus.
Case-insensitive string matching for keywords, partial word
fragments, common abbreviations, and misspellings were
used. We used 11 concept categories based on an associ-
ation with the diagnostic process—“COVID,” “Commu-
nication,” “Testing,” “Orders,” “Precautions,” “Workflow
gap,” “Patient condition,” “Symptoms,” “PPE,” “Diagnos-
tic,” and “Care plan”—and multiple keywords for each.
For example, the “Communication” concept category in-
cluded the following keywords: “call,” “video,” “virtual,”
“VV,” “misunderst,” “telemedicine,” “hear,” “ipad,” “com-
munic,” and “phone.” A full list of terms used for heuristic
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Cases of Diagnostic Error or Delay Identified Through Safety Report
Review

14,230 total safety reports submitted March 1, 2020-February 28, 2021

[ Pathway 1 J

1,780 safety reports tagged as
COVID-related

[ Pathway 2 ]

12,450 safety reports not tagged
as COVID-related

Of these, 110 reports identified as
potentially diagnostic error/delay
related by algorithm

Manual review of cases to identify diagnostic error/delay
25 safety reports required electronic health record review for more details

45 safety reports identified as
related to Dx Error/Delay from
COVID-tagged reports

50 safety reports identified as
related to Dx Error/Delay from
algorithm

95 cases of diagnostic error or delay

Figure 1: This flowchart shows that a total of 14,230 safety reports were filed between March 1, 2020, and February 28,
2021. These were processed through two pathways. Pathway 1 (1,780 reports) contained all reports with explicit mention
of COVID-19, whereas Pathway 2 (12,450 reports) used automated natural language processing to highlight specific cases
for manual review. Manual review was performed for 1,780 reports in Pathway 1 and 110 safety reports in Pathway 2. A

total of 95 cases of diagnostic error or delay were identified.

mactching, as well as the R code for our algorithm, can be
found in the GitHub repository (distributed under GPL v3
license).!” The COVID-19 category was used specifically
to exclude reports processed through Pathway 1 to avoid
redundancy.

A safety report was deemed to have a match for a particu-
lar concept category if any matching keywords were found
in the safety report narrative. A single safety report could
contain multiple concept categories. For each safety re-
port, categories found were tallied; reports were then sorted
in descending order of number of concept categories. We
hypothesized that cases involving more concept categories
were more likely to be high yield for human review. Safety
reports meeting the threshold of 6 or more flagged cate-
gories were manually reviewed by project managers to as-
sess for presence of diagnostic error or delay and subcat-
egorization using concept analysis. A threshold of 6 was

chosen from a practical perspective, as it generated a co-
hort that was of reasonable size for our team to manually
review.

Review and Categorization for Pathways 1 and 2

Our working group, which consisted of two project man-
agers, a clinician quality and safety expert, and a clinician-
informartician, as well as an external clinician expert leader
on quality and safety, was tasked with design of the path-
way and rigorous review of potential diagnostic error/delay
cases using the Gandhi and Singh framework. Team mem-
bers included both clinical (physicians, nurses) and non-
clinical staff. Primary reviewers of cases were nonclinical
project managers (MPHs) who were extensively trained in
the Gandhi and Singh taxonomy at the start of the project.
In addition, reviewers were provided with an infographic
with definitions and examples of each category. A report
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Safety Reporting Census Volume: March 1, 2020 - February 28, 2021
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Pathway 1 (COVID-19-tagged safety reports), Pathway 2 (natural language processing-based reports), and diagnostic errors
or delays found using each pathway. Safety reporting volume roughly mirrored total hospital volume. Pathway 1 volume
peaked in April 2020 and declined by midsummer. Pathway 2-identified cases increased in the summer and remained

steady thereafter. Important hospital policy events during

this period include deferment of nonurgent care (March 13,

2021), resumption of nonurgent care (July 20, 2021), and second deferment of nonurgent care (December 26, 2020).

was classified as having a diagnostic error or delay when
it met the definition of one of the eight categories in the
Gandhi and Singh taxonomy. When the safety report it-
self did not contain sufficient information for categoriza-
tion, additional chart review in the electronic health record
(EHR) was performed to find contextual details. Any re-
ports in which either the presence of diagnostic error/delay

or the most appropriate classification was unclear during
the project manager review were subsequently reviewed by
a physician team member of the working group for a clin-
ical assessment. Unclear cases were subsequently presented
in a group setting by the physician team member who per-
formed the secondary review for discussion until consensus
was reached.
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Total Safety Reports by Diagnostic Error Category
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Figure 3: This chart illustrates that COVID-19-tagged safety reports (Pathway 1) had all types of errors represented, as
compared to natural language processing-based reports (Pathway 2). Pathway 2 was most sensitive for detecting strain-

type diagnostic errors.

RESULTS

A total of 14,230 safety reports were included in the scudy
period of March 1, 2020, to February 28, 2021. COVID-
19-related diagnostic error or delay was identified in 95
(0.7%) reports, and 1,780 reports were tagged as COVID-
19 related (Pathway 1). The remaining 12,450 were not
explicitly COVID-19 related (Pathway 2). Manual report
review was conducted on 1,890 safety reports (Pathway
1=1,780; Pathway 2=110).

Pathway 1

Manual review of 1,780 COVID-19—explicit reports in
Pathway 1 revealed 45 reports with diagnostic error/delay,
a positive predictive value (PPV) of 2.5% (45/1780). Ten
safety reports in Pathway 1 required additional chart review
by a physician for classification. Safety reports explicitly
mentioning COVID-19 peaked in April with 260 reports,
before gradually declining to a steady average of around 100
reports per month (Figure 2). Pathway 1 had highest yield
in April and May 2020 with 10 diagnostic error/delay—
related safety reports, with subsequently months having
fewer cases. Of the cases identified in Pathway 1, the most
common error type was “Strain” (n= 16, 35.6%), followed
by “Unintended” (=19, 20.0%) (Figure 3).

Pathway 2

Of the 12,450 reports in Pathway 2, 110 were highlighted
for manual review by the NLP-based tool using the thresh-
old of 6 or more category flags. Fifteen of the 110 re-
ports required additional content review, including access-

ing the EHR for clinical context. Fifty of the 110 reports

were found to have a diagnostic error/delay with a PPV of
45.5 % (50/110). Pathway 2 yielded an average of approx-
imately 4.2 cases per month (Figure 2). Of the 50 diag-
nostic errors/delays found in Pathway 2, the predominant
type was “Strain” (n =47, 94.0%), with “Unintended” and
“Chronic Collateral” making up the remainder (Figure 3).

Due to the disproportionate representation of “Strain”
categorization in Pathway 2, our team opted to conduct ad-
ditional qualitative content review of these safety reports.
We identified three major drivers and one minor driver
as primary contributors of safety events in general: sup-
ply vs. demand imbalance, patient handoff, care provider
fatigue and burden, and COVID-19 status uncertainty,
respectively. Across the 110 manually reviewed safety re-
ports in Pathway 2, 39 reports involved supply vs. de-
mand imbalance (hospital resources or services insufficient
to meet prompt clinical demand), 33 reports involved pa-
tient handoff (communication challenge or disagreement
between providers, teams, or services during patient trans-
fer or shift change), 25 reports involved care provider fa-
tigue and burden (decision-making error by staff), and 5
related to COVID-19 status uncertainty (unclear patient
COVID-19 infection status). The remaining 8 reports had
other miscellaneous causes unrelated to the above four cat-
egories (Table 2).

DISCUSSION

We found that COVID-19 diagnostic errors accounted for
0.7% of all safety reporting volume during a one-year pe-
riod during the pandemic (95 out of 14,230 safety reports).
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Table 2. Pathway 2 Diagnostic Error Domains
Safety Driver Category Examples Number of
Safety Reports
Supply vs. Demand Imbalance (major) Patient required radiology study, which was delayed because 39
of backlog in patient transport queue. Supply vs. demand
imbalance of patient transport capacity.
Patient Handoff (major) Patient with renal disease on dialysis admitted for unrelated 33
postsurgical issue noted to have abnormal electrolyte lab
value. Lab value not communicated in a timely fashion
between unit caring for patient and admitting team, leading
to delay in timing for urgent after-hours dialysis.
Care Provider Fatigue and Burden Patient with evolving sepsis while in emergency department. 25
(major) Due to concurrent competing clinical demands, signs and
symptoms of worsening sepsis were not recognized until the
patient was ready to be transported to the floor, leading to
re-triage to the ICU.
COVID-19 Status Uncertainty (minor) Patient had chronic cough unrelated to COVID-19. Chronic 5
cough not communicated to a covering clinician during
handoff. Covering clinician activates a COVID-19 response
with infection control upon seeing patient with cough,
causing delays for care until COVID-19 status is clarified.
Other 8
Grand Total 110

We developed two complementary pathways to enrich the
cohort of reports for manual review: a manual review path-
way for COVID-19—-explicit reports (PPV =2.5%) and an
NLP prescreened manual review pathway for the remain-
der of reports (PPV =45.5%). In addition, qualitative re-
view of Pathway 2 safety reports revealed three major drivers
and one minor COVID-19-specific driver that contributed
to safety events (major: supply vs. demand imbalance, pa-
tient handoff, and care provider fatigue and burden; minor:
COVID-19 status uncertainty). Safety reporting during the
COVID-19 pandemic can serve as an important tool to rec-
ognize potential gaps that lead to diagnostic errors or delays
in care, with the potential to serve as an early monitoring
system.

NLP-Assisted Cohort Enrichment

As our project evolved, we quickly realized that the vol-
ume of safety reports made it impossible to manually re-
view them all for COVID-19—related diagnostic errors. As
such, we needed a way to extract potential reports of interest
from the larger pool. We first developed a workflow review-
ing only COVID-19—explicit reports. For the remainder,
which constituted the majority of the reports, we developed
a rapidly deployable method of processing large volumes of
safety reports to identify potential diagnostic errors. By fo-
cusing on a simple, yet practical NLP approach that drove
a logic-based ranking algorithm, we were able to better fo-
cus human resources to find COVID-19 diagnostic errors
(Pathway 2 PPV = 45.5%). Although the intent was to find
diagnostic errors, we found that our algorithm logic was
sensitive to strain-related safety events.

A wide range of machine learning—based NLP with var-
ious degrees of complexity has been used for safety report-

ing in the patst,lg’21 but we opted to use a simple heuris-
tic keyword approach for the practicality of rapid deploy-
ment without the lengthy machine learning—specific valida-
tion needed in NLP approaches. We have successfully used
the keyword heuristic approach in other informatics inno-
vations at our institution.'® Methods we developed may
serve as potential resources that can be adapted and imple-
mented in other health systems. We chose to use R pro-
gramming language because it is freely available, has eas-
ily interpretable (noncompiled) code, and is widely used
in the biostatistics and informatics community, lowering
the barrier to entry. In addition, by avoiding a machine
learning NLP approach, retraining of a machine learning
model for localization would not be necessary to deploy to
other sites—a task that would likely require expertise and
resources more commonly found only in large academic
medical centers.

Detection of early signals of trends or systemic patterns is
increasingly important in the age of large volumes of data.””
Our approach is generalizable outside of the COVID-19
pandemic because the keywords used are COVID-19 ag-
nostic. For the specific tool developed in Pathway 2, the sen-
sitivity and specificity can be easily adjusted by changing the
threshold of categories flagged. An advantage of using a log-
ical framework as the underpinning of the tool is that it can
easily be adapted to search for other types of safety reports.
For example, if an institution was interested in having mon-
itoring for signals related to COVID-19 testing in safety
reports, one could create a query to identify safety reports
containing COVID-19 and testing concept categories. In
addition, new features could be built on top of this founda-
tion, including more complex tasks such as aggregating data
for summary; searching for more specific concepts for more
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in-depth secondary analysis for quality improvement, such
as whether handoff errors were more common in specific
locations; or feeding traditional and nontraditional dash-
boards, such as word clouds.

Limitations

One limitation of our tool is that because manual review for
diagnostic error was not done for all 14,230 safety reports,
we are unable to estimate the sensitivity for all diagnostic
errors using our approach. This is mainly because the tool
was developed out of necessity as the project evolved and
not planned a priori. As such, our project was not scoped
to have the resources to conduct a rigorous evaluation of the
tool. However, given that the tool was designed to generate
a cohort that was practical for our study staff, we think that
this approach is still useful in a real-world setting. Second,
the lexicon we developed for keyword heuristic checking
may not be all inclusive. Although the number of diagnos-
tic errors found was low, the figure in our study was quite
similar to the 0.7% pooled rate of errors for hospitalized pa-
tients in a recent meta-analysis.” Future work could include
further refinement and expansion of the heuristic categories
used in this project.

Safety Reporting Trend Shift During the Pandemic
Response

Overall safety report volume was similar in 2020 as com-
pared to 2019, except for a notable decline from March to
May. We saw a shift in the type of COVID-19 diagnos-
tic errors as the pandemic went on. Initially, diagnostic er-
ror types varied, with the Strain, Unintended, Anomalous,
and Chronic Collateral categories being the most frequent
(Figure 3). Over the first four months, we saw both a de-
cline in diagnostic errors found in COVID-19-labeled re-
ports and a decrease in non-strain-related diagnostic errors.
By June 2020 most diagnostic errors were predominantly
strain related and were found using Pathway 2 (Figure 2).
Our observations reflect that certain types of diagnostic er-
rors may have been more frequent early in the pandemic,
when knowledge of the disease and its management was still
evolving. Specifically, certain factors were more prominent
at the start of the pandemic, including (1) development,
implementation, and repeated revisions of regulations, poli-
cies that affect care delivery”**’; (2) scientific and epidemi-
ologic knowledge gaps on novel infectious diseases”®; (3)
need for education for both health care workers and pa-
tients’’; and (4) development of individual attitudes and
emotional response toward the pandemic.**>*” Recognizing
that different types of errors may occur in different stages of
a pandemic or with a novel disease may be useful to assess
future safety risks.

Harnessing Event Report Data to Identify Diagnostic Error

Major Themes in Pandemic-Strained Health Care
Setting

COVID-19 emphasized the need for real-time data min-
ing for detection of early risk signals to target.””** By cou-
pling safety reports with an NLP—based approach, human
resources can be directed to safety events that may be in-
dicative of larger systemic problems while the number of
cases is still small. At our institution, safety reports drew at-
tention to various drivers of safety events. Some of these
drivers, such as communication challenges related to pa-
tient handoff, have long been recognized as an important
source of medical error.’’>?" Others, such as supply vs. de-
mand imbalance, took on new meaning during periods of
extreme clinical demands on the hospital system. From a
capacity and surge response perspective, significant atten-
tion has been paid to considerations such as number of beds
and durable equipment such as ventilators and PPE.***
However, Pathway 2—flagged safety reports repeatedly high-
lighted cases of supply vs. demand imbalance in less visible
areas, such as patient transport and phlebotomy services.
Early recognition of these signals can help inform a more
robust response to ensure that additional resources are not
overlooked in key low-visibility areas.

Clinician fatigue and burden is often a difficult phe-
nomenon to identify. Diagnostic errors, particularly certain
categories such as Strain, Anomalous, or Anchor errors,’
may suggest increasing clinician exhaustion. Finding a gen-
eral signal of strain may be useful as an institutional barom-
eter as well as for identifying systemic areas to reinforce, as
an overburdened clinician is an ineffective safety net and
a potential source of error. The use of an NLP-based tool
to assess for diagnostic error and strain may provide critical
information for health system leaders. Within our institu-
tion, we saw an increase in strain-related reporting several
months after the start of the pandemic that persisted for
the duration of the study period, regardless of the number
of active COVID-19 patients. The NLP-based tool can be
applied to identify diagnostic errors using safety reporting
data. Although our organization is not currently leveraging
this approach due to limited bandwidth on our team, it is
our goal to employ this approach in the near future.

CONCLUSION
During a one-year period in the COVID-19 pandemic, our

organization developed a new safety report—based workflow
to identify diagnostic errors and delays related to COVID-
19. A strategy using two complementary approaches (tra-
ditional reporting and a simple NLP— and logic-based al-
gorithm) was effective in discovering diagnostic errors and
could be a useful early signal detector for trends in safety
reports. This strategy significantly reduced the number of
manual reviews needed to find a true diagnostic error and
can be readily adapted and applied to other settings and sit-
uations. All eight categories of diagnostic errors previously
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described by Gandhi and Singh were found at our institu-
tion, highlighting the need to address each of them through
multifaceted interventions.
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