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Abstract Objective This study examines the validity of optical mark recognition, a novel user
interface, and crowdsourced data validation to rapidly digitize and extract data from
paper COVID-19 assessment forms at a large medical center.
Methods An optical mark recognition/optical character recognition (OMR/OCR)
system was developed to identify fields that were selected on 2,814 paper assessment
forms, each with 141 fields which were used to assess potential COVID-19 infections. A
novel user interface (UI) displayed mirrored forms showing the scanned assessment
forms with OMR results superimposed on the left and an editable web form on the right
to improve ease of data validation. Crowdsourced participants validated the results of
the OMR system. Overall error rate and time taken to validate were calculated. A subset
of forms was validated by multiple participants to calculate agreement between
participants.
Results The OMR/OCR tools correctly extracted data from scanned forms fields with
an average accuracy of 70% and median accuracy of 78% when the OMR/OCR results
were compared with the results from crowd validation. Scanned forms were crowd-
validated at a mean rate of 157 seconds per document and a volume of approximately
108 documents per day. A randomly selected subset of documents was reviewed by
multiple participants, producing an interobserver agreement of 97% for documents
when narrative-text fields were included and 98% when only Boolean and multiple-
choice fields were considered.
Conclusion Due to the COVID-19 pandemic, it may be challenging for health care
workers wearing personal protective equipment to interact with electronic health
records. The combination of OMR/OCR technology, a novel UI, and crowdsourcing
data-validation processes allowed for the efficient extraction of a large volume of paper
medical documents produced during the COVID-19 pandemic.
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Background and Significance

The SARS-CoV-2 (COVID-19) pandemic has disrupted standard
health care practice and forced health systems to change how
theydelivercare. Forexample, nonemergentsurgeries arebeing
postponed, telehealth use for routine outpatient care has
surged, and clinics have employed texting services to enable
patients to wait in their cars until their appointment.1,2 Given
thelargevolumeofhealth careworkers infectedwithCOVID-19
worldwide (up to 15% of all cases in some countries3), health
care workers evaluating patients with COVID-19 symptoms
have also adapted to the current situation by routinely using
personal protective equipment (PPE)duringeachvisit.4 Full PPE
can be cumbersome to wear and limit the health care worker’s
ability to interact with electronic health record (EHR) systems.
Assessing potential cases of COVID-19 and documenting both
clinicalfindingsandpatienthistories intoanEHRwhilewearing
PPE can slow and complicate the intake assessment processes.
In this setting, paper-based clinical documentation may be
preferred over and more efficient than computer-based docu-
mentation.5However, paper-baseddocumentationmay reduce
the amount of computable data available for reuse, such as for
disease-specific registries and decision support.6 Additionally,
medicine is becoming increasingly data driven and ensuring
that pertinent health information ends up in a patient’s EHR is
crucial for physicians to employ holistic and preventative care
on both an individual and population-wide level.7

Thankfully, there aremethods bywhich paper forms can be
rapidly transformedintodataandstored inapatient’sEHR.This
relies on optical mark recognition and optical character recog-
nition (OMR/OCR) software, which use image processing and
computer algorithms to convert paper-based notations into
digital data. These software have been used and evaluated for
decades.8–14 Past studies have demonstrated recognition of
handwritten characters with >90% accuracy.5,10,11,15,16 Tech-
nologyhassinceadvancedtoallow formuchmoreaccurateand
cost-effective usage of OMR/OCR.17–19 In addition, research
demonstrates that the overall human time requirement for
data collection is decreased using OMR/OCR, while provider
satisfaction for paper forms structured for digital analysis is
equal or higher.10,12,16 Early studies determined that nearly
30% of forms examined by OMR/OCR methods had to be
verified by human personnel before being added to formal
data systems such as EHRs.5

Objective

This study aimed to implement paper intake forms and
OMR/OCR of paper-based COVID-19 assessment forms in
novel combination with crowdsourced human validation to
allow for safe, efficient clinical data collection that could be
quickly converted to a digital form for storage and analysis.

Methods

Setting
All assessments recorded in this study were performed at
Vanderbilt University Medical Center (VUMC), a large and

tertiary medical center in Nashville, TN and its affiliated
clinics which include 137 ambulatory care clinics. The EHR
used by VUMC and in this study was the Epic electronic
health platform (Epic Systems Corporation, Verona, WI).
Patients were included if they received a nasopharyngeal
swab for SARS-CoV-2 infection.

Population
A total of 10,369 COVID-19 intake forms were completed
and scanned between March 16 and April 27, 2020. The
assessment form evolved rapidly within the first 2 weeks,
with the third and final iteration designed to better accom-
modate the OMR/OCR technology while maintaining
clinical relevance (Supplementary Material 1–3 [available
in the online version]). This most recent assessment form
accounted for 4,400 of the 10,369 scanned documents.
Among those, 2,814 have been analyzed by one of the
five crowd participants, with 483 documents analyzed by
2 crowd participants (the remaining 1,586 are queued to
be reviewed). Forms analyzed by two crowd participants
were included to analyze the agreement between
observers (►Fig. 1). The number of analyzed assessment
forms is currently limited by the number of crowd partic-
ipants, which should increase with additional recruitment
processes. The crowd participants continue to annotate
these documents at the time of submission.

Assessment Form Development
A team that included authors, informaticists, operational lead-
ership, and front-line health care workers from COVID-19
assessment sites developed a paper-based assessment form
for clinical documentation as part of COVID-19 assessments.
This formwasdesigned tomaximize efficiencyof useby health
care workers and support OMR/OCR technology. Clinical
findings presented on the form were sorted into categories
including history of present illness (e.g., fever and cough),
review of systems, physical exam (e.g., blood pressure and
temperature), and orders/ diagnoses/plan. To support subse-
quent optical recognition, eachfinding on the assessment form
was aligned with a checkbox that could be marked rather
than circled. Because there was significant variability in the
circles/boxes made on forms by health care workers, this
alignment helped eliminate the errors in data stemming
from the sizes of circles/boxes. In addition, the formminimized
narrative-text components to improve in-room usability;
sectionswhere narrative textwaspermittedwere transformed
into text boxes to normalize the area in which health care
workers could write. To increase compatibility with OMR
software, handwritten fields were further minimized in later
forms to limit the variability of responses and improve the
ability of the OMR software to read the marks. A total of 141
findings were included on the form.

After institutional reviewboard and operational approval,
the assessment forms were implemented in clinical assess-
ment sites to evaluate patients with potential COVID-19
infection. Upon being completed in clinic, the assessment
forms were scanned into EHR by using standard workflows
for other paper-based clinical documents.
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Optical Recognition and Validation

The Optical Mark Recognition/Optical Character
Recognition Methods Worked as Follows

• First, the scanned paper assessment formswere aligned to
a standard template by using OpenCV.20,21 The alignment
was accomplished by computing a homography matrix
using a scanned form and the template, and then rotating
the scanned form to until aligned.

• Second, a pixel map was created to track the (x, y)-
coordinates of each field on the intake form. Each form
version has its own pixel map.

• Third, OpenCV’s HoughCircles function is used to detect
circles (and other marks) on the scanned forms. The
function returns a list of circles within the form, where
the circles must have a radius between a prespecified
minimum and maximum.

• Fourth, the detected circles’ and marks’ (x, y)-coordinates
are compared with the pixel map to determine if a form
field was selected or not, respectively. Due to the imper-
fect nature of circles on forms, we usedmultiple heuristics
to assign detected circles to a field: (1) assigning a circle to
the field with the largest overlap and (2) if there was no
overlap (possibly due to imperfect alignment), choosing
the field with the pixel-map coordinate that is closest to
the circle or mark.

The OMR/OCR output was then reviewed for accuracy by a
crowdsourcing mechanism.22 Ideally, the OMR/OCR would
be 100% accurate, but due to human handwriting under time
constraints, perfect extraction is not possible. Instead, the

goal of the OMR/OCR system is to accurately extract a large
proportion of the fields quickly, thus allowing the crowd
workers to quickly validate results and clean up mistakes.
From our experience, a worker can more quickly validate the
OMR/OCR results than manually reviewing a raw scanned
form and inputting the results themselves.

The crowdsourcing system provides a scalable framework
for data validation. New participants can easily be added to
the participant pool over time. Moreover, the system can
control the number of duplicate reviews per form. For data
quality and access control, a subset of assessment forms was
reviewed by multiple crowdsourcing participants. Partici-
pant agreement was measured by calculating a ratio of the
number of exact matches between participants and the total
number of entries. Any text input was converted to lower-
case. Initially, workers were requested to transcribe hand-
written comments; however, clinic leadership indicated that
digitizing the narrative comments was not necessary for
COVID-19 treatment and not performed by the OMR/OCR
in this study, so the directive to transcribe those data was
removed, further motivating the decrease in handwritten
fields in later forms.

Timing data for start and completion of each of these tasks
were stored by the crowdsource platform. However, these
participants were not actively monitored; thus, it cannot be
known if the participants took breaks. Therefore, the inter-
quartile range was used to filter out timing data, which were
greater than 401.5 seconds. For this project, the crowd con-
sisted of medical students and physicians, and strict security
controls limited the degree to which participants could
access the data.

Fig. 1 Flow chart of exclusion criteria and subgroup analyses.
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The user interface (UI) of the crowdsourcing system had
two main components. On the left half of the screen, the
system displayed the scanned document with the OMR/OCR
results overlaid. On the right half, an editable web form was
displayed, which mirrored the structure of the paper docu-
ment. All markings overlaid on the left were selected on the
form on the right (►Fig. 2). This design allowed for quick
confirmation of the OMR results and a “what you see is what
you get” confirmation that the data are captured accurately
in the structured web form input.

To allow for rapid user input, both the left and right
screens could be clicked to add or remove a selection. For
example, by clicking on the scanned form’s “sore throat”
element on the left, the field would be bounded by a red box
and the corresponding field on the right screenwould also be
immediately boxed. This paired view enabled much quicker
reviews compared with preliminary implementations that
(1) did not have amirrored formon the right or (2) had a form
on the right, but the fields were not aligned in the same
manner (i.e., all the fields were contained in a single column,
making the crowd participant scroll down the page).

The crowd-validated data were then uploaded to a
REDCap (Research Electronic Data Capture) database.23,24

Study data were collected and managed by using REDCap
electronic data capture tools hosted at VUMC. REDCap is a
secure, web-based software platform designed to support
data capture for research studies, providing (1) an intuitive
interface for validated data capture; (2) audit trails for
tracking data manipulation and export procedures; (3)
automated export procedures for seamless data downloads
to common statistical packages; and (4) procedures for data
integration and interoperability with external sources. Data
were only used for research purposes andwere not exported
to providers or the EHR for clinical use.

To demonstrate the efficacy of the OMR/OCR and crowd-
sourcing process, raw data were exported from the REDCap
database and analyzed. All patients younger than 18 years of
age were excluded from the study. Vital sign values deter-
mined to be nonphysiologic (systolic blood pressure <80 or
>225mmHg, diastolic blood pressure <40 or >140mmHg,
heart rate <40 or >140, respiratory rate <8 or >30, oxygen
saturation <80 or >100, and temperature <96 or >104°F)
were excluded. SARS-CoV-2 polymerase chain reaction (PCR)
testing results were obtained via institutional sources.
Patients were sorted into categories based on status of
SARS-CoV-2 testing (detected, not detected, not tested).
For those patients tested multiple times, the most recent
test result was used.

Statistical Analysis
Data failed normality testing, so nonparametric testing was
used throughout. Mann–Whitney tests were used for contin-
uous data and Fisher’s exact tests were used to test categorical
values. Ap-value<0.05wasused to determine significance. All
statistical calculations were generated with GraphPad Prism
version 8.0.0 (www.graphpad.com).

Results

►Fig. 3 represents the number of COVID-19 intake forms of
various types that were crowd validated and uploaded to our
analysis server. The crowdsourcing platform is currently bot-
tlenecked by the number of crowd participants who have
processed an average of 134 documents per day (►Fig. 4).

The mean time took a crowd participant to process
a document was 157 seconds. The lower quartile was
108 seconds, median 156 seconds, and upper quartile
229 seconds. Crowd participants were previously taking

Fig. 2 Crowdsourcing user interface: (left) scanned page of early form with physician circling with optical character recognition results overlaid.
(right) HTML form with selected fields marked.
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an average of 188 seconds to complete annotations; however,
after removing the handwriting directive, they took an
average of 156 seconds.

Each document contained 141 findings, 112 of which were
presented as multiple choice style questions (i.e., cough is
presented as “if present” with multiple choice modifiers
including “dry,” “productive,” and “bloody sputum”) and 29
asnarrative-text,where theusercouldentereitheranumerical
value (e.g., vitals) or free text to elaborate on symptomatology.
Of the 483 documents analyzed by multiple workers, the
interparticipant agreement when including narrative text
was found to be 97.6%. However, when comparing only

multiple choice fields, the interparticipant agreement rose to
98.7%. Disagreement was spread among questions, which
would imply human error or ambiguity as the cause.

The accuracy of the OMR/OCR tool was calculated to
measure the effective reduction in manual data entry.
►Table 1 shows the average accuracy of the OMR/OCR tool
by comparing its result with the result of each crowd partici-
pant. Overall, the OMR/OCR tool achieved an average accuracy
of 70% and a median accuracy of 78%. The OMR/OCR tool
provides a good start point for extracting information from
scanned intake forms, while the crowd workers only need to
correct a small proportion of results.

Fig. 4 Crowd-sourced documents processed by date and worker.

Fig. 3 Cumulative volume of COVID-19 intake forms over time.
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A total of 2,814 forms were scanned, uploaded, and ana-
lyzed, 483 of which were duplicated entries for interpartici-
pant agreement analysis or those tested for SARS-CoV-2
multiple times. Additionally, 87 records were the incorrect
format, 38 entries were incidentally repeated by the same
participant, and 58 patients were excluded for age younger
than 18 years. This yielded a total of 2,148 unique records, 188
(8.8%) of which were SARS-CoV-2 positive on PCR and 1,960
(91.2%) of which were SARS-CoV-2 not detected on PCR.
Common symptoms and vital signs are displayed (►Table 2)
with temperature (°F), shortness of breath (SOB), reported

fever, and suspected or positive COVID contact, all showing
statistical significance between detected and nondetected
subpopulations. All had greater values in the SARS-CoV-2
detected subpopulation with the exception of proportion of
patients reporting SOB, which was greater in the nondetected
subpopulation.

Discussion

The primary goal of this project was to demonstrate a novel
approach to efficiently capturing large amounts of clinical
data through paper-based assessment forms to expedite
triage, which was accomplished with a novel approach that
combined (1) OMR/OCR tools to convert paper forms, (2)
validating extracted data with crowdsourcing, and (3) a
custom user interface for quick data review. However, there
are other benefits to this system in the setting of a pandemic.
Whenmanaging infectious disease risks, health careworkers
must be especially cautious about interacting with equip-
ment that may carry fomites, such as clinical workstations
which can carry SARS-CoV-2 for up to 3 days.25,26 Complex
workflows for health care workers wearing full PPE while
assessing potentially-infected patients may increase this
risk. Having access to a convenient and low-touch method
for clinical documentation has value. Using preformatted
paper forms for clinical documentation with subsequent
OMR/OCR technology for data capture offers one solution
that allows health care workers to assess patients efficiently
without contaminating computer workstations or breaching
their PPE.

This paper-based assessment has additional benefits
beyond worker safety. First, the approach has the benefit
of enforcing templated assessment; limiting the document to
the most common clinical features of COVID-19 makes
assessments more focused, efficient, and reproducible. For
those patients who are not currently patients within our
institution’s health care system and lack a medical record, a
paper form saves evenmore valuable time as theworkflow is
not interrupted while awaiting creation of a new medical
record. Using paper, which is single-use and less viable for
the virus, carries a much lesser infection risk.25 Moreover,
once scanned, the document can be destroyed.

Previous studies have demonstrated the accuracy of using
paper triage forms for the purpose of screening in clinics and
nonemergent situations.5,10,11,27 Our addition of human
verification as a backup validation step for the OMR/OCR
served two functions: it allowed for quality control of a
system that can be prone to physician error and allowed the
capture of data that might not fit within the preset
prompts.28 Given the large volume of assessments during
the initial COVID-19 spike, human validation needs were
higher than normal.

This project applied crowdsourcing to improve validation
efficiency. Crowdsourcing has been used in the past for a
variety of purposes.29 Primary issues regarding crowdsourc-
ing annotation of sensitive patient information have been
surrounding the qualification of the “crowd” and patient
privacy.30 The current COVID-19 pandemic has displaced a

Table 2 Representative data collected by optical mark
recognition/optical character recognition and crowd sourcing

Vital sign COVID positive
(188)

COVID negative
(1960)

Mean

Systolic BP (mmHg) 126.95 128.46

Diastolic BP (mmHg) 78.90 79.42

Heart rate 88.57 86.47

Respiratory rate 16.55 16.84

Temperature (°F) 98.90a 98.48

O2 saturation (%) 97.70 97.87

Symptom Number of patients with symptom
(% of total)

Cough 165 (87.7%) 1,712 (87.4%)

Shortness of breath 70 (37.2%) 966 (49.2%)a

Reported fever

Subjective 52 (27.7%)a 519 (26.5%)

100.4°F–102°F 58 (30.9%)a 290 (14.8%)

>102°F 9 (4.8%)a 44 (2.2%)

Suspected or positive
COVID contact

73 (38.8%)a 503 (25.7%)

Note: Data collected from intake forms were separated into those that
tested positive or negative for COVID-19 and values were summarized
either as mean values (systolic BP, diastolic BP, heart rate, respiratory
rate, temperature, and O2 saturation) or raw counts with percentages
(presence of cough, shortness of breath, reported fever with ranges, or
COVID-19 contacts). Values between the COVID-19 positive and nega-
tive groups were analyzed for statistical significance by using Mann–
Whitney U tests or Fisher’s exact tests.
aStatistical significance (p< 0.05).

Table 1 Optical character recognition accuracy broken down
by crowd participant

Crowd
participant

Average accuracy
(standard deviation)

Median
accuracy

1 0.68 (0.26) 0.77

2 0.72 (0.24) 0.79

3 0.77 (0.18) 0.81

4 0.66 (0.27) 0.76

5 0.71 (0.25) 0.79
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large number of trained medical personnel and medical
students from normal clinical participation. This greatly
increased the pool of qualified annotators.

Additionally, in comparison to prior studies using double-
data entry by two independent evaluators, this study achieved
comparable agreement between reviewers in a comparable
time (1.1 seconds per field vs. 1.1 seconds per field in this
study).31 In comparison to the reported correct recognition
rates of existing OMR/OCR technologies, our OMR systemwas
not quite as accurate (OMR 70%; 92.4 and 98.6%; and >99%
correct recognition), but the addition of the crowdsourced
validation sufficiently limited the potential for errors.5,10,11,32

However, the studies above both appliedOMR/OCR systems to
fewer forms (n¼221, n¼398) and with fewer fields.11,32 In
addition, in the Biondich studies, up to 43% of values were
analyzed by the OMR system required manual validation.10

Given the timeline of COVID-19 and need to gather data
quickly, the combination of a rapidly developed novel
OMR/OCR tool with crowdsourced validation was a unique
and efficient way to validate a large amount of data quickly.

The OMR/OCR tool is able to accurately fill in a large
proportion of fields, thus reducing the manual effort needed
from the crowd workers. While not 100%, we believe this
extraction starting point allows workers to shift from a data
extract task to a data validation task. Our observation from
reviewingmany intake forms is that the validation process is
much faster than the data extract process. Intuitively, it
is much easier to look across the scanned form, see which
fields are marked, and verify that they are also captured.
Moreover, because of the mirrored UI, it is readily apparent
which forms have been accurately extracted by the tool
versus those that need correction.

This study’s findings should be considered in light of its
limitations. First, it was necessary to include narrative-text
fields within the paper form to allow providers to accurately
and completely document potential COVID-19 cases. Because
of this, basic OMR could not be used to recognize all aspects of
the paper form. Future versions of the systemmay incorporate
methods for numeric text identification and later handwritten
text. Second, despite the OMR automation of checkbox com-
ponents, crowdsourced human verificationwas required. This
necessitated analysis of participant agreement to ensure
validity. While this research team did consider alternative
open source and commercial automated paper form process-
ing systems, the setup time required as well as the potential
legal obstacles involving protected health information (PHI)
led the team to design and deploy their own system.

The four common categories of error that can occur when
health care workers utilize paper forms include errors of
omission or commission by the physician or system. Examples
include leaving components or categories blank (error of
omission by physician) or if the tools necessary to complete
a category were not available (error of omission due to sys-
tems).4 Physicianwriting in themargin outside of components
(error of commission by the physician) is also troublesome
whenusing paper forms. Potential strategies to decrease errors
of commission such as this could include brief training videos.
Another limitationwas the balance between having boxes that

were of adequate size for physician input andOMR recognition
while containing all information on a single sheet to maintain
portability and efficiency.

Further study is needed to fully evaluate the various
technological components presented in this work. First,
futurework will analyze the accuracy of the OMR algorithms
and the algorithms’ agreement with crowd participants.
Second, future work will examine the extent to which the
presented UI impacts data validation times compared with
simpler user interfaces. While these additional studies are
necessary, this workoutlines the end-to-end design, capture,
extraction, and storage of COVID-19 assessment information.

Conclusion

This work describes the use of a paper triage form used to
collect data during in-person evaluations of COVID-19, which
was analyzed by using a novel optical mark/character recog-
nition technology and validated by crowdsourced health
care workers. Using a novel user interface, human validators
were able to quickly correct errors and validate the results of
the OMR. These data demonstrate that the combination of
OMR technology and crowdsourced human validation can
expedite data transformations from paper documents to elec-
tronic information during a pandemic.

Clinical Relevance Statement

When rapidly triaging patients as was done during the
heights of the COVID-19 pandemic, it is significantly easier
for health care providers to use paper triage forms than
electronic records. However, one drawback of the paper
forms is that patient information will have to be transferred
to their electronic record as some point, and this delays the
process. Here, we have demonstrated that using both
OMR/OCR technology as well as crowdsourcing can expedite
the transfer of patient information from paper forms to
electronic records in the setting of a pandemic.

Multiple Choice Questions

1. SARS-CoV-2 has been shown to be viable on clinical
workstations for up to:
a. 1 day
b. 3 days
c. 5 days
d. 7 days

Correct Answer: The correct answer is option b. SARS-
CoV-2 is the positive-sense single-stranded RNA virus
that is responsible for COVID-19. It has shown to have
transmissibility via fomites, as a study published in New
England Journal of Medicine identified its viability on
several surfaces including cardboard, stainless steel, and
plastic, and found that the virus had a maximum viability
of 3 days on plastic surfaces.23As clinical workstations are
largely made of plastic, this is one advantage that paper
triage forms have over directly inputting into EMR during
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a viral pandemic. 1 day, 5 days, and 7 days are the wrong
answers as they do not accurately show the viability of
SARS-CoV-2 on plastic surfaces.

2. When physicians leave a category or section blank on
paper triage forms, this is best called an error of:
a. Commission
b. Poor patient care
c. Omission
d. Judgment

Correct Answer: The correct answer is option c. Medical
errors are often classified into two categories: errors of
omission and errors of commission. Errors of omission
occur as a result of action not taken, exemplified in this
manuscript by leaving a section or part blank on a triage
form. This is the correct answer. Errors of commission
occur as a result of the wrong action taken, exemplified
here aswriting outside themargins on a paper triage form
such that OMR/OCR technology cannot identify the infor-
mation. Errors of poor patient care and judgmentdo notfit
this scenario as well as omission.

3. OMR, in the context of this paper, stands for:
a. Optional medical resuscitation
b. Omission of medical records
c. Oversharing of medical records
d. Optical mark recognition

Correct Answer: The correct answer is D. Optical mark
recognition describes the process of capturing human-
marked data frompaper forms. It is a crucial aspect behind
the transfer of data from paper documents to electronic
records and was utilized in this manuscript to rapidly
transfer COVID data. The other three options, optional
medical resuscitation, omission of medical records, and
oversharing ofmedical records, do not accurately describe
the most commonly used definition of OMR.
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