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Abstract

Background The manual entry of data into large patient databases requires significant resources and time. It is possi-
ble that a system that is enhanced with the technology of optical character recognition (OCR) can facilitate data entry,
reduce data entry errors, and decrease the burden on healthcare personnel.

Methods This was a prospective multi-center observational study across intensive care units (ICU) in 3 countries.
Subjects were critically-ill and required invasive mechanical ventilation and extracorporeal life support. Clinical photos
from various medical devices were uploaded using an OCR-enhanced case record form. The degree of data complete-
ness, data accuracy, and time saved in entering data were compared with conventional manual data entry.

Results The OCR-based system was developed with 868 photos and validated with 469 photos. In independent vali-
dation by 8 untrained personnel involving 1018 data points, the overall data completeness was 98.5% (range 98.2-
100%), while the overall data accuracy was 96.9% (range 95.3-100%). It significantly reduced data entry time com-
pared to manual entry (mean reduction 43.9% [range 27.0-1.1%)]). The average data entry time needed per patient
were 3.4 (range 1.2-5.9) minutes with the OCR-based system, compared with 6.0 (range 2.2-8.1) minutes with manual
data entry. Users reported high satisfaction with the tool, with an overall recommendation rate of 4.25+ 1.04 (maxi-
mum of 5).

Conclusion An OCR-based data entry system can effectively and efficiently facilitate data entry into clinical data-
bases, making it a promising tool for future clinical data management. Wider uptake of these systems should be
encouraged to better understand their strengths and limitations in both clinical and research settings.
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Introduction

Despite advancements in digital technology, manual
entry of patient data for both clinical and research
purposes continue to be a widespread practice in
the healthcare setting. In the intensive care unit
(ICU), a wide range of clinical data is generated from
various sources, including physiological monitors,
hemodynamics monitors, ventilators, extracorporeal life
support systems, and laboratory investigations. There
is a lack of universal data capturing platforms that can
be adapted to include information across devices. The
resulting large number of available data variables create
a huge burden on time needed to enter data into various
patient registries. For example, the MIMIC-IV database,
a widely-used critical care database, contains over 40,000
distinct variables with a wide range of clinical data
points [1], which is further exaggerated in patients with
prolonged or complicated stays. The need to dedicate
time to manual data entry in the ICU can significantly
impact productivity, particularly in some parts of
the world where data entry is largely contributed by
frontline clinicians or nursing staff who have competing
clinical obligations. In addition, dependence on manual
processes often leads to unpredictable delays from
resource constraints, as well as inaccuracies from human
errors.

Digital technology has seen major breakthrough in
applications beyond clinical medicine. The ability to
extract context-specific information from unstructured
data generates a huge time- and cost-saving potential.
Prior research has explored the technology of optical
character recognition (OCR) for extracting information
from standard medical devices [2]. However, the ICU
environment poses additional challenges due to the
diversity of monitoring equipment and the dynamic
nature of the data involved.

To address these challenges, we developed an OCR-
based data entry system in alignment with an existing
large international patient registry, with the objective of
automating numerical data capture from ICU monitors.
The hypothesis was that the OCR-based system has
satisfactory performance in data accuracy and significant
time-saving effects. We evaluated its performance by
comparing it to manual data entry in a prospective multi-
center observational study.

Methods

Study design and settings

This was a prospective multi-center observational
study across three countries: Queen Mary Hospital
in Hong Kong, Siriraj Hospital in Thailand, and The
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Prince Charles Hospital in Australia, during the period
from April 2023 to February 2024. This study complied
with the Declaration of Helsinki 1975 and its later
amendments, and was approved by the Institutional
Review Board (IRB) of the University of Hong Kong
/ Hospital Authority Hong Kong West Cluster (IRB
Reference Number: UW 23-159, dated 4th April 2023),
the Siriraj IRB (Certificate of Approval Number: Si
470/2024, dated 13th June 2024), and the IRB of the
Ministry of Health, Labour and Welfare, Japan (IRB
number: 21000041, registration number: TXPREC-021,
dated 31st July 2024). Due to the non-invasive nature of
the study and the de-identified nature of the data, the
need for informed consent was waived.

Development of OCR-based system

The aim of the OCR-based system was to automatically
transcribe numerical data from uploaded photos of
ICU devices taken with a smartphone into the case
report form (CRF). The targeted ICU devices were as
follows: (1) physiological monitor, including vital signs;
(2) hemodynamic monitor, including measurements
such as cardiac output; (3) mechanical ventilator, (4)
extracorporeal membrane oxygen (ECMO) console,
and (5) computerized display of laboratory data. The
details of device manufacturers and models are shown in
Supplemental Table 1.

The OCR system was developed on an AWS EC2 G4dn.
xlarge instance, equipped with an Intel Xeon Platinum
8259CL CPU, 16 GB of RAM, and an NVIDIA T4
GPU. This setup ran Amazon Linux 2 as its operating
system. The system’s software stack included Python
3.8.5 for general programming, PyTorch 1.12.1 for deep
learning tasks, and OpenCV 4.7.0 for image processing
operations. A technical description of the development
of the OCR system is provided in the Supplemental
Methods.

The development of the OCR-based data entry system
was implemented in three phases. First, the main
CRF including variables of interest, and the format
and possible ranges of data was created based on the
international ELSO Registry that recorded information
about patients who received ECMO care [3]. Across the
3 sites, we identified a total of 4 physiology monitors,
2 hemodynamic monitors, 5 mechanical ventilators,
4 ECMO consoles, and 3 laboratory result displays.
For each of the devices, we labelled data with cross
referencing to the main CRF (Supplemental Figs. 1, 2,
3, 4 and 5). During data entry, images taken of the ICU
devices were uploaded to a server via a dedicated mobile
phone application. An OCR system installed on the
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server automatically reads the mapped data from the
uploaded images, and transfers the extracted information
to the corresponding variable in the CRF. Details of
the target parameters from each of the ICU devices are
shown in Supplemental Table 2.

Validation of OCR-based system

In the second phase, we proceeded with model validation
and tuning to optimize the performance of the OCR-
based system. During this validation process, we
focused on several critical aspects: (1) the quality of
the photos, (2) misreadings by the OCR-based system,
(3) the accuracy of the OCR-based system, and (4) the
underlying mechanisms contributing to suboptimal
accuracy. Based on the evaluation of these factors,
updates were made to the OCR software to improve its
performance.

Evaluation of OCR-based system

Finally, evaluation of the OCR-based system was
conducted on an independent test dataset. At each
site, 2 independent researchers inputted data using
both the OCR-based as well as manual entry methods.
These operators were not informed of the research
methodology and were blinded to all subsequent
analyses. The quality of the data read by the OCR-based
system was compared to manually-reviewed data, which
was treated as the “gold standard’;, and classified into the
following categories:

1. “Undetected” A numerical value is present on the
monitor but not detected by OCR.

2. “Correct”> The OCR-detected numerical
matches the gold standard.

3. “Incorrect”. The OCR-detected numerical value does
not match the gold standard.

4. “False Positive”: The OCR detects a numerical value
that is not present on the monitor.

value

The rate of data completeness was calculated as
(“Correct” + “Incorrect”) / (“Undetected” +“Correct” +*
Incorrect”). The rate of data accuracy was calculated as
“Correct” / (“Undetected” + “Correct” + “Incorrect” + “Fal
se Positive”).

In order to assess potential time-saving effects
of the OCR-based system, all data entry personnel
independently entered the same set of data using the
OCR-based system, as well as by traditional manual
itemized data entry into a spreadsheet, and recorded the
total time needed to complete the data entry process.
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In addition, a user survey was administered to a focus
group including data entry personnel from all 3 sites to
collect feedback on the user experience. The survey tool
is included in Supplemental Table 3. All analyses were
performed using Python version 3.8.5.

Results

Development and validation of OCR-based system

A total of 91 variables were selected and mapped to the
OCR-based system. The OCR-based system was devel-
oped using a total of 868 photos, averaging 48 photos per
device interface (Supplemental Table 1). Deployment of
the OCR-based system could be done via a mobile device
application or a web-based form. Subsequently, the per-
formance of the software was validated with 469 photos.
During the validation process, the most frequent issues
rendering suboptimal performance of the OCR-based
system were due to poor image quality, for example, low
image resolution (Fig. 1A), photos taken at slanted angles
(Fig. 1B), presence of strong light reflections (Fig. 1C),
and parts of the image being cropped out (Fig. 1D).
Subsequent updates were made to the OCR software,
including enhancements to improve reading accuracy by
training it to recognize variations in the color and size of
numbers displayed on the monitor screen.

Evaluation of OCR-based system
A total of 6 data entry personnel inputted data during
the evaluation phase, including 103 photos across 3 sites.
Examples of the user interface of the OCR-based system
are shown in Fig. 2. The overall data completeness was
98.5%, ranging from 98.2 to 100%, while the overall data
accuracy was 96.9%, ranging from 95.3 to 100%. “False
Positive” data were not detected, meaning the OCR did
not identify any numerical values that were not actually
present on the monitors. There was an outlier in the data
accuracy for the physiological monitor, which was upon
further examination, possibly due to the unexpected dis-
play of a second arterial waveform (Supplemental Fig. 2).
Detailed results with regards to data completeness and
accuracy are presented in Table 1 and Supplemental
Table 4.

There were significant time-saving effects noted, with
a mean reduction in time needed to complete data entry
of 43.9% (range 27.0-81.1%) after using the OCR-based
system. The average data entry time needed per patient
were 3.4 (range 1.2-5.9) minutes with the OCR-based
system, compared with 6.0 (range 2.2—8.1) minutes with
manual data entry.
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Table 1 Data completeness and accuracy in the evaluation phase
Site Number of images Number of data Data completeness* (%) Data
uploaded points Accuracy*
(%)
Physiological monitor AU 9 65 96.9 96.9
HK 8 40 97.5 775
HK 5 30 100.0 100.0
TH 8 46 95.7 95.7
All sites 30 181 96.7 923
Hemodynamic monitor** AU 10 80 97.5 95.0
HK - - - -
TH - - - -
All sites 10 80 97.5 95.0
Mechanical ventilator AU 8 71 100.0 100.0
HK 8 96 99.0 979
TH 8 89 100.0 100.0
All sites 24 256 99.6 99.2
ECMO AU 8 56 98.2 98.2
HK 64 100.0 953
TH 51 100.0 100.0
All sites 24 171 994 976
Laboratory data AU 104 100.0 100.0
HK 117 983 974
TH 109 100.0 98.2
All Sites 25 330 994 98.5

AU, Australia; ECMO, extracorporeal membrane oxygenation; HK, Hong Kong; TH, Thailand

"The rate of data completeness was calculated as (“Correct”+“Incorrect”) / (“Undetected”+“Correct”+“Incorrect”). The rate of data accuracy was calculated as

“Correct”/ ("Undetected”+“Correct”+"Incorrect”+"“False Positive”)

" A standalone hemodynamic monitor was not used in Hong Kong and Thailand

User satisfaction

A user survey was administered to 8 research assistants.
The survey results indicated a generally positive
perception of the OCR-based system among users. 7
(87.5%) responders reported “I got used to it right away”
for the ease-of-use question. The median usefulness
rating for the OCR function was 5 (IQR: 4-5), and the
time-saving aspect of the OCR function received a
median rating of 5 (IQR: 5-5) (all ratings out of 5). Users
also expressed a high median satisfaction rating of 4
(IQR: 3.3-4.8). Overall, the median recommendation
rating for the OCR-based system was (IQR: 4-5). Specific
issues requiring improvement that were identified by
users included the occasional slow performance of the
software. Detailed results of the user survey are presented
in Supplemental Table 5.

Discussion

In this prospective pilot study, we provide proof-of-
concept data that an OCR-based system can read and
record data from ICU monitors into a user-defined CRF
with a high degree of data completeness and accuracy.

Additionally, we observed substantial time-saving effects
and a high level of user satisfaction. There is immense
potential for OCR-based data entry to facilitate stand-
ardized collection of multiple variables in large datasets,
thereby supporting quality improvement, benchmark-
ing, and research efforts, particularly in resource-limited
settings.

OCR-based systems have been increasingly utilized
in applications to facilitate various human tasks. A
common example is their ability to translate text into a
preferred language in real time by using mobile device
cameras to capture print or photos. This has significantly
facilitated multilingual communication by overcoming
language barriers between countries. Takano et al. had
demonstrated the functionality of automated label data
extraction and database generation from herbarium
specimens, where handwritten Japanese notes were
processed and electronically converting then stored in
medical records [4]. Prototypical work in the clinical
environment has also been reported, including the
extraction of single variables from medication pumps in
the neurocritical care setting. [5]
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Fig. 1 Examples of poor image quality affecting performance of optical character recognition-based system. Examples of poor image quality
rendering suboptimal performance of the optical character recognition-based system. These included low image resolution (A), photos taken
at slanted angles (B), presence of strong light reflections (C), and parts of the image being cropped out (D)

In clinical medicine and research settings, conventional
data entry is often characterized by the need to
handle a vast number of data variables, which can be
overwhelming and error-prone [6, 7]. Studies have shown
that the redundancy and inconsistency between different
datasets necessitate repeated efforts to ensure data
accuracy and completeness before meaningful analyses
can be performed and conclusions can be drawn [8, 9].
Especially in situations where numerous registries on
similar topics co-exist, this duplication of effort is not
only inefficient but also significantly increases the risk of
data entry fatigue, and eventual burnout of researchers.
The resource-intensive nature of manual data entry
practices can be particularly challenging for low-income
countries, resulting in obstacles from participation in
multicenter registries. For example, data from Asian
countries only make up around 10% of ECMO runs
captured in the global ELSO registry, which is a departure
from actual large patient volumes [10]. In China alone,
there was a 38% increase in annual ECMO cases to a total
of 3923 cases in 2018 [11]. Similarly, non-European or

American patients only represented 28.9% of data in the
global ICON audit of ICU admissions [12]. The eventual
underrepresentation in clinical research can be partially
attributed to the lack of infrastructure and resources
needed for systematic data collection and management
[13]. The World Health Organization has highlighted
that barriers to implementing effective data entry
and management systems in low- and middle-income
countries further exacerbate health disparities [14]. Even
in high-income countries, the rising salary costs for data
entry personnel impose a significant burden on financial
resources.

While techniques to automate and streamline data
input have been developed for certain electronic
healthcare record (EHR) systems, these are usually
applied to semi-structured data or numerical data
that are already recorded. The wealth of information
from the clinical environment, such as information
from various ICU devices are not considered. These
automated systems are also usually implemented in large
medical systems in developed countries, and the costs
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Fig. 2 Examples of the user interface of the optical character recognition-based system. The case record form including the patient list (Panel
A), variables of interest (Panel B), and the format and possible ranges of data was created based on the ELSO Registry. The OCR-based system
is accessible directly from the case record form (Panel C). Subsequently, the camera function is used to capture an image of the target monitor
or device (Panel D), data is automatically uploaded (Panel E), and relevant parameters are transcribed into the case record form (Panel F)
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of purchasing user licenses are prohibitive to low- and
middle-income countries. [15]

In our study, we showed that an OCR-based system
could have the potential to reduce reliance on dedicated
data entry personnel while maintaining data quality and
enhancing participation in global health research. The
significant time-saving effects of>40% demonstrated
in our OCR-based system compared to traditional
manual input were paralleled by extremely high user
satisfaction. This time-saving effect was also reported
by Mohana et al. with 17% reduction in time for data-
related tasks while maintaining a near 100% accuracy
rate, ultimately reducing the cost of manual document
processing by 35% [16]. The ability to capture clinical
data at the bedside using readily-available mobile devices
allows seamless integration of data collection into clinical
workflows. Important time-sensitive clinical events, such
as changes in physiology and hemodynamics, together
with concurrent ventilator and ECMO readings, can be
recorded at the moment of patient deterioration [2]. The
high rate of data completeness and data accuracy with the
OCR-based system, even among untrained users, obviates
the need for dedicated training of data entry personnel
and incentivizes more widespread participation from
clinical staff. Taken together, an OCR-based approach
lowers the data collection barrier by harnessing data that
could be contributed from standalone legacy monitors
without network connectivity, eliminating the need to
understand complex data dictionaries, and serving as
a manufacture-agnostic and low-cost approach to data
collection.

Near-future modification of these OCR-based systems
include the incorporation of multilingual capabilities
to circumvent language barriers that are particularly
prevalent in low- to middle-income countries. In
addition, it is possible that the incorporation of natural
language processing capabilities would augment data
capture from unstructured clinical notes [17]. The
widespread testing and implementation of these OCR-
and Al-augmented systems in conjunction with existing
international patient registries and across different
healthcare settings will provide real-world data on the
potential and limitations of this technology, allowing
understanding of practical and regularly limitations,
and setting a precedent to revolutionize data entry
practices for large multicenter studies. Lastly, given
that the federated approach to cross-institutional data
sharing and analysis has experienced early success
[18], more widespread integration of case report forms
with federated data platforms should be implemented.
As the OCR technology evolves, it may serve as a key
component in improving real-world data collection and
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supporting data-driven advancements in critical care
medicine.

Limitations

Firstly, this is a pilot study of the OCR-based system
and more widespread testing across healthcare settings
is needed. There is a need to work closely with software
developers to adapt the system according to geographic
locality, and it remains possible that the system may
underperform with certain languages or different types of
monitor displays. Secondly, it was difficult to standardize
the baseline experience level and data entry practices
across different users who participated in the time-
saving analysis, lending possible biases in time needed
to enter data. Finally, it remains to be assessed whether
inaccuracies of the OCR-based system may introduce
information biases in clinical studies.

Conclusions

We developed and validated an OCR-based system that
enhances data capture in the ICU with a high degree of
data completeness and accuracy. This breakthrough in
technology should change the workflow and substantially
alleviate the burden of data entry, potentially translating
to the advancement of data contribution to international
registries and the development of data-driven solutions
in the critical care environment.
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CRF Case report form

ECMO Extracorporeal membrane oxygenation
EHR Electronic healthcare record

ELSO Extracorporeal Life Support Organization
ICU Intensive care units

IRB Institutional Review Board

MIMIC-IV  Medical Information Mart for Intensive Care
OCR Optical character recognition
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