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Abstract---Background: Speech recognition (SR) systems have been
used in medical reporting for over 20 years, converting spoken words
into written text and allowing voice commands. Initially hampered by
underdeveloped technology and unsatisfactory recognition error rates,
progress has been made in algorithm design, system performance,
and technology, with newer approaches emerging. Aim of Work: The
objective of this study is to examine existing literature that evaluates
the effects of speech recognition (SR) technology on clinical
documentation. Methods: Studies conducted before December 2014
that reported clinical documentation employing SR were located by
searching Scopus, Compendex and Inspect, PubMed, and Google
Scholar. The examined outcome variables consisted of dictation and
editing time, document turnaround time (TAT), speech recognition
accuracy, mistake rates per document, and economic gain. Results:
The majority of research focused on comparing speech recognition
(SR) to dictation and transcription (DT) in the field of radiology. There
was a significant level of variation across the studies. Document
editing time was shown to be significantly longer when utilizing
speech recognition (SR) compared to traditional typing (DT) in four out
of six tests, with an increase ranging from 1876.47% to -16.50%. The
duration of dictation rose in three out of five investigations, ranging
from a 91.60% rise to a 25.00% decrease. The TAT showed a
continuous increase while using SR instead of DT, increasing from
16.41% to 82.34%. Across all investigations, the improvement rate
was 0.90% each year. The accuracy of speech recognition (SR) was
documented in 10 investigations, ranging from 88.90% to 96.00%. It
was observed that the accuracy of SR increased by 0.03% year as the
technology advanced. The average number of mistakes per report
significantly increased while employing SR, ranging from 0.05 to 6.66,
in comparison to DT, which ranged from 0.02 to 0.40. The reporting of
economic gains was inadequate. Conclusion: The findings indicate
that SR is consistently developing and has some benefits for clinical
documentation. Nevertheless, the data endorsing the use of SR is
lacking in strength, and more inquiry is necessary to evaluate the
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influence of SR on the kinds, frequencies, and clinical results of
documentation errors.

Keywords---Health Record Systems, Electronic Health Records,
Patient Care, Review, Ethical Matters.

Introduction

Commercially accessible speech recognition (SR) systems for medical reporting
have been in existence for more than twenty years. [1] Speech recognition (SR) is
a tool that helps with clinical documentation by converting spoken words into
written text or by allowing users to manage interface functionalities via voice
commands. Speech recognition (SR) has been effectively used in clinical
environments, particularly for the transcription of radiology reports.[2,3] It is
often employed with the radiological information system or image archiving and
communication systems. Nevertheless, the use of SR has not been consistent
across all therapeutic fields. On the other hand, SR is now extensively used in
many consumer applications, such as interface control and question answering
apps in smart phones. [4]

The first use of SR-based documentation was impeded by underdeveloped
technology and recognition error rates that were deemed unsatisfactory in a
clinical setting. However, significant progress has been achieved in the last two
decades via continuous improvements in algorithm design and system
performance.[5,6] The technology behind SR systems has seen significant
advancements, particularly in the SR engines responsible for speech recognition,
as well as the processing speed and memory capacity of the hardware used to
handle speech input. In the past, early speech recognition systems used formal
language grammars. However, they were replaced by probabilistic techniques like
Hidden Markov models, which are being used today. Language models of this
kind need the use of signal processing techniques to extract fundamental
characteristics from speech data.[7-10] Additionally, statistical acoustic models
are employed to describe the various sounds or phonemes found in speech. The
development of SR techniques is ongoing, with newer approaches including
structured speech and language models, conditional random fields, and
maximum entropy Markov models. [11]

Aim of Work

The aim of this study is to provide a concise overview of the scientific literature
that discusses the advantages and potential drawbacks of using speech
recognition (SR) technologies for clinical recording purposes. The secondary
objective is to investigate if the performance of speech recognition (SR) in clinical
documentation tasks has shown improvement over time as this technology has
become more advanced.
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Methods

Article searches were conducted using Scopus, Compendex, Inspect, PubMed,
and Google Scholar without any limitations on the publication date. The search
query employed was: "speech recognition” or "voice recognition" or "Dragon
Naturally Speaking" (the inclusion of other brand names did not yield any
additional outcomes) and "medical record*" or "health record*" or "patient record*"
or "nursing record*" or "clinical record*" or "radiolog*".

Speech Recognition Efficiency

Several studies examined the effects of speech recognition (SR) on the speed at
which clinicians write or alter clinical documents, as well as its influence on the
time it takes for organizations to process these documents.[12,14] Five researches
documented the duration of dictation, which refers to the time required to
generate a new clinical document using either speech recognition (SR) or direct
transcription (DT) methods, as shown by studies [14-18]. Among these studies,
four focused on analyzing radiology reports, while one examined general clinical
notes. Out of the 18 participants, three had a rise in dictation time while utilizing
speech recognition technology, increasing from 35.64% to 91.60%. Two studies
shown that adopting speech recognition (SR) technology resulted in a decrease in
dictation time compared to traditional typing (DT) by 10.87% and 25.00%
respectively. Each research used a distinct speech recognition (SR) system,
namely Philips Nuance, LTI, AGFA, and ASR Medispeak [14,16,17,18]. The
sample sizes varied from a single subject, with a minimum of 18, to a whole
department, with a maximum of 17. The length of the studies ranged from 4
weeks, with a minimum of 17, to 3 months. Research [6] evaluated the editing
time of documentation using speech recognition (SR) to traditional typing (DT).
Editing included the thorough examination, modification, or completion of clinical
records in readiness for submission. Four studies shown a significant escalation
in the duration of editing while using SR for generating reports [16, 18, 20, 21],
whereas two studies indicated a little decrease. The changes in editing time varied
from a significant increase of 1876.47% (17 seconds compared to 336 seconds
using SR) to a modest decrease of 16.50% (303 seconds down to 253 seconds).
Three researches investigated radiological records, while two studies focused on
general clinical notes. Additionally, one study analyzed pathology reports. [20]

Eight researches were conducted to examine the turnaround time (TAT), which
refers to the duration of the complete process from report generation to
completion and submission [14, 19, 22, 27]. All of these studies consistently
shown a reduction in TAT when using SR. The drop ranged from a high of 81.16%
(1486 min down to 280 min) to a low of 16.41% (329 min down to 275 min). [19].

Precision of Speech Recognition

Multiple research have examined the precision of speech recognition (SR) as a
method for entering data. These studies have focused on various factors, such as
the number of mistakes per document for both SR and traditional data entry (DT),
as well as the accuracy rate specifically for SR. Ten studies documented the
accuracy rates of systematic reviews [14, 16, 18-20, 24, 25, 28-30]. Six
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researches conducted a comparison of the average mistakes per document
between DT and SR. Specifically, studies [15, 16, 18, 20, 31, 32] all shown a
significant rise in the number of errors while using SR. The mean mistakes per
document using DT ranged from 0.02 to 0.40. The average mistakes per report
generated using SR were much greater, ranging from 0.05 to 6.66. The average
number of extra mistakes discovered per report when employing SR instead of DT
varies from 0.03 to 19.53. [18]

Discussion

Speech recognition (SR) is a commonly used method of input for contemporary
computer systems and has a long history of application in healthcare
environments. Our research found that the data supporting the advantages and
limits of using SR for clinical recording is limited, incomplete, and largely neutral
towards its benefits. There is a lack of recent investigations that may benefit from
more advanced SR technology.

In the late 1990s, three prominent companies introduced medical versions of
their commercial speech recognition software. These systems were Dragon
NaturallySpeaking with a medical add-on, IBM ViaVoice 98 with a general
medicine vocabulary, and L&H Voice Xpress for medicine, General Medicine
Edition. The early commercial distribution of SR in the 1990s generated a
significant amount of excitement, which is seen in the perspectives expressed in
the research and editorials from that time. The initial fervor for SR has gradually
diminished, giving way to a more nuanced perspective that acknowledges both its
advantages and limitations.[33-36]

The use of SR resulted in significant improvements in documentation speed at the
system level, with a notable decrease in total turnaround time (TAT) for report
preparation. The primary reason for this is the ability of SR-based systems to give
information very instantaneously. This enhancement conceals the time burden of
revising and creating documents, which is directly borne by the doctor. The
successful implementation of technologies in clinical settings typically relies on
the local expenses being compensated by local advantages. The limited adoption
of speech recognition (SR) technology so far may be attributed, at least in part, to
a discrepancy between the costs and benefits for clinicians who are responsible
for generating reports.

These studies have indicated a slight improvement in the accuracy of SR over
time. There are many technical factors contributing to this, such as
advancements in microphone quality, speech recognition software packages, and
computer hardware. Currently, several providers of speech recognition software
claim accuracy rates as high as 99%. Despite achieving high accuracy rates, it is
important to note that speech recognition (SR) may not be completely safe in a
clinical setting. Various studies have identified a variety of mistakes, some of
which have substantial clinical implications and might potentially damage
patients. The reported errors encompassed a variety of issues, such as generating
documentation for the incorrect patient, incorrect drug name or dosage, incorrect
lab values, discrepancies in left/right anatomical information, medical
inconsistencies, mismatches in age or gender, incorrect doctor name, incorrect
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date, usage of fabricated words and acronyms, irregular spacing, spelling
mistakes, omissions, and duplications. DT had lower rates of clinically significant
mistakes, largely attributed to trained and experienced transcriptionists who
provided an extra safety check on the content of clinical documents.[37-39]

The experiments did not sufficiently capture the many factors that might possibly
impact the operation of the SR system. The factors included in this context are:
user training and expertise, speech recognition speed, microphone quality,
author's accent or speech impairment, interruptions during dictation, degree of
background noise, and other prevailing environmental circumstances. Without
these data, it is necessary to use caution when making generalizations about the
performance reported in these research and how it may translate to real-world
situations. To clarify, achieving satisfactory results in controlled environments
does not guarantee the same outcomes in real-world clinical situations.

These studies alone do not provide enough evidence to determine if SR is an
efficient or successful method for creating clinical documentation. Additionally, it
is unclear which situations and modes of usage are most suitable for SR.
However, the extensive implementation of SR should provide proof of the
existence of these advantages. Nevertheless, more study is required in several
domains before this can be firmly confirmed.

Effect on clinical processes and results: None of the research included in this
evaluation examined the influence of SR on clinical outcomes. The use of
electronic documentation for the electronic health record is expected to primarily
enhance organizational processes rather than clinical results. However, the
utilization of 39 SR may lead to modifications in the amount and content of
documents, which might potentially influence clinical choices. The
implementation of SR will also lead to substantial changes in the business
operations carried out by a company, and these modifications, along with their
subsequent consequences, may need analysis.

The research included in this review found that although there were overall gains
at the system level, there were also hidden costs for physicians. Although speech
recognition (SR) may seem simpler than other conventional input methods, it
seems to need more time when it comes to editing papers. If the use of SR further
augments cognitive burden for physicians, it might potentially affect various
clinical responsibilities, temporal efficiency, and rates of mistakes. [40]

The use of information technology is often linked to potential threats to patient
safety. Technology not only introduces new categories of faults, but also presents
new possibilities for user mistakes, which might differ depending on the
particular technology, its wusers, their environment, training, and jobs.
Considering the evident emergence of fresh mistakes linked to SR, every appraisal
of advantages necessitates a careful consideration of potential damage.

This study did not include any research that compared speech recognition (SR)
with the prevailing input method of keyboard and mouse. This may be due to the
fact that dictation is widely used in fields like radiology, where most of the studies
were done. In order to provide a conclusive evaluation of SR, it is necessary to
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compare it with other commonly used options such as keyboard input. The
efficacy of SR in activities unrelated to documentation, including as order input,
alert management, and patient handoffs, shows significant promise. Nevertheless,
the bulk of the research failed to address these problems. Several of these
activities may need the use of more limited restricted vocabularies, which might
possibly simplify the work. However, there is a possibility that certain tasks may
be more challenging due to the presence of more distractions or disturbances in
the surroundings.

Various information technology platforms are used in clinical practice, ranging
from conventional computer workstations to smart phones, tablet devices, and
wearable devices like head-mounted displays and eyewear. These platforms may
employ speech recognition (SR) technologies in diverse manners. The efficacy of
SR is expected to differ across different systems.

Constraints of this review

Subgroup analyses were not possible due to the heterogeneity in research task,
design, and population, as well as the small sample numbers. Although this
feature enabled the examination of temporal patterns, it hinders the direct
comparison of several researches. Likewise, the complexity of research designs
improved with time, and earlier studies were often of inferior quality compared to
more recent publications. Additional constraints include the extent, duration, and
financial factors. There were few evaluations of the comparative efficiency of
systematic reviews. When comparisons were conducted, they were performed
using DT. The majority of research primarily concentrated on the production of
radiological reports, with only a limited number investigating the generation of
clinical data that would be included in the primary parts of a patient record. The
use of speech for sophisticated purposes such as navigation and control was not
investigated. Several potential factors that might impact real-world performance
were not investigated nor documented.[41]

The research spanned over a period of more than twenty years, including many
generations of SR technology. The SR systems used in this study were IBM
MedSpeak and ViaVoice versions [20, 22, 24, 25, 28, 30]; Philips SP6000 and
SpeechMagic versions [14, 19, 26]; Nuance's Dragon Naturally Speaking,
Powerscribe, and SpeechMagic 2009+ versions [18, 21, 23, 32, 35]; AGFA's Talk
Technology versions 16, 27, and 31; and AARK Systems, ASR Medispeak, the
Dent Voice Prototype, and LTI. [15, 17, 29, 42]. The studies examined had limited
and poorly reported cost-benefit assessments. Furthermore, due to major
variances in factors such as clinical context, technology, installation,
maintenance, and support expenses, most of these evaluations were not directly
comparable.

Conclusion

This study demonstrates that SR has the potential to be a helpful tool for clinical
recording. Nevertheless, it is essential to carefully consider the possible
drawbacks of any improvements, such as the possibility of time penalties for
physicians, the risk of additional mistakes, and the lack of clear cost-benefit
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analysis in some clinical environments. The available scientific data is quite
limited, and several questions and untapped possibilities still exist. Although SR
may not be feasible for every clinician in every situation, it is now unable to
precisely define the specific activities and therapeutic environments in which its
use is definitely advantageous and where it should potentially be abstained from.
Smartphones and wearable devices, such head-mounted displays and eyewear,

are

well-suited for the therapeutic application of speech recognition (SR).

Therefore, this topic deserves further study focus.
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