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Abstract

As a primary source for learning from lessons, patient safety
event reporting systems have been widely adopted.
Nevertheless, underreporting and low quality of reports
pervade the system. To address these issues, the study
proposed two text prediction functions as data entry aids to
system users. With 52 subjects, a two-group randomized
experiment was conducted to quantify the impacts in terms of
the reporting efficiency, quality, and usability attitudes.
Consequentially, on structured data entry, the results were an
overall 13.0% time reduction and 3.9% increase of response
accuracy with the functions; on unstructured data entry, there
was an overall 70.5% increase in the text generation rate, a
34.1% increase in the reporting completeness score, and a
14.5% reduction on the amount of text fields ignored by
subjects. Subjects’ usability attitudes were slightly improved
with the proposed functions according to the questionnaire
results.
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Introduction and Background

In 1999, the prestigious report “To Err is Human” released by
the Institute of Medicine estimated 44,000 — 98,000 patient
deaths each year due to preventable medical errors [1]. In a
recently published study in 2013, the estimation was raised to
210,000 — 440,000, which made the medical errors the third-
leading cause of death, behind heart disease and cancer in the
United States [2]. To learn from the errors in order to improve
patient safety and healthcare quality, electronic event
reporting (e-Reporting) systems have been proposed and
promoted nationwide. However, low-quality reports pervade
the systems and undermine the user engagement of e-
Reporting.

As one of the most prominent factors associated with low-
quality reports, data entry has received much attention in
clinical information systems, such as electronic health record
and computerized provider order entry system [3,4]. Quality
data in patient safety holds promise in prompting system
acceptance, which in turn may form a virtuous loop in
leveraging system performance, user engagement, and patient
safety. In this two-group randomized study, we explored text
prediction techniques for facilitating data entry in terms of
quality and efficiency.

Method and Material

Subjects

The study enrolled 52 nurses from 21 clinical departments in
Tianjin First Central Hospital (TFCH) in China. All nurses

were female between the ages of 30 and 52 years. On average,
they had 20 years of nursing experience and four years of
experience with e-Reporting. All participants signed an
informed consent form approved by the Ethics Committee at
the TFCH (No.E2012022K). This study was also approved by
the Institutional Review Board at the University of Texas
Health Science Center at Houston (No. HSC-SBMI-12-0767).

Interfaces

Two experimental interfaces (control and treatment) were
developed as a means of configuration control during data
collection. The two interfaces were identical in terms of task
and representation, requiring the completion of 13 structured
multiple-choice questions (MCQs) defined by AHRQ
Common Formats [5] and one free text, multiple-line
comment field for reporting additional details of patient fall. A
single exception between the two interfaces was the provision
of text prediction functions in the treatment interface, which
included a cueing list (CL) and autosuggestion (AS). As
illustrated in Figure 1, part B, the CL was attached to the
MCQs (4 out of 13) that had a single text field. For
unstructured data entry, the comment field was equipped with
both the CL (part C) and AS (part G) in the treatment
interface.

All items contained in the CL and AS were manually prepared
[6]. Two domain experts reviewed all testing cases, and
transcribed and categorized the key elements with the
colloquial language in Chinese with characters Hanzi and
phonetic typing method Pinyin. Pinyin text input methods
(IME) are based on the standard qwert keyboard and are the
most popular in Chinese. Pinyin IME does not require
additional training for those who recognize English letters.

To prepare the CL and AS, expert reviewed words, phrases,
and sentences were populated into a data table serving as
reminder items. The number of listed items in any CL and AS
was limited to 10, based on a trade-off between inspecting
efforts and predicting sensitivity [7]. In the CL, at least one of
the items was considered to be more descriptive, accurate, and
pertinent to the case being reported than the rest. In the AS,
the display of suggested entry options relied on a Soundex
algorithm (phonetic matching function) of MySQL and the
reporter’s initial entries. As illustrated in Figure 1, Part G, the
top 10 hits were rendered in the AS list. On the treatment
interface, the subjects were allowed to select mixed entries
from the AS list and user-generated text input. On the control
interface, subjects were not provided any AS or CL; thus, each
participant had to generate his or her own text input through a
regular qwerty keyboard.
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Structured Data Entry — 13 MCQs and four of them have narrative fields as illustrated as part B

Did the patient sustain a physical injury as a result of the
fall?

CHECK ONE:

What type of injury was sustained?

ECK ONE; IF MORE THAN ONE, CHE

MOST SEVERE

Other: PLEASE SPECIFY

Next question » D

TITITTITTYS

7
Main component lists multiple-choice questions in slide-in mode

Unstructured Data Entry — One narrative comment field

Entered and Describe event details that are important but yet fully explained previously:

lagged—mtexl\[‘ Sliie ey (EE e T E
Inital letters_{(G:)

of input

Auto-suggestion
matched text
entry hits.

(# of hits <=10) trying :O bed

@t
patient was trying td Dout of bed

TITTTITTYS

Figure 1 — The layout of interface
elements is shown in English for both

i & structured and unstructured data entries.
i : Text prediction of Cueing Lists (CL, box
C) and Auto Suggestion (AS, box G) are
triggered  with  cursors in  the
corresponding fields. Box A shows the
first answer triggering generated by the
child’s answers to questions B, C, D, etc.
Box C is activated only when a single-
text field (B) is open. CL reminds
reporters of the content or key
characteristics of reportable data
associated with the event. The number of
items listed in CL is <6. When pressing
the button (D), a report would show an
unstructured page containing boxes E, F
and G. When initial letters (shown in box
F) of the description are typed in, a
matched list provided by AS shows up.
The number of items listed in AS is <10.
Matched letters and the focused line are
highlighted in blue (G). Reporter may
select one at a time and modify as
necessary. Pressing the “Enter” button
(behind G) will tag the current entry in a

Laceration of skin

ncised wound c

Cueing list that reminds
of the content or content
categories of reportable data

May have data in the

(F1)Time of Fall
(F2)Site of Fal SF

(F3)Risky Behaviors RB

(F4)Risk Factors RF

(F5)Medication-related c
(F6)Subsequent Orders

Narrative data entry field equipped with text prediction functions

Testing Cases

In the study, each subject reported five patient-fall cases in a
randomized sequence. The cases were selected from two
sources —a case depository with 346 fall reports from a
previous study [8] and a public database of Morbidity and
Mortality (M&M) [9]. The five selected cases were translated
into Chinese and rephrased by two domain experts for the
purpose of quality and readability of text. A similar
complexity of the five cases was agreed on by the domain
experts. The following English narrative is an excerpt from
one of the cases.

“... patient was alert and oriented X3 (person, time and
location) upon assessment, and instructed on admit not to
getting up without assist. He had been sleeping and
attempted to get up to go to the bathroom. He forgot to
call staff to have plexipulses (a device) undone, and
tripped on plexi tubing and attempted to catch self on
overhead bars. He landed on the floor...”

Experimental Design

With a permuted-block algorithm, the 52 subjects were
randomly assigned to two groups. 25 subjects were allocated
into the group using the control interface without text
prediction; 27 were assigned to the group with the treatment
interface. The presenting sequence of five cases for each
subject was randomly assigned. The subjects were trained
through verbal instructions, and then asked to practice using
both interfaces to report a sample case until each felt
comfortable with the content and interface interactions. Since
the training was conducted prior to grouping and the grouping
procedure was blinded to both the subjects and the trainer, this
design prevented confounding influences and training bias
which might be delivered by the trainer.

blue text chunk (as shown in E).

Table 1 — The data sources and the units of analysis of key
measures in the study

Unit of
Measures Data sources .

analysis

Subject

Age Hospital nursing office Years

Proficiency 5 points Likert

of reporting Graded prior to the experiment scale

falls (1-low to 5-high )

Reporting efficiency

Structured data  Accumulated time on MCQs Seconds

entry

Descriptive Completion time on the Seconds

comments comment field

Nominator: Letters in length
Text
. of the comments; «
generation D . . . Letters/Second
enominator: completion
rate .
time
Quality of reports
Nominator: Accumulation of
Structured
ent scores on MCQs; P t
Y Denominator: Maximum of the crcentage
accuracy .
accumulation
Narrative The number of credited text Counts

completeness  chunks
Survey usability attitudes

Us.e e S points Likert
attitudes in . X

four Posttest questionnaire scale
dimensions (1-low to 5-high )

* To count the length in letters, one UTF-8 encoded Chinese
character equals three English letters in length.
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In the hospital, a typical scene of event reporting is that a
reporter initiates a report upon a witness’s word-of-mouth
information. This study simulated the natural scene by using
the five cases with each having appeared on the first page of
the interface. Subjects read the descriptions and answered the
questions upon recall.

Pauses and pop-up questions were discouraged, except when a
subject was in transition between reports. Keystroke level
operations (mouse clicks and keystrokes) for each subject trial
were time stamped and logged into a MySQL database. All
reporting sessions were recorded using Camtasia Studio® 7
for data reconciliation. Each session was concluded with a
questionnaire [10] via SurveyMonkey to reflect user attitudes
in e-Reporting. The questionnaire was developed following
Nielsen’s Attitudes of Usability with a five-point Likert scale,
wherein “1” indicated a maximal level of disagreement to the
statement and “5” indicated a maximal level of agreement.

Processing of Data

The study collected ordinal and nominal data out of three data
sources, including MCQs, narrative comment fields, and
questionnaires. Ordinal data are the selected response items in
the MCQs and questionnaires, and nominal data are the text
entries in the single-line fields of MCQs and the comment
field at the end of each report. We examined the ordinal and
nominal data in terms of efficiency, effectiveness, and
usability attitudes. Other experimental features associated with
the CL and AS functions were also investigated. Table 1 lists
the data sources and units of analysis of the measures.

Results

All the subjects successfully completed the experimental
sessions with each subject having reported five cases, and the
group consequentially generated 260 reports and 52
questionnaires. On average, each subject’s session took 71
minutes, which consisted of 17 minutes in training and
practice, 45 minutes in case-documenting, and 9 minutes in
the questionnaire. There were 25 subjects in the control and 27
subjects in the treatment groups, accounting for 125 and 135
reports respectively. The mean ages of the subjects’ groupings
were 43.6+5.8 (control) versus 41.1+6.7 (treatment). The
differences of ages and proficiency scores between the groups
were insignificant (p > 0.05). The 260 reports contained 2,849
answers to MCQs and 238 unstructured narrative comments.
As shown in Table 2, the subjects had eight significant
variations between the groups indicated by an arrow 1
(increase) or | (decrease). Almost all variables, except for
mouse clicks, in the treatment group showed an improved
performance against the control group.

The analysis showed that the efficiency and quality of
reporting can be enhanced by CL and AS for both structured
and unstructured data entries. As illustrated in Figure 2, for
the structured questions, the completion time was reduced by
13.0%, while the accuracy had a 3.8% increase overall. For
unstructured narrative entries, the text generation rate was
increased by 70.5%, which significantly increased the
generation of free text data volume without an increase of time
consumption between the groups. The reports generated in the
treatment group were much more complete (34.2%) and richer
in text (24.4%) than those in the control group.

As indicated in Table 2, the introduction of CL greatly
improved the missing comments in the narrative field where
the non-adherence rate dropped from 14.5% to 1.5%. CL
functioned as a dynamic display when the page containing
narrative comment fields slid in, as shown in Figure 1 (Part E,

F & G). CL successfully drew subjects’ conscious attention to
the interface content. This dynamic CL signaled a compelling
message to the subjects about the importance of filling the
comment field.

Analytical results out of the questionnaires show potential
non-adherence that may occur due to the following reasons:
(1) a slip of unconscious skip of the comment field, (2) a lack
of ideas of what event characteristics should be described
further, and (3) that memory fades when working on the
comment field.

Benefits from AS and CL also showed in keystrokes. In the
reports, keystrokes were reduced by an average of 48.4%. In
contrast, there was a 29.3% increase of mouse clicks. AS, in
addition, showed a significant effect in generating 133
narrative comments, wherein AS was selected in 120 (90.2%)
comments, totaling 460 times. Meanwhile, AS was inserted
into 66.9% text chunks identified in the 133 entries. On
average, AS was presented in 3.8+1.9 text chunks in each
report. A regression analysis showed that influential rate,
defined as AS selection over total text chunks in each report,
increased along the experimental progress (p < 0.05).
Therefore, an observed learning effect amplified the efficiency
along the experimental progress, as shown in Figure 4.

Fifty-two questionnaires were completed, which contained
1,300 rated answers. According to the analysis shown in
Figure 5, the subjects showed overall good attitudes for the
usability of both interfaces. The scores on all four dimensions
slightly increased in the treatment group compared to the
control group, but were not statistically significant. The text
prediction functions implemented in the treatment group did
not impact user attitudes in terms of learnability, efficiency,
memory, and satisfaction.

TIME INSE
/
UF

—— -

Figure 2 — Reporting efficiency and accuracy of structured
data entries increased in the treatment group.

Figure 3 — Text generation rate and data completeness of
unstructured data entries increased in the treatment group.
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Table 2 — The subjects’ performance in the reporting task.

191

Measure Control Group Treatment Group Variation p-value Illustration
Subject
Sample size (subjects/reports) 25/125 27/135
Age 43.6%5.8 41.1+6.7 0.189
Proficiency in reporting fall events (Likert scale 1-5) 3.840.5 3.940.5 0.413
Reporting efficiency
Time on case reading (seconds) 84.9+44.8 78.6+43.2 0.307
Structured data entry (seconds) 131.0£50.0 114.0+41.7 113.0% 0.004 Figure 2
Descriptive comments (letters) 139.6+99.6 142.9+82.2 0.782
Text generation rate (letters per second)* 0.9540.35 1.62+0.99 170.5% 0.000 Figure 3, 4
Physical operations in a report
Mouse click 13.3£2.1 17.243.7 129.3% 0.000
Keystroke 173.2+117.0 89.4+89.4 1 48.4% 0.000
Quality of reports
Structured entry accuracy 79.4+£10.1% 83.2+11.0% 13.8% 0.000 Figure 2
Missing comments (non-adherence rate) 20/125(16.0%) 2/135(1.5%) 1 14.5% 0.000
Narrative completeness 3.842.3 5.1+2.4 134.2% 0.000 Figure 3
Length of a chunk - richness (letters)* 30.3+13.1 37.7+18.6 124.4% 0.000 Figure 3
Survey usability attitude (Likert scale 1-5)
Learnability 4.04+0.3 4.140.5 0.545 Figure 5
Efficiency 4.1+0.4 4.340.6 0.386 Figure 5
Memory 3.540.5 3.840.5 0.099 Figure 5
Satisfaction 3.840.4 3.940.5 0.458 Figure 5

* To count the length in letters, one UTF-8 encoded Chinese character equals three English letters in length.

Figure 4. Text generation rates exhibit an overall increase
(learning effect) over five reports in the treatment group. In
contrast, such an effect does not present in the control group.

Figure 5. User attitudes of the treatment group are slightly
improved than the control group.

Discussion

It is generally agreed that keystrokes could be reduced when
clickable on-screen options are readily available on a user-
centered interface. However, the keystroke savings alone
remain inadequate in explaining the increased -efficiency.
Earlier research exhibits mixed, inconsistent results regarding
improved efficiency of keystrokes in terms of cognitive load,
eye gaze movement, and mouse clicking [11,12]. The balance
between mouse clicks and keystrokes is an interesting topic in
the process of developing an efficient and effective e-
Reporting system. As touchscreen handheld devices are

becoming pervasive in healthcare, significant keystroke
savings on data entry may greatly amplify the benefits of user-
centered design. This is because most touchscreen users prefer
on-screen menu selection to on-screen keyboard typing.

The two-group randomized experiment proved the
effectiveness of AS and CL text prediction in generating quick
and high quality data entry in e-Reporting. User attitudes
reflected in the questionnaires did not change significantly,
but were potentially improved with the introduction of text
predictions in e-Reporting. The observed effect may be
generalizeable to other data entry interfaces in healthcare.
Clinicians working under time pressure are expected to
document in a timely manner [13,14]. Meanwhile, the quality
of data has to achieve a high standard for decision-making and
the creation of actionable knowledge. The solutions such as
AS and CL experimented with in this study pave a way for
addressing these concerns. The clinical document architecture
(CDA) is a markup standard developed by Health Level 7
Internation (HL7) to define the structure of clinical
documents, such as discharge summaries, progress notes, etc.
Nonetheless, e-Reporting is  becoming a  routine
documentation task where the structure is not yet well defined.

Recently, The Agency for Healthcare Research & Quality
(AHRQ) created the Common Formats (CF), which are
common definitions and reporting formats, to help providers
uniformly report patient safety events and to improve
healthcare quality. CFs include paper forms to guide the
development of data collection intruments. When
transforming the paper forms into electronic interfaces,
designers should carefully learn from those lessons based
upon the evolvement of electronic medical records.

One of the major purposes of e-Reporting is the collection of
information and knowledge about patient safety events.
ITronically, the e-Reporting process is not immune to human
errors due to time pressure, multi-tasking, or competing
priorities.
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Recommendations for Interface Development in
Healthcare

Guided by user-center design principles, we employed state-
of-the-art and open-source techniques to rapidly prototype the
dual-interfaces, one exhibited stereotypical functions in
prevailing e-Reporting, the other was renovated and embeded
with text predictions. The dual interfaces not only met the
experimental requirements of randomization and control, but
successfully demonstrated the effectiveness and effiency of
the innovative design in e-Reporting. Interface design
specifically for the purpose of e-Reporting requires further
investigation, which would contribute to the purpose of
collecting quality events, generating actionable knowledge,
and sharing experience in reducing the recurrence of similar
incidents.

Our design and development process is instrumental to many
clinical information systems. The incremental effect on saving
providers’ time and improving report quality may be
magnified, while evident-based estimates show 440,000
preventable events each year in the U.S. [2].

Limitations

CL offered in the interface presents a high quality contribution
by domain experts. In reality, the prediction accuracy based
upon an algorithm of event similarity and frequency of
appearance may not match the manual effort of experts. In
addition, the number of predicted items may differ in other
clinical systems depending upon the richness of data entries.
We did not provide an extended item list, which may be a
burden for reporters’ inspection. In the future, the question of
whether text prediction with lower accuracy or a longer list
would undermine the proven effect is worth further
investigation.

It is a noteworthy dilemma that AS, designed for increasing
text generation rate and accuracy, may lead to side effects,
such as a subject’s overdependence on the suggested items,
and thus limit constructive thinking [15-17]. This is because,
when provided with a predefined list of options, busy
clinicians tend to recognize or ignore the options rather than
specifying answers. The future development of the AS should
carefully keep a balance between the strength and weakness of
such protocols, and strategically address the dilemma.

Conclusion

User-centered design aimed at renovating e-Reporting
demonstrated the effectiveness of text prediction in clinical
data entry. This work may lay the groundwork for further
research associated with text prediction in clinical information
systems.
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