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Abstract

Background—Narrative data entry pervades computerized health information systems and 

serves as a key component in collecting patient-related information in electronic health records 

and patient safety event reporting systems. The quality and efficiency of clinical data entry are 

criticalin arriving at an optimal diagnosis and treatment. The application of text prediction holds 

potential for enhancing human performance of data entry in reporting patient safety events.

Objective—This study examined two functions of text prediction intended for increasing 

efficiency and data quality of text data entry reporting patient safety events.

Methods—The study employed a two-group randomized design with 52 nurses. The nurses were 

randomly assigned into a treatment group or a control group with a task of reporting five patient 

fall cases in Chinese using a web-based test system, with or without the prediction functions. T-

test, Chi-square and linear regression model were applied to evaluating the outcome differences in 

free-text data entry between the groups.

Results—While both groups of participants exhibited a good capacity for accomplishing the 

assigned task of reporting patient falls, the results from the treatment group showed an overall 

increase of 70.5% in text generation rate, an increase of 34.1% in reporting comprehensiveness 

score and a reduction of 14.5% in the non-adherence of the comment fields. The treatment group 

also showed an increasing text generation rate over time, whereas no such an effect was observed 

in the control group.
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Conclusion—As an attempt investigating the effectiveness of text prediction functions in 

reporting patient safety events, the study findings proved an effective strategy for assisting 

reporters in generating complementary free text when reporting a patient safety event. The 

application of the strategy may be effective in other clinical areas when free text entries are 

required.
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1. Introduction

Many attempts have been made to investigate the difficulties in clinical data entry in order to 

promote the acceptance and quality-in-use of clinical information systems[1–4]. With the 

advance of non-narrative entry templates and natural language processing techniques, the 

application of structured entries in clinical information systems is increasing because of the 

merit of interoperability and reuse. However, given the complexity of healthcare, failure to 

include essential fields and lack of options in structure entries are still common. Structured 

entries also received critiques due to lack of flexibility and expressiveness in clinical 

communication. Therefore, unstructured narrative data entry plays an indispensable role in 

clinical data entry.

For patient safety event reporting, narrative entry has been a prevalent and dominant format. 

However, it is now in a transition of becoming a supplementary format to non-narrative 

forms released by national and international organizations[5, 6]. Narrative comment field is 

intended to collect case details beyond structured entries. Previous studies showed that 

voluntary reporters usually ignored this field or described events with inaccurate and 

incomplete terms and sentences[7, 8]. Two major barriers are identified due to the multi-

tasking and busy nature of healthcare and the lack of languages or knowledge for reporters 

to describe patient safety events in detail[
9]. To help remove the barriers and achieve quality-

in-use, it requires a user-centered design process which embraces cultural, strategic and 

technical considerations[10]. We proposed to examine the utilization of text prediction 

applied in the narrative fields in reporting patient safety events.

Text prediction, also known as word, sentence or context prediction originated in 

augmentative and alternative communication (AAC) to increase text generation rates for 

people with the disabilities of motor or speech impairment[
11, 12]. The advance of natural 

language processing techniques has brought text prediction into a broader scope of daily 

computing activities, such as mobile computing[13] and radiography reports[14]. Studies on 

text prediction have been focusing on optimization[15] and impact[
16]. This study focusing 

on the impact evaluation, would respond three basic concerns regarding text prediction in 

reporting patient safety events. These concerns include whether text prediction would 

increase (1) reporter’s engagement in the comment field; (2) quality of narrative entry, which 

is highly valuable in generating actionable knowledge yet received little attention; (3) 

efficiency of reporting patient safety events, which remains unclear based on mixed results 
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across the fields[16]. In this study, we employed a two-group randomized experiment to 

examine the impact of text prediction in the three aspects.

2. Background

This study is grounded in a user-centered design of patient safety event reporting systems. 

Reporting systems in use show the problems of underreporting[17] and low quality of 

reports[8, 18], though efforts from all levels are made to improve the systems for years[19, 20]. 

Prior to this study, we have consecutively conducted heuristic evaluation, cognitive task 

analysis and think-aloud user testing[4, 7, 21, 22] which revealed interface representational 

issues and identified that the introduction of text prediction holds promise in increasing 

efficiency and quality of event reporting. Therefore, text prediction functions on data entry 

were proposed to bridge the information gaps induced by competing tasks in the work 

domain and language or knowledge needed for quality reporting[23].

In this study, we prototyped and examined two prediction functions aiming at facilitating 

data entry in free text format. The process may be helpful for the introduction and 

customization of domain specific, pre-defined drop-down lists as well as the optimization of 

text prediction accuracy and interface representation.

3. Methods and Materials

3.1. Participants

Potential candidates who were nurses and experienced in reporting and analyzing patient 

safety events in Tianjin First Central Hospital (TFCH) in Tianjin, China were identified and 

invited to participate in the study. Two candidates were on leave of absence during the study 

period, and three candidates felt not confident with operating computers. As a result, the 

remaining 52 nurses from 21 clinical departments enrolled in the study. All nurses were 

female between the ages of 30 and 52 years. On average, they had approximately 20 years of 

nursing experience and reported patient safety events for at least four years since the 

implementation of a citywide computerized reporting system in 2009. None of them used 

the interfaces of this study before. Each participant 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).

3.2. Interfaces

Two experimental interfaces were developed for the purpose of control over the 

configurations and data collection. The interfaces have two language versions in English and 

Chinese. The contents and layouts of two interfaces were identical, carrying the same task of 

the 13 multiple-choice questions (MCQs)[24] and a narrative field for the collection of case 

details. The MCQs and narrative field were developed based on the Common Formats 

released by AHRQ. A sample of MCQs is shown in Figure 2. A single exception between 

the two experimental interfaces was the provision of text prediction functions to the narrative 

field. During the experiment, participants had to complete the MCQs prior to the comment 

field. We added branching logic to the MCQs to ensure that only the relevant questions were 
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displayed and irrelevant questions were skipped based on the response to a branching 

question. For example, when ‘assisted fall’ was selected, all questions associated with 

‘unassisted fall’ would be skipped. The branching also helped prepare prediction functions.

Figure 1 illustrates the interface in English and Figure 2 illustrates the one in Chinese where 

the narrative comment field resides with text prediction functions. The interfaces with 

prediction functions were developed using PHP 5.2.6, JavaScript, MySQL 5.0.51b plus a 

JavaScript library (JQuery 1.7[25]) and two open source modules (SlidesJS[26] and Tag-

it[
27]).

Following the experimental designs in peer reviewed publications[16, 28], the predicted text 

items were manually selected per case from a pool of entries which was automatically 

generated based upon a collection of fall cases. Two domain experts (X.L. & Y.S.) reviewed 

all testing cases, transcribed and categorized the key elements with colloquial language in 

both Chinese characters and Pinyin Input. These contents were populated into a text entry 

dictionary, a pool of AS and CL items. A Soundex-based phonetic matching function of 

MySQL was employed for AS to retrieve and present matched entries in the dictionary. The 

number of listing items for AS and CL was not greater than ten, a trade-off number 

balancing inspecting efforts against predicting sensitivity[15]. On the treatment interface 

where AS and CL were offered, participants were allowed to choose from the predicted 

entries and modify the entries. On the control interface where no prediction was offered, 

participants had to key in narratives by using a standard QWERTY keyboard.

3.3. Testing cases

Each participant was asked to report five cases in a randomized sequence. The cases were 

selected from two sources – a repository of de-identified 346 fall cases[18] and a publicly 

accessible online database of Morbidity and Mortality (Web M&M)[29]. The cases were 

translated into Chinese, rephrased and reviewed by two domain experts for the purpose of 

quality, readability, and consistent complexity. The narrative excerpted from one of cases is 

shown as an instance below.

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

3.4. Experimental design

With a permuted-block algorithm and random block[30], fifty-two participants were 

randomly assigned to two groups. Twenty-five participants were allocated into the control 

group and twenty-seven into the treatment group. During each participant’s testing, the 

presenting sequence of five cases was randomly determined at the time of allocation. 

According to stratified randomization, one case was fixed at the first position and the other 

four were fully randomized. Prior to each testing, there was a mandatory training session 

combined with verbal instructions and hands-on practice. All participants were trained on 

both control and treatment interfaces until they felt comfortable with the interfaces. For 
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investigating comments or any suggestions, each participant was briefly surveyed after 

completing experiment for collecting any comments or suggestions on the reporting test.

In practice, when a patient safety event occurred, a reporter would initiate a report upon 

witness’s word-of-mouth information. Similarly, the interfaces presented a case on the first 

page. Participants were expected to read the case descriptions and report it based on recall. 

Pauses and questions during the timed sessions were discouraged except when participants 

were in transition between reports. Keystroke level operations including mouse clicks and 

keystrokes were timed and logged into a MySQL database. All reporting sessions were 

recorded by using Camtasia Studio® 7 for data reconciliation.

3.5. The processing of data

We first analyzed the completion time and response accuracy on the MCQs through SQL 

queries of logged keystrokes. A t-test was conducted to examine whether or not the identical 

part prior to text data entry was of significant difference between the groups. Then, we 

analyzed ten dependent measures (shown in Table I) in the text data entry to investigate each 

participant’s performance and variation in terms of efficiency, effectiveness, and 

engagement. Apart from the nine measures retrieved from the logged data, report 

comprehensiveness was measured based on a blind review of two domain experts. The 

experts used de-identified narrative comments of both groups for rating. As illustrated in 

Section (A) of Figure 1, the narrative comments were segmented by a pipeline symbol “|” 

that was added as participants pressed <Enter> key to conclude the description of an event. 

The experts independently reviewed the text chunks by grading them in a binary score either 

one or zero. Score one indicates a chunk was event-related and not a duplicate, the chunk 

thus contributed one point to an overall comprehensiveness score of the report. The range of 

overall comprehensiveness scores was between one and twelve in the study. Any rating 

differences that were larger than one point were resolved as an agreement by the research 

team. The mean of comprehensiveness scores was used to represent the report 

comprehensiveness.

To examine the impact of text prediction (CL and AS) functions on participants’ 

performance, a t-test and Chi-squared test were conducted between the two groups. Kernel 

density was applied to examine the distributions of text generation rate and the reporting 

comprehensiveness of narrative comments between the groups. A linear regression model 

was also used in examining the interactions between the measures. All statistical computing 

were executed by using MySQL embedded functions and R Studio ver 0.97.

4. Results

All participants, with each reported five cases, successfully completed the experiment and 

thus generated 260 reports. There were 25 participants allocated in the control and 27 in the 

in the treatment group, accounting for 125 and 135 reports respectively. The means of 

participants’ ages were 43.6±5.8 versus 41.1±6.6 years in the control and treatment group. 

The 260 reports contained 2,849 MCQs answers and 238 unstructured narrative comments. 

The completion time of MCQs was 131.0±50.0 versus 129.5±45.7 and the response 

accuracy were 79.4% versus 79.2% in the control and treatment group. No significant 
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differences between the groups were found in the abovementioned variables according to the 

t-test at significance level of 0.05. Of the 238 unstructured narrative comments, 105 

comments were contributed by the control group and the rest 133 comments by the treatment 

group. The ignored comment fields were 20 versus 2 between the two groups. The detailed 

findings on narrative comment fields are shown in Table II.

Efficiency – text generation rate

According to Table II, the completion time of the narrative comments did not show a 

significant effect (p = 0.782) between the groups. However, the participants in the treatment 

group contributed 44.7% more text with 28.2% fewer keystrokes than those in the control 

group, accounting for a 70.5 % increase in the text generation rate, which was a significant 

improvement in reporting efficiency at significant level of 0.01. Figure 3 shows a 

comparison of distributions of text generation rates between the two groups, which reveals 

the text prediction helped the participants in the treatment group reach a higher rate in 

generating text (P < 0.01).

Effectiveness – reporting comprehensiveness

The number of text chunks (5.4±2.5) and the mean length of the chunks (37.7±18.6) in the 

treatment group are significantly (p < 0.001) greater than those (4.1±2.5 and 30.3±13.1) in 

the control group. Most text chunks received review scores for reporting comprehensiveness, 

ranging from 5.1±2.4 in the treatment to 3.8±2.3 in the control group. Given the number of 

text chunks as the denominator and the comprehensiveness score as the nominator, the 

approximate qualified text rate was derived as 92.7% versus 94.5% (p=0.984) between the 

control and treatment group. Figure 4 illustrates the distribution of scores between the 

groups. The difference of comprehensiveness scores is statistically significant, indicating the 

effective intervention because of the prediction functions.

Participant’s engagement – non-adherence rate

The Chi-squared test identified a significant difference in the non-adherence rates of the 

narrative comment field between the groups. There were 20 comment fields out of 125 

reports were left blank in the control group; whereas 2 out of 135 in the treatment group. 

The lower non-adherence rate indicates that participants were more actively engaged in 

describing the event details. Such an effect was expected because of the contribution CL in 

the control group.

AS – utility and influence rate

Among 133 narrative comments generated in the treatment group, AS was used 460 times 

during the text input on 120 comments, accounting for an AS utility rate of 90.2%. On 

average, AS influenced 3.8±1.9 text chunks with an overall influential rate of 66.9%. The 

regression analysis showed this influential rate increased as the experiment proceeded 

(p=0.029). Meanwhile, the text generation rate in the treatment group increased at a steady 

pace as shown in Figure 5. In contrast, the text generation rates in the control group showed 

certain flatness along the process of reporting.
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5. Discussion

Clinicians working under time constraints are usually expected to enter data for 

documentation in a timely and efficient manner[31, 32]. The comprehensiveness of entered 

data is critical to clinicians’ decision-making and creation of actionable knowledge. To 

accommodate the expectation in patient safety event reporting, we introduced two text 

prediction functions of CL and AS, which are attached to narrative comment field 

pervasively used in patient safety reporting systems. A two-group randomized design 

examined the impact of the predictions on participant performance in terms of efficiency, 

effectiveness and engagement. The results are positive and may be of guidance towards 

designing and optimizing reporting systems towards a safer healthcare system.

5.1.Reporting efficiency

One of the major findings explains that the text predictions can improve participant’s 

efficiency, which is critical to busy clinicians. The study scrutinized three measures 

associated with the efficiency in terms of completion time, keystrokes and text generation 

rates. During a similar period of time, the treatment group produced much more text, which 

translated into a higher text generation rate, than the control group. The upward trend of text 

generation rate in the treatment group implies the prediction functions can be manifest when 

users are adapted to them.

In the treatment group, participants generated more text with 28.2% fewer keystrokes. This 

is consistent with the study results in a variety of fields[14, 33]. Nevertheless, the introduction 

of the predictions, accounted for increased cognitive loads, eye gaze movements and the 

total number of mouse clicks, presents mixed results because keystroke savings alone may 

not adequately explain the increased efficiency in this study[34–36]. With the trend of health 

information systems migrating from desktops to mobile terminals, the core value of 

keystroke savings with on-screen keyboards would be amplified. Usually, keystrokes with 

on-screen keyboards have a greater time cost than those with regular computer keyboards.

5.2. Reporting comprehensiveness

The prediction function CL and AS contributed to the comprehensiveness score of narrative 

comments by cueing frequent characteristic categories, sentences and terms associated with 

the event, and leveraging the breadth and depth of comments. The functions served as 

mnemonic tips which transform a pure recall process into a mixed effort comprising of recall 

and recognition. Consequentially, the participants in the treatment group generated more 

information in terms of text length, number of information chunks and comprehensiveness 

scores.

Qualified text rate measures the percentage of valid and useful text reporter generated. We 

noted that typographical errors or imprecise phrases are inevitable within the text generated 

from both groups. However, the treatment group had a tendency of fewer issues than the 

control group. Qualified text rate in the study was merely an estimate, cueing functions that 

were utilized in the treatment group imply a supportive application for event reporting 

systems.
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5.3. Participant’s engagement

In contrast to our previous study which showed a 73.3% non-adherence rate among 

inexperienced users[7], the experienced users of both groups in this study were much more 

engaged in generating comments. We believe that experienced participants possess better 

knowledge and reporting skills which help them identify the essence of reports and complete 

the case descriptions in depth.

As shown in Table I, the non-adherence rate of control group was 14.5% and treatment 

group was 1.5% as a result of the introduction of CL in the comment field. Through the post 

experiment survey, some participants in the control group explained their non-adherence as 

(1) a slip of skipping the field unintentionally; (2) having no clues on further describing 

event characteristics and (3) memory fade. As a remedy, the dynamic display of CL may 

have altered the optional nature of the comment field or may be more inviting to 

participant’s conscious attention[37] to the interface. This dynamic CL rendered a 

compelling message to the participants signaling the importance of filling the field.

5.3. Limitations and Future Research

We noticed that the investigated comment fields served as a complementary component in a 

single narrative data field functioning as a catch-up after the MCQs regarding an identical 

topic. As a result, the findings may be not totally applicable to pure free text fields without 

an introduction of structured entries. The topics on patient safety can be more complex when 

beyond one single event type.

The high quality CL and AS entries prepared by a manual process may not be fully scalable 

when a completely automatic approach is employed based on case similarity and event 

frequency. Expert review of CL is highly suggested for reaching a similar quality and 

completeness effect presented in this study. The AS carefully prepared by domain experts in 

the study demonstrates high quality and may not fully represent the AS potentially created 

by an automatic approach. Further studies developing domain specific AS must include an 

expert review process so as to ensure the performance and user experience.

The number of predicted listings may vary from one setting to another. In general, an 

extended list would cost more time for a reporter to skim or inspect, and thus there would be 

a greater chance of missing correct responses when time is limited. We are interested in 

investigating further if there is a tradeoff between accuracy and length of the predicted 

listings and how the tradeoff would impact participant’s performance. For this reason, the 

increased comprehensiveness can only be partially credited to the introduced AS and CL 

functions.

Although the text generation rate and accuracy increased, AS function may become a 

constraint which limits the participant’s breadth of recall and thinking at certain points. This 

is because busy users tend to recognize or ignore choices rather than specify answers [8, 38, 

39], when predefined options are provided in MCQs, event classification, error types. Thus, 

it is worthwhile in future research paying attention to such an open question between speed 

and quality.
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6. Conclusion

Text data entry, as an indispensable format in clinical information systems, was 

demonstrated to be enhanced by the text prediction functions in terms of efficiency, data 

quality and engagement in a two-group randomized experiment. This study disclosed the 

necessity of the text prediction functions in facilitating experienced domain users in text data 

entry when reporting patient safety events. The quality of event reporting plays a key role in 

learning from the events. Simply counting numbers of the reports without an insight into the 

quality of the contents beyond the structured data fields may undermine the learning value of 

the reports.
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Highlights in this study

• A two-group randomized study of testing the usability of two proposed text 

prediction functions in patient safety event reporting

• 52 experienced nurses in a top-level hospital in China participated the 

experiment

• Text prediction prompted the user’s engagement of the narrative comment field

• Text prediction improved the efficiency by leveraging the text generation rate

• Text prediction ameliorated the data completeness
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Summary Table

Known on the topic

• Text data entry is indispensable towards the quality care delivery but suffered 

from the low quality and user’s engagement

• Text prediction is widely used in mobile computing.

Our contribution

• Text prediction can increase the efficiency, data quality and user’s engagement 

of text data entry if the functions were properly designed;

• Text prediction would be still helpful for experienced users to enhance their 

performance;

• An initial investigation about the text prediction functions in support of 

documentation for reporting patient safety events.
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Figure 1. 
the layout of interface elements associated with the narrative field and text prediction 

functions, cueing list (CL) and autosuggestion (AS). CL (shown in box D) served as a 

reminder of the key characteristics of reportable data associated with the event. Matched AS 

was triggered and listed as entry options when initial letters (shown in box B & C) of 

description were typed in. Matched letters and cursor line were highlighted in blue as shown 

in the box C. The reporter was expected to select one of them and make any changes where 

deemed necessary.
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Figure 2. 
The layout in the Chinese equivalent of Figure 1 based on domain experts’ review. This 

version of interface was used in Tianjin First Central Hospital where the randomized tests 

were conducted.
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Figure 3. 
Text generation rates in the control group (I) and treatment group (II)
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Figure 4. 
Completeness scores in the control group (I) and treatment group (II)
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Figure 5. 
Text generation rates varying as the experiment proceeded in the control group (I) and 

treatment group (II)
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Table I

Dependent measures on efficiency, effectiveness, engagement and autosuggestion

Measures Data collection Evaluating
dimensions

Methods

Efficiency-related

Completion time Recorded at the
millisecond level by
interfaces

Time length of
completing a
narrative comment

Descriptive
statistics, and t-
test

Keystrokes Recorded by interfaces Keystroke counts of
completing a
comment

Descriptive
statistics, and t-
test

Text generation rate Text length divided by
completion time

The speed of text
generation, at the
unit of
“letters/second”

Descriptive
statistics, and t-
test

Effectiveness-related

Text length Recorded and
calculated at the unit of
letter

Text length (in
letters) of a narrative
comment

Descriptive
statistics, and t-
test

Text chunks As demonstrated in
Figure 1, pressing
<enter> resulted in a
tag in the text segment,
i.e. text chunk

Number of text
chunks in a comment
field

Descriptive
statistics

Chunk length Text length divided by
number of text chunks

Mean length of
text chunks in a
comment

Descriptive
statistics

Reporting
comprehensiveness

A blind review by two
experts; reached an
agreement when score
difference > 1

Number of event
characteristics
described in the text

Expert review,
descriptive
statistics and t-
test

Engagement-related

Non-adherence rate Amount of
unanswered
commentary fields
divided by amount of
commentary fields in
each group

Proportion of
narrative comment
fields that were
ignored

Descriptive
statistics, and
Chi-squared test

AutoSuggestion (AS)-related

Influenced chunks by
AS

Identified text
contained in original
AS

Number of text
chunks that accepted
the text suggested by
AS

Descriptive
statistics

AS influential rate Number of influenced
chunks divided by the
number of total text
chunks in a comment

Percentage of text
chunks contained the
text selected via AS
rather than key in

Descriptive
statistics
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Table II

Participants’ performance on the narrative comment field between groups

Measures

Samples adjusted excluding blank fields

Control
(N=105)

Treatment
(N=133) Variation p-value

Efficiency-related

Completion time (seconds) 139.6±99.6 142.9±82.2 ↑ 2.3% 0.782

Keystrokes 144.9±110.7 104.0±86.9 ↓ 28.2% 0.002

Text generation rate (letters/second) 0.95±0.35 1.62±0.99 ↑ 70.5% 0.000

Effectiveness-related

Text length (letters) 127.9±96.6 185.1±86.4 ↑ 44.7% 0.000

Text chunks 4.1±2.5 5.4±2.5 ↑ 31.7% 0.000

Chunk length (letters) 30.3±13.1 37.7±18.6 ↑ 24.4% 0.000

Reporting comprehensiveness 3.8±2.3 5.1±2.4 ↑ 34.2% 0.000

Engagement-related

Non-adherence rate 20/125(16.0%) 2/135(1.5%) ↓ 14.5% 0.000

AS-related

Influenced chunks (N=120) - 3.8±1.9 - -

Influential rate - 66.9% - -
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