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Abstract 

Weight entry errors can cause significant patient harm in pedi-

atrics due to pervasive weight-based dosing practices. While 

computerized algorithms can assist in error detection, they 

have not achieved high sensitivity and specificity to be further 

developed as a clinical decision support tool. To train an ad-

vanced algorithm, expert-annotated weight errors are essential 

but difficult      to collect. In this study, we developed a visual an-

notation tool to gather large amounts of expertly annotated pe-

diatric weight charts and conducted a formal user-centered 

evaluation. Key features of the tool included configurable grid 

sizes and annotation styles. The user feedback was collected 

through a structured survey and user clicks on the interface. 

The results show that the visual annotation tool has high usabil-

ity (average SUS=86.4). Different combinations of the key fea-

tures, however, did not significantly improve the annotation ef-

ficiency and duration. We have used this tool to collect expert 

annotations for algorithm development and benchmarking. 
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Introduction 

Research has shown that pediatric weight error can happen 
more than 150 times per year in electronic health records 
(EHRs) [1]. These weight errors entered by health professionals 
can cause significant harm to patients, especially in pediatrics 
where weight-based dosing is widely used. To address this is-
sue, computational methods have been developed to detect 
anomalies in anthropometric data to improve care quality and 
clinical research, including methods from the Centers of Dis-
ease Control (CDC) [2, 3], Children’s’ Hospital of Philadelphia 
(CHOP) [4], and Cincinnati Children’s Hospital Medical Cen-
ter (CCHMC) [5]. These methods, however, do not have out-
standing sensitivity and accuracy and therefore cannot be im-
plemented as an effective clinical decision support system 
(CDSS) to be used in care routines. Moreover, these methods 
cannot fully capture abnormal weight values with high clinical 
significance, i.e., whether an abnormal weight value is worth 
clinicians’ attention during busy clinics to prevent medication 
errors [6]. Therefore, it is critical to develop a novel method 
with machine intelligence to identify abnormal weight errors 

 
1 https://rstudio.com/ 
2 https://shiny.rstudio.com/ 

for research and quality improvement purposes and in both ret-
rospective and prospective manners. 

In the past few years, we have been working as an interdiscipli-
nary team to investigate this issue. This team consists of infor-
matics experts from hospital medicine, system evaluation, and 
machine learning (ML). Our ultimate goal is to develop and dis-
seminate a highly usable computational method to identify ab-
normal weight values and deploy it as a CDSS. In our previous 
research [6], we have found that medically trained experts (e.g. 
attending physicians, fellows, and residents) can review growth 
charts and quickly spot abnormal weight values with high clin-
ical importance. Based on this finding, we framed the algorithm 
development as a supervised learning process, which requires 
collection of expert annotation to train the ML algorithms. 

We therefore designed an innovative annotation tool that uti-
lizes the seven visual analytics design principles [7]. This visual 
annotation tool (VAT) was developed and preliminarily evalu-
ated for its potential in rapidly collecting large-scale expert-an-
notated weight errors, which was published in MedInfo 2019 
[8]. In this paper, we reported the results of the formal user-
centered evaluation of the VAT as the final step to conclude the 
tool development. It is worth noting that the evaluation was fo-
cused on the usability of the VAT, rather than the actual collec-
tion of expert annotations. 

Methods 

Visual Annotation Tool (VAT) 

The VAT was developed as a web-based application using R 
Studio1 and its Shiny library2. The annotation datasets were 
stored in an open-sourced SQLite database3. The development 
of the VAT followed agile software development principles 
with three phases to refine the tool [8]. The VAT has two key 
features to facilitate the growth chart review process: grid size 
(configurable number of growth charts displayed on the screen 
at once) and annotation styles (annotation process). Annotation 
style refers to either one-step or two-step. One-step annotation 
means that a growth chart is annotated immediately when it is 
selected from the grid view. Two- step annotation saves all the 
selected charts in an initial screening phase and then displays 
them for annotation in the second phase. An example of the 

3 https://www.sqlite.org/ 
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One-step annotation is shown in Figure 1. On the left-hand side 
of the figure, users were able to screen the growth charts in a 
grid and select one chart for detailed review. On the right-hand 
side of the figure, users can further select a data point on this 
enlarged chart, should they believe it was an error. All data 
points were defaulted to blue (not an error). By clicking each 
point, the color will be changed from blue to orange (likely an 
error) and red (definitely an error) then back to blue. The source 
code of the VAT can be retrieved on GitHub4. Of note, the cur-
rent version of the VAT was not connected to an electronic 
health record system. The weight data were extracted, de-iden-
tified, and sampled in a separate process. 

Figure 1 – User interface of the visual annotation tool, annota-

tion page. Note on the left is a screen with an overall view of 

the 16 charts and on the right is screen that displays when 

pressing on one of the charts. 

 

Participant Recruitment 

The participants were recruited on a voluntary basis using con-
venience sampling through the professional network of the re-
search team at the CCHMC and UC. All participants had med-
ical training and knowledge and indicated that they had ade-
quate familiarity with interpreting pediatric weight charts prior 
to recruitment. The participants consisted of three pediatric at-
tendings, seven pediatric residents and fellows, and six medical 
students who had completed their required pediatric rotation. 
More than half of the participants were in the age range 26-35 
(n=10, 62.5%), followed by a quarter in the age range 18-25 
(n=4, 25%). A quarter of the participants were females (n=4, 
25%). 

Study Conduction 

This study conducted a lab experiment to evaluate the usability 
of the VAT. The participants were assigned to different settings 
as shown in Table 1. The study design included the use of a 
structured survey, interviews, and analysis of user clicks. The 
participants were invited to a one-hour session to test the usabil-
ity and functionality of the VAT. During the session, the partic-
ipant was introduced to the VAT and annotated two datasets 
(denoted as Dataset 1 and Dataset 2), each consisted of 225 
growth charts. The participant then filled out a survey (see data 
collection for details). Each participant received a $20 re-
loadable debit card for compensation. Of note, the patient data 
were de-identified to remove protected health information fol-
lowing the standard of the Health Insurance Portability and Ac-
countability Act (HIPAA) since the purpose of the present 
study was to evaluate the usability of the VAT, not collecting 
expert- annotations for the actual ML model training. The study 
protocol was reviewed and approved by the internal review 
board at UC (#2017-2075). 

 
4 https://github.com/iCDCU-lab/open_VATCHE 

Table 1 – Participant Assignment and Grouping 

 

Partici- 

pant 

Con- 

trolled 

Variable 

Experi- 

mental 

Variable 

Dataset 

1 
Setting 

Dataset 

2 
Setting 

P01 One-step  Grid Grid
P09 annotation  Size:9 Size:25

P02 Two-step  Grid Grid
P10 annotation

Grid Size 
Size: 9 Size:25

P03 One-step Grid Grid
P11 annotation  Size:25 Size:9

P04 Two-step  Grid Grid
P12 annotation  Size:25 Size:9

P05 Grid Size:
 

 

Style of 
Annota- 

tion 

One- Two-
P13 9 step step

P06 Grid Size: One- Two-
P14 25 step step

P07 Grid Size: Two- One-
P15 9 step step
P08 Grid Size: Two- One-
P16 25 step step

Data Collection 

To collect user feedback on this tool, a 16-question survey in 
combination with analysis of the click data were analyzed. The 
structured survey included questions from the System Usability 
Scale (SUS) [9] (N=10) and additional custom questions (N=6) 
on a 5-point Likert scale. Table 2 lists all of the survey ques-
tions with a sample score for showing the calculation of a SUS 
composite score. User clicks were captured by the VAT in the 
form of event logs. The data consisted of a list of actions related 
to clicks in various parts of the application and an associated 
timestamp. All timestamps were encoded in the Unix 
timestamp format. Each action, predefined by the research 
team, was ordered consecutively with an identifier associated 
with the type of action. The action descriptions included which 
graphs were selected, which data points were annotated and 
changed, whether charts were zoomed in or out, and which but-
tons were clicked. 

Data Analysis 

The first part of the analysis focused on survey data. The first 
ten SUS questions were scored using the original mechanism 
and generated a composite score for each participant [9]. Spe-
cifically, the composite score was calculated by subtracting one 
from the answers of the odd numbered questions (i.e. answers 
for QID 1, 3, 5, 7, and 9), subtracting the answers of the even 
numbered questions from five (i.e. answers for QID 2, 4, 6, 8, 
and 10), and multiplying the sum of all these values by 2.5. An 
example calculation is provided using the scores in Table 

3. Each participant received a composite score based on their 
answers. The average composite score of all 16 participants was 
calculated and then compared to a threshold value (68) to indi-
cate the usability level of the system. In other words, the VAT 
is considered as above average usability if the average compo-
site score is higher than 68 [9]. The six additional questions in 
the survey were summarized statistically through the minimum, 
maximum, median, average, and standard deviation of the 
scores of each question. 

The second part of the analysis involved the event log data and fo-
cused on the efficiency of the VAT to support chart review and 
annotation. Two measures were used: click and duration. Click 
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was defined as the total number of clicks required for a partici-
pant to finish each dataset annotation. Once records per partic-
ipant per dataset were identified, the duration of a dataset was 
calculated. Duration was defined as the difference between the 
timestamps at the start and end record per participant per da-
taset. Fifteen comparison groups were generated in Table 3, 
comparing grid sizes, annotation styles, and datasets. Since 
each group was tested on both efficiency and duration 
measures, a total of 30 comparisons were conducted. Further 
combinations were not feasible since the records per group 
(sample size) would be small (N=4). The means of the scores 
were compared using two-tailed t-test with nonequal variance. 

Results 

Table 4 lists the composite SUS score for each participant. 
Overall, the participants scored high on the VAT usability, with 
composite scores ranging from 77.5 to 97.5. The average score 
was 86.4, indicating the above- average us- ability of the VAT. 

Results for the additional six questions are summarized in Table 
5. While the overall usability is high, the additional questions 

suggest areas for improvement. Most participants rated the 
VAT highly on the use of grid size and the intuitive display of 
weight charts (QID 11 and 12) with high consensus (smaller 
standard deviation). The participants also indicated good func-
tionality of the VAT to support the annotation process (QID13 
and 14). However, some participants reported lag or technical 
errors within the tool (QID 15 and 16). These issues have been 
noted for the next iteration of tool development. 

For user clicks, a total of 3,533 records were collected from the 
16 participants. On average, each dataset took 104 clicks and 
572 seconds (less than 10 minutes) to finish. All of the compar-
isons in Table 3 on the click and the duration measure were not 
statistically significant, except the #11 comparison of duration 
between Dataset 1 and Dataset 2 when the grid size 25 was con-
trolled. That is, when the grid size is larger, the participants an-
notated the same growth charts faster with a 45% decrease 
(from 742 to 410 seconds, p=0.0345). It seems that a larger grid 
size can better facilitate the annotation process. Although this 
difference may be contributed by the learning effect of the par-
ticipants, the comparisons between datasets in other controlled 
variables (one-step, two-step, grid size 9)     did not show any 
significance. In other words, if learning effect was a dominant 
factor, all comparisons between datasets should have been sig-
nificant. These results indicate that there were multiple factors 
affecting the annotation efficiency, and none of these were 
dominant. 

Discussion 

This user-centered evaluation showed that the VAT can achieve 
a high usability, with an average SUS score of 86.4, substan-
tially higher than the threshold of 68. The VAT was able to sup-
port efficient annotation, with an average duration of 10 
minutes on 225 growth charts. However, different combina-
tions of the key features of the VAT, i.e. grid size and annota-
tion style, did not significantly improve annotation efficiency. 
The only exception was the significant decrease in time taken 
in Dataset 1 to Dataset 2 with the grid size of 25. Since the same 
comparison was not significant under the grid size of 9, a larger 
grid size seemed to improve the annotation efficiency and pro-
mote learning effect. The fact that most of the comparisons were 
not significant suggests that the VAT should provide flexible 
configurations of the key features. 

Table 2 – Survey evaluating the usability of the VAT. 

ID Question SUS*

1 I think that I would like to use this system 

frequently. 

3 

2 I found the system unnecessarily complex. 1 

3 I thought the system was easy to use 5 

4 I think that I would need the support of a 

technical person to be able to use this sys-

tem. 

1 

5 I found the various functions in this system 

were well integrated. 

4 

6 I thought there was too much 

inconsistency in this system. 

1 

7 I would imagine that most people would 

learn to use this system very quickly. 

4 

8 I found the system very cumbersome to 

use. 

1 

9 I felt very confident using the system. 4 

10 I needed to learn a lot of things before I 

could get going with this system. 

2 

11 The use of a grid helped me to quickly find 

only charts that were of interest to me. 

 

12 The display of the weight charts was intu- 

itive considering my background on inter- 
preting traditional weight charts. 

13 The app allowed me all manipulations 

(viewing chart in detail, zooming, getting 

information on a single point) I needed 
for good analysis. 

14 The color scheme was intuitive (blue, red, 

and orange) 

15 There was no significant lag or loading 

time that slowed down the workflow. 

16 I encountered no technical errors. 

* Sample values for calculating the SUS composite score=((3-1)+(5-1)+(4-

1)+(4-1)+(4-1)+(5-1)+(5-1)+(5- 1)+(5-1)+(5-2))*2.5=85 

Table 3 – Compared Groups and Controlled Variables 

Group 

ID 

Controlled  

variable 

Comparison Participants

 in the group 

1  

None 

Grid Size 9 vs. 25 16

2 One vs. two-step 16

3 Dataset 1 vs. 2 16

4
One-step 

Grid Size 9 vs. 25 8

5 Dataset 1 vs. 2 8

6
Two-step 

Grid Size 9 vs. 25 8

7 Dataset 1 vs. 2 8

8
Grid Size 9 

One vs. two-step 8

9 Dataset 1 vs. 2 8

10
Grid Size 25

One vs. two-step 8

11 Dataset 1 vs. 2 8

12
Dataset 1 

Grid Size 9 vs. 25 8

13 One vs. two-step 8

14
Dataset 2 

Grid Size 9 vs. 25 8

15 One vs. two-step 8
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Table 4 – Composite SUS score for each participant. 

The average SUS Composite Score: 86.4 ± 6.8 

 

Participant Composite 

Score 
Participant Composite 

Score 

P001 77.5 P009 92.5 

P002 85.0 P010 85.0 

P003 80.0 P011 97.5 

P004 80.0 P012 97.5 

P005 85.0 P013 87.5 

P006 80.0 P014 92.5 

P007 95.0 P015 87.5 

P008 77.5 P016 82.5 

 

Researchers who would like to develop their own informatics 
tools to support user annotation and other research tasks should 
consider the following key takeaways of our work: 1) apply vis-
ual analytics principals to better support labor-intensive tasks, 
2) consider clinicians’ busy schedule and use multiple means to 
collect user feedback, and 3) conduct user- centered evaluation 
in phases with experts and pseudo/real users and iteratively re-
fine the tool. Additionally, researchers may extend the design 
of the VAT, such as changing a square grid to a rectangle gird 
to better fit a wide computer screen. 

Table 5 – Summary statistics of the second part of the survey. 

 

ID Short De-

scription 

Min Median Max Average 

(SD*) 

11 Grid can help. 4 5 5 4.75 
(0.45) 

12 Intuitive 
display. 

4 5 5 4.81 
(0.40) 

13 Functions to 
support. 

2 4.5 5 4.25 
(1.00) 

14 Intuitive color- 
coding scheme. 

3 5 5 4.38 
(0.89) 

15 No significant 
lag time. 

1 3 5 3.19 
(1.05) 

16 No technical 
errors. 

1 5 5 4.19 
(1.22) 

* SD = standard deviation 

We have started using the VAT to collect expert annotations for 
algorithm development. We have recruited 18 medical experts 
to annotate a sample of 15,000 pediatric growth charts using 
stratified sampling. Since we preferred each growth chart to be 
reviewed by three experts, each expert has received 2,500 
growth charts for annotation. The individual dataset has been split 
into 10 subsets (N=250) to better fit into the experts’ busy clini-
cal schedule. Based on the experimental results of the current 
study, we have estimated that each expert is expected to spend 
100-120 minutes (or 2 hours) to finish the task. Multiple algo-
rithms including support vector machines, random forests, and 
artificial neural networks will be trained and tested on the an-
notated datasets. The results of the algorithm development will 
be reported in future publications. 

Limitations 

This evaluation study has several limitations. First, we did not 
use methods such as think-aloud protocol [10], card sorting 
[11], qualitative interviews, or screen recording, to collect more 
user feedback. However, we believe the current two methods, 
namely structured survey and analysis of event logs, success-
fully collected enough user feedback to determine the usability 
and efficiency of the VAT and identify opportunities for im-
provement. Second, the VAT was not evaluated on the accuracy 
of their annotations, nor was it evaluated in a prospective man-
ner (i.e., presenting an error without knowing what has hap-
pened afterwards) since the focus of the user- center evaluation 
was on the usability and efficiency of the VAT. Moreover, the 
annotation datasets were served as a reference standard, not a 
gold standard since no chart reviews were done to determine 
the actual weight entry errors. 

In the third place, the comparison of the key features was lim-
ited to one controlled variable due to the number of participants. 
Similarly, the study is limited in statistical power due to the lack 
of resources to recruit more participants. This limitation can be 
addressed in the future work to include a representative sample 
of the whole user population. Currently, the VAT allows users 
to choose their preferred configurations to conduct annotation 
tasks. Next, the event logs were analyzed at the macro level 
(clicks and durations), not at the micro level (e.g., sequential 
patterns of the clicks). Although the latter could have generated 
interesting patterns to explain the user behaviors, the current 
analysis is sufficient to explore any dominant factor affecting 
the annotation efficiency of the VAT. Last but not least, the 
VAT did not provide any clinical context of the patient, such as 
diagnosis and medication information, because our goal of the 
ML development was to determine the abnormality of a weight 
point solely based on the trend in a growth chart. 

Conclusions 

We developed and evaluated the VAT in a user-centered  man-
ner to demonstrate its high usability and efficiency. We have 
started to use the VAT to collect a large amount of labeled data 
for algorithm development. The ML algorithms will be further 
developed as an intelligent CDSS to be used prospectively in 
clinical work and retrospectively on legacy data to improve clin-
ical data quality and patient safety. 
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