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Abstract
To evaluate the real-world impact of artificial intelligence (AI) on radiologists' reading time during bone  age (BA) radio-
graph assessments. Patients (<19 year-old) who underwent left-hand BA radiographs between December 2021 and October 
2023 were retrospectively included. A commercial AI software was installed from October 2022.  Radiologists' reading 
times, automatically recorded in the PACS log, were compared between the AI-unaided and  AI-aided periods using linear 
regression tests and factors affecting reading time were identified. A total of 3643 radiographs (M:F=1295:2348, mean age 
9.12 ± 2.31 years) were included and read by  three radiologists, with 2937 radiographs (80.6%) in the AI-aided period. 
Overall reading times were significantly  shorter in the AI-aided period compared to the AI-unaided period (mean 17.2 ± 
12.9 seconds vs. mean 22.3 ± 14.7  seconds, p < 0.001). Staff reading times significantly decreased in the AI-aided period 
(mean 15.9 ± 11.4 seconds vs. mean 19.9 ± 13.4 seconds, p < 0.001), while resident reading times increased (mean 38.3 ± 
16.4 seconds vs.  33.6 ± 15.3 seconds, p = 0.013). The use of AI and years of experience in radiology were significant fac-
tors  affecting reading time (all, p≤0.001). The degree of decrease in reading time as experience increased was larger  when 
utilizing AI (-1.151 for AI-unaided, -1.866 for AI-aided, difference =-0.715, p<0.001). In terms of AI  exposure time, the 
staff’s reading time decreased by 0.62 seconds per month (standard error 0.07, p<0.001) during  the AI-aided period. The 
reading time of radiologists for BA assessment was influenced by AI. The time-saving effect of utilizing AI became more 
pronounced as the radiologists' experience and AI exposure time increased.
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Abbreviations
AI	� Artificial intelligence
BA	� Bone age
GP	� Greulich-Pyle
TW	� Tanner-Whitehouse
PACS	� Picture archiving communicating system

Introduction

Bone age (BA) is one of the most crucial parameters in evalu-
ating growth in pediatric patients with short stature, precocious 
puberty, metabolic diseases, or various genetic conditions [1]. 
The Greulich-Pyle (GP) method is the most commonly used 
approach, which involves comparing a patient’s left wrist 
radiograph to an atlas derived from white children of high 
socioeconomic status in 1930s America [2, 3]. Alternatively, 
the Tanner-Whitehouse (TW) method assigns scores to each 
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bone in the hand and wrist and then summing up the scores 
to determine BA [4]. However, these manual BA assessments 
are time-consuming, labor-intensive, and prone to subjective 
results [5]. With the emergence of artificial intelligence (AI) in 
radiology, BA assessment has become one of the most promis-
ing application for AI, as it involves processus such as detec-
tion and classification based on relatively standardized findings 
from a single left-hand wrist image [6]. Consequently, in the 
field of pediatric radiology, BA interpretation was among the 
first areas to clinically adopt AI and remains the most active 
area for AI research in pediatric radiology to date [7–10].

As AI becomes widely adopted in various fields of radi-
ology, many studies have demonstrated its actual impact 
on improving radiology workflows [11, 12]. AI not only 
enhances diagnostic accuracy but it also supports tasks like 
image triaging and reducing reading time, positioning it as 
a valuable tool for radiologists [11, 13–15]. In terms of BA 
radiographs, several commercial AI products have already 
demonstrated their reliability and accuracy for interpretation 
[4, 10]. Studies have shown that AI-based BA assessment 
achieve a higher correlation with reference standards than 
manual assessments, while demonstrating superior inter- and 
intra-observer agreement [16–18].

Despite these benefits, the effect of AI on radiologists’ 
reading time remains a subject of debate. AI has gener-
ally been expected to reduce radiologists’ reading times by 
streamlining decision-making. However, some concerns 
have raised that AI might actually increase the image inter-
pretation time by adding extra steps to the workflow [19, 
20]. Various factors, such as image type, disease complex-
ity, accuracy of AI, the method of AI integration, and the 
radiologists’ experience, could influence how AI impacts 
reading time [15, 19]. Given these complexities, the effect of 
AI on reading time should be thoroughly investigated, taking 
into account various influencing factors. However, to our 
knowledge, limited research has focused on the real-world 
impact of AI on radiologists’ reading time for BA assess-
ments in real clinical environments, as opposed to simulated 
research settings, especially with respect to the radiologists’ 
varying levels of experience.

Therefore, the purpose of this study was to examine the 
real-world impact of AI on radiologists’ reading time during 
BA radiograph assessments in daily practice and to identify 
the factors, including radiologists’ experience levels, that 
influence the effect of AI.

Materials and Methods

Patients

This retrospective study was approved by the Institutional 
Review Board of our institution. Informed consent was 

waived due to its retrospective nature. This study was con-
ducted in accordance with the Strengthening the Report-
ing of Observational Studies in Epidemiology (STROBE) 
guidelines and regulations. Patients under 19 years old who 
underwent left-hand radiographs for BA assessment between 
December 2021 and October 2023 due to clinical necessity 
were included. These patients underwent BA assessment due 
to conditions such as growth hormone deficiency, idiopathic 
short stature, precocious puberty, and metabolic diseases 
that could affect their growth. The need for BA assessment 
was determined by a pediatric endocrinologist. Patients 
were excluded if the radiologists’ reading time of their BA 
radiographs could not be used for analysis, such as when it 
had a negative reading time on the Picture Archiving Com-
municating System (PACS) log records or if they were time 
outliers, as described in detail below.

BA Radiograph Acquisition and AI Application

 Standard left-hand wrist radiographs for BA assessment 
were obtained using Innovision-EXII (DK medical systems, 
Seoul, Korea) or GXR-82SD (DRGEM, Seoul, Korea). 
A commercialized AI-based BA assessment software 
(VUNO Med-BoneAge, version 1.0.5, Vuno Inc., Seoul, 
South Korea), approved by the Korean Ministry of Food 
and Drug Safety for clinical use, was installed in October 
2022 in our hospital. This deep learning-based software was 
trained using more than 50,000 left-hand wrist radiographs, 
including over 35,000 radiographs of Koreans using the GP 
method [17, 21, 22]. After installation in our institution, 
all BA radiographs were analyzed by the AI and attached 
to the PACS as secondary capture images. The analyzed 
result displays heatmap indicating areas the model consid-
ers important, along with the optimal BA and its probability 
within age ranges (Fig. 1). When the radiographs were taken, 
it automatically transferred to the AI server in our hospital 
as soon as the radiographers verified the images. After about 
5–10 s, the analyzed images were generated automatically 
and attached to the original images in the PACS. Therefore, 
radiologists and clinicians could freely refer to the AI results 
by scrolling down the images during their reading when-
ever they wanted. The AI results were displayed next to the 
original image, allowing doctors to first open the original 
images through the worklist and then refer to the AI results 
by scrolling down the images using PACS. Although there 
was no requirement to review the original image first, it was 
necessary because the original image had to be opened first 
to access the AI results in our hospital. We did not use any 
additional user interface (UI) elements to present the AI 
results, as we seamlessly integrated them into clinical prac-
tice and presented the AI results in the most intuitive manner 
for all users, regardless of experience level.
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When the AI software was not available in our hospital, 
radiologists usually interpreted BA radiographs using the 
GP atlas, patients’ chronological age, sex, previous images, 
and medical history through electronic medical records 
(EMR). We defined this time as the ‘AI-unaided period’ 
(uninstalled period from December 2021 to September 
2022 and server maintenance period in October 2023). 
When the AI software was available in our PACS after 
the installation or maintenance period, radiologists could 
refer to the AI results just by scrolling down the images on 
PACS when they interpreted the images, and we set this 
as the ‘AI-aided period’ (from October 2022 to September 
2023). Radiologists could freely refer to the AI results and 
GP atlas, EMR, or previous images as usual to determine 
whether they would accept the AI results or not. For the BA 
assessment, radiologists, including residents, were able to 
read the images independently, without additional confir-
mation process that would extend the reading time.

Reading Time Measurement with or without AI

The reading time of all included BA radiographs during the 
study period was analyzed. Reading time was defined as the 
duration in seconds from the last time the radiologist opened 
the radiograph until the same radiologist first transcribed the 
dedicated image. The reading time of each radiograph was 
automatically measured through the PACS log record, and 
we could extract the values retrospectively. No intentional 
measurements were necessary to determine the actual read-
ing time.

 We excluded instances of negative reading time, which 
occurred when the image was unintentionally opened again 
after transcription, with the last opening time being later 
than the transcription time. Additionally, we excluded read-
ing time outliers that could result from unexpected interrup-
tions from other tasks after image opening. The time out-
liers were defined using the 1.5 interquartile range (IQR) 
method, as outlined in a previous study, with detailed for-
mulas described in the statistical analysis section [15]. These 
exclusions were unavoidable because this was a retrospective 
study, and we relied solely on PACS log records for objec-
tive time measurement.

The interpreting radiologists and their years of experi-
ence in radiology at the time of interpreting the dedicated 
radiographs were evaluated. The number of radiographs and 
their reading time in seconds during the ‘AI-unaided’ and 
‘AI-aided periods’ were assessed for each radiologist.

Statistical Analysis

For statistical analysis, the R program (version 4.1.3; Foun-
dation for Statistical Computing, Vienna, Austria) was uti-
lized. The reading time outlier in this study was defined as 
any time exceeding 67.5 s, based on the 1.5 IQR method, as 
described in a previous study [15]. The determination for-
mula is as follows; third quartile (33 s) + difference between 
the third and first quartiles (33–10 s) × 1.5 = 67.5 s. The Chi-
square test and two-sample t-test were used for comparing 
radiographs and patient characteristics. The AI-unaided and 
AI-aided periods were compared in terms of reading times 
based on radiologists using the two-sample t-test. Univariate 
and multivariate linear regression tests were used to deter-
mine the factors affecting the reading time of radiographs, 
including AI use, reader group composed of residents and 
staff, and radiologists’ experience in radiology. Given the 
small sample size and the distinct differences in experience 
among the readers, we opted for a linear regression model 
by treating the readers as a fixed effect. Interaction effect 
of the use of AI and experience in radiology on the reading 

Fig. 1   A left-hand radiograph from a 6-year-old girl was analyzed by 
AI for bone age assessment. The AI software determined the bone 
age to be 7 years and 11 months, considering a 90.4% probability of 
94 months and a 7.5% probability of 106 months. This was read by 
reader 1 during the AI-aided period and the interpretation time was 
37 seconds in PACS log record
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time was also assessed. In addition, AI exposure time in 
months was evaluated during the AI-aided period, and a 
linear regression analysis was used to assess its impact on 
reading time for both resident and staff radiologists. Scatter 
plots with linear regression lines were generated to illustrate 
the changing pattern of reading time based on years of expe-
rience in radiology and AI exposure time. To better capture 
the trend between the AI-aided and AI-unaided periods, we 
assigned negative values, such as -1 month, -2 months, etc., 
to the AI-unaided months, using the AI implementation 
month as the reference point. A scatter plot and regression 
line were then created based on this adjustment for the AI-
unaided period. A p-value less than 0.05 was considered 
statistically significant.

Result

Patient Characteristics

During the study period, a total of 5,989 BA radiographs 
were included and interpreted by three radiologists. 
According to the exclusion criteria, 1,818 radiographs were 
excluded due to the negative reading time, and 528 radio-
graphs were excluded as reading time outliers according to 
the IQR method.

Finally, a total of 3,643 radiographs (M: F = 1,295:2,348, 
with a mean age of 9.12 ± 2.31 years) were included in this 
study. Among them, 706 radiographs were in the AI-unaided 
period, and the remaining 2,937 (80.6%) radiographs were 

in the AI-aided period. The most frequent indications for 
the radiographs in this study were idiopathic short stature 
(n = 1,658), precocity puberty (n = 1,577), obesity and over-
weight (n = 323), growth hormone deficiency (n = 65), and 
hypothyroidism (n = 20). Patients’ age and sex did not show 
significant differences between the AI-unaided and AI-aided 
periods (Table 1).

Comparison of Reading Times

During the study period, a total of three radiologists inter-
preted the BA radiographs. Two radiologists were residents 
with up to one (reader 1) to two (reader 2) years of experi-
ence in radiology at the time of interpretation. The third 
radiologist was a board-certified pediatric radiologist staff 
with up to 14 years of experience in radiology when inter-
preting radiographs (reader 3). The total number of radio-
graphs read by reader 1, 2, and 3 were 187 (AI-unaided vs. 
AI-aided periods = 51:136), 108 (AI-unaided vs. AI-aided 
periods = 71:37) and 3348 (AI-unaided vs. AI-aided peri-
ods = 584:2764), respectively. In the AI-aided period, AI 
exposure time were 1–2 months for residents and 1–13 
months for staff radiologist. Since this was a retrospec-
tive study, the only radiologists who read the images were 
a dedicated pediatric radiologist and two residents who 
were on duty during the study period after data extraction. 
Therefore, it was inevitable to include only these three radi-
ologists, as they were the only ones who read the images 
during the study period. About the difference in image num-
bers, a dedicated pediatric radiologist, who was the only 

Table 1   Demographics of patients and reading time of BA radiographs according to the use of AI

Values are presented in number or mean ± standard deviation
*P-value obtained from Chi-square test
BA = bone age, AI = artificial intelligence

Variables All period (n = 3,643) AI-unaided period 
(n = 706)

AI-aided period 
(n = 2,937)

p-value

Sex (M: F) 1,295 : 2,348 256 : 450 1,039 : 1,898 0.66*
Age of patients (year) 9.12 ± 2.31 9.17 ± 2.46 9.11 ± 2.27 0.528
Radiologists’ experience in radiology (years) 12.48 ± 3.42 10.79 ± 4.49 12.88 ± 2.96 < 0.001
Reading time (sec-

onds)
All Reader 1&2&3 18.16 ± 13.39 22.3 ± 14.66 17.17 ± 12.88 < 0.001
Residents Reader 1 35.73 ± 16.31 

(n = 187)
30.41 ± 14.4 (n = 51) 37.72 ± 16.59 

(n = 136)
0.004

Reader 2 37.41 ± 15.72 
(n = 108)

35.89 ± 15.62 (n = 71) 40.32 ± 15.69 (n = 37) 0.167

Reader 1 & 2 36.34 ± 16.09 
(n = 295)

33.6 ± 15.3 (n = 122) 38.28 ± 16.39 
(n = 173)

0.013

Staff Reader 3 16.56 ± 11.86 
(n = 3348)

19.94 ± 13.38 
(n = 584)

15.85 ± 11.39 
(n = 2764)

< 0.001

p-value between reader 1 and 2 0.384 0.051 0.393 .
p-value between reader 1&2 (residents) 

and 3 (staff)
< 0.001 < 0.001 < 0.001 .
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pediatric radiologist in our hospital, read most of the chil-
dren’s images. The other radiologists who read BA images 
during the study period were two residents during their train-
ing months, so differences in the number of images were 
inevitable. In addition, unlike the staff radiologist who was 
consistently assigned to the pediatric section, each resident 
rotated through the pediatric part only 1–2 times per year, 
making the variation in AI exposure months an inevitable 
outcome.

The overall reading time for all readers was a mean of 
18.2 ± 13.4 s. Reading time was significantly shorter for 
reader 3 compared to reader 1 and 2 (mean 16.6 ± 11.9 s 
vs. mean 36.3 ± 16.1 s, p < 0.001), while there was no sig-
nificant difference in time between readers 1 and 2 (mean 
35.7 ± 16.3 s vs. mean 37.4 ± 15.7 s, p = 0.384).

When comparing the reading times of radiologists 
between the AI-aided and AI-unaided periods, total reading 
times were significantly decreased in the AI-aided period 
compared to the AI-unaided period (mean 17.2 ± 12.9 s vs. 
mean 22.3 ± 14.7 s, p < 0.001). While there was a significant 
decrease in reading time for reader 3 in the AI-aided period 
(mean 15.9 ± 11.4  s vs. mean 19.9 ± 13.4  s, p < 0.001), 
the total reading time for readers 1 and 2 increased in the 
AI-aided period (mean 38.3 ± 16.4  s vs. 33.6 ± 15.3  s, 
p = 0.013), with reader 1 exhibiting a more significant 
increase. The reading time between readers 1 and 2 was not 
significantly different during the AI-unaided (p = 0.051) and 
AI-aided periods (p = 0.393), but significantly decreased for 
reader 3 in each period (all, p < 0.001). The results regarding 
reading times are presented in Table 1.

Factors Affecting the Reading Time of BA 
Radiographs

In the univariable linear regression test, the use of AI (esti-
mate − 5.134, p < 0.001), whether the reader was a staff 
member (estimate − 19.781, p < 0.001), and the total years 
of experience in radiology (estimate − 1.661, p < 0.001) 
were significantly associated with reading time. When 

we separately analyzed the effect of the presence of AI on 
each reader, the presence of AI was significantly associated 
with decreased reading time in reader 3 (estimate − 4.095, 
p < 0.001). However, in readers 1 and 2, the presence of AI 
was a significant factor for increasing reading time (estimate 
4.679, p = 0.014), especially in reader 1 (estimate 7.309, 
p = 0.006) (Table 2).

When we performed multivariable linear regression test 
for the significant variables, variance inflation factors (VIF) 
of whether the reader was a staff member and total years 
of experience in radiology were 646 and 644, respectively. 
Considering multicollinearity, these two variables could not 
simultaneously serve as independent variables in a multi-
variable regression. Therefore, only two variables including 
the use of AI could be chosen for multivariate regression. 
As a result, the use of AI and whether the reader was a staff 
were significant factors affecting the reading time (estimate 
− 2.961, p < 0.001 and estimate − 19.073, p < 0.001, respec-
tively). Similarly, the use of AI and total years of experience 
in radiology were significant factors affecting the reading 
time (estimate − 1.764, p = 0.001 and estimate − 1.612, 
p < 0.001, respectively). When we assessed the interac-
tion effect of the use of AI and experience in radiology, the 
degree of decrease in reading time as experience increased 
was larger when utilizing AI (-1.151 for AI-unaided, -1.866 
for AI-aided, difference =-0.715, p < 0.001) (Table 2).

In terms of AI exposure time, the residents’ reading 
time increased by 5.914 s for each month of AI exposure 
(standard error 2.21, p = 0.008), while the staff’s reading 
time decreased by 0.62 s per month (standard error 0.07, 
p < 0.001) during the AI-aided period. As shown in Fig. 2, 
there were distinct patterns in reading times between the 
AI-aided and AI-unaided periods, depending on radiologists’ 
experience and AI exposure time. In Fig. 2a, reading times 
decreased as years of experience in radiology increased 
for both AI-aided and AI-unaided periods. However, less 
experienced radiologists (residents with 1–2 years of experi-
ence) showed higher variability and slower reading times, 
while more experienced staff (12–14 years of experience) 

Table 2   Factors affecting the reading time of BA radiographs using linear regression analysis

BA = bone age, se = standard error, AI = artificial intelligence

Variables Univariable linear regression Multivariable linear regression

estimates se p-value estimates se p-value estimates se p-value

Use of AI -5.134 0.555 < 0.001 -2.961 0.519 < 0.001 -1.764 0.523 0.001
Staff -19.781 0.745 < 0.001 -19.073 0.752 < 0.001 . . .
Radiologists’ experience in radiology (years) -1.661 0.059 < 0.001 . . . -1.612 0.061 < 0.001
Use of AI Reader 1 7.309 2.632 0.006

Reader 2 4.437 3.172 0.165
Reader 1 & 2 (residents) 4.679 1.886 0.014
Reader 3 (staff) -4.095 0.536 < 0.001
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exhibited consistently faster reading times. Figure 2b illus-
trates the effect of AI exposure time on reading times. For 
staff radiologists who continuously interpreted BA radio-
graphs before and after AI implementation, and who had 
ongoing exposure to the AI software after the implemen-
tation, a gradual decrease in reading times was observed 
after AI implementation, in contrast to the flat, horizontal 
trend seen before AI was introduced. This demonstrates a 
clear visual effect of prolonged AI usage on reducing read-
ing times (Fig. 2b).

Discussion

Our study demonstrated that the overall reading time of radi-
ologists for BA radiographs was significantly reduced with 
the use of AI, even after adjusting for experience in radi-
ology. However, the time-saving effect was not consistent 
across all radiologists. Specifically, the time-saving effect 
from utilizing AI was more pronounced for experienced 
radiologist, while radiology residents exhibited prolonged 
reading time when utilizing AI. This trend was particularly 
evident among resident with less experience. While reducing 
overall reading time by using AI was consistent with prior 
studies [16, 17, 23], the specific impact of AI assistance 

varied depending on the radiologists’ experience and AI 
exposure time in this study.

Previous studies have suggested that AI can help alleviate 
radiologist burnout by reducing workload [24]. However, it 
remains uncertain whether AI can consistently reduce the 
workload of radiologists, particularly in real clinical settings 
[19]. Several studies have explored the impact of AI on read-
ing time in different imaging modalities [19]. For example, 
in chest radiograph, conflicting results exist. One prospec-
tive observational study found that AI significantly reduced 
radiologists’ reading times, but when abnormalities were 
detected, the reading time increased [15]. Conversely, a ran-
domized crossover study demonstrated that AI significantly 
reduced reading times, regardless of abnormality detection 
[25]. Other studies showed that reading times decreased with 
AI assistance, regardless of radiologist’s experience level, 
including residents, general radiologists, and thoracic radi-
ologists [25, 26]. However, in health screening environments 
with low disease prevalence, AI increased reading times for 
less experienced residents [27]. These discrepancies highlight 
the complex interaction between AI and reading times, which 
may depend on several factors such as experience, disease 
prevalence, AI integration methods, and AI exposure time. 
Therefore, research focused on various factors is required to 
assess AI’s effectiveness in optimizing clinical workflows.

Fig. 2   Scatter plots with linear regression lines and shaded confi-
dence intervals illustrating the impact of radiologists’ experience and 
AI exposure time on reading times. a Scatter plot displaying reading 
times (in seconds) as a function of years of experience in radiology, 
with separate regression lines for the AI-aided (blue) and AI-unaided 
(red) periods. Residents (1–2 years of experience) exhibit higher 
reading times compared to staff radiologists (12–14 years of experi-
ence), but there is a gradual decrease in overall reading time as years 
of experience increase for both AI-aided and AI-unaided periods. The 
gap between AI-aided and AI-unaided periods is more noticeable in 
residents, but diminishes as experience grows. (b) Scatter plot com-
paring reading times (in seconds) as a function of AI exposure time 

(in months) for residents (red) and staff (blue) radiologists during the 
AI-aided and AI-unaided periods. The left panel now displays the AI-
unaided period with negative AI exposure times (e.g., -1, -2 months) 
to represent the months prior to AI implementation, using the AI 
implementation date as a reference point, while the right panel shows 
the AI-aided period with positive AI exposure times. Staff radiologist 
exhibits a gradual decrease in reading times after AI implementation, 
with increasing AI exposure, in contrast to the flat, horizontal trend 
observed before AI was introduced. In comparison, residents show 
more variability, with some initial increases in reading times during 
the early stages of AI exposure
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In the context of BA radiographs, one prospective rand-
omized controlled trial demonstrated that AI significantly 
reduced interpretation times [23]. However, this study did 
not assess the impact of AI on less experienced radiologists 
[23]. Another study involving a pediatric radiology fellow 
and a second-year resident showed a consistent trend of 
reduced reading time with AI assistance, by 18% and 40%, 
respectively [17]. This contrasts with our findings, which 
might be due to differences in the interpretation environ-
ments. The previous study was conducted in a controlled 
research setting, whereas our study took place in a real 
clinical environment where radiologists had access to the 
GP atlas, medical records, and previous images. This actual 
workflow likely influence the observed reading times, espe-
cially for residents, who may have revisited their interpreta-
tions due to their limited experience.

In terms of how AI results are presented, the AI-generated 
data is attached directly to the PACS, displayed as the next 
image following the original DICOM file, in our hospital. 
The AI-determined BA and the corresponding heatmap loca-
tion are displayed in an intuitive format, identical to what is 
presented in Fig. 1. This user-friendly format allows radi-
ologists to easily access the AI output without additional 
UI elements. Given the intuitive nature of these results, we 
believe that even residents could interpret them without dif-
ficulty, and the interpretation method did not significantly 
affect the reading time in this study. In addition, regarding 
the education level with this AI software, residents received 
sufficient training on interpreting BA images and were 
capable of independent assessments during their pediatric 
radiology rotation. Certain images with bone abnormalities 
or skeletal dysplasia may have required additional review. 
We minimized the impact of such outliers by using the IQR 
method to exclude extended reading times. It should also 
be noted that this AI software was new to both pediatric 
radiologist and residents alike.

The varying number of interpreted images among read-
ers could have influenced their exposure to the AI software 
during the study period. In addition, differences in AI expo-
sure time arose from the clinical settings. The duty time for 
interpreting BA images differed between the dedicated staff 
radiologists and rotational residents, making these variations 
inevitable in this retrospective observational study, which 
reflects the actual clinical practices of radiologists. Although 
our findings for experienced radiologist are consistent with 
previous research, the trend for less experienced radiolo-
gists suggests that AI may increase reading times in real 
clinical settings. This contrasts with some earlier studies 
and highlights the importance of considering user-depend-
ent variability in AI’s impact on clinical workflows. In 
mammography, for instance, Lee et al. found that AI assis-
tance increased reading times for general radiologists [28]. 
The authors proposed that this could be due to increased 

attention to suspicious findings flagged by the AI [28]. How-
ever, in our study, the AI used for BA interpretation did not 
suggest positive findings or simply provided predicted BA 
ranges with saliency maps. In our study, residents interpret-
ing images in real clinical settings, where their readings were 
used for clinical decisions by physicians, might have felt 
increased pressure to provide precise interpretations com-
pared to a research environment. Less experienced radiolo-
gists might have struggled to incorporate the predicted BA 
range from AI into their interpretations efficiently, prompt-
ing them to revisit the GP atlas or medical records for con-
firmation during the reading process. This additional step in 
the workflow of residents could contribute to increased read-
ing times compared to experienced radiologist. Not only the 
radiologists’ experience level but also AI exposure time was 
found to have an impact. For staff radiologists, in contrast to 
the horizontal trend in reading time before AI implementa-
tion, a gradual decrease in reading time was observed as 
AI exposure increased. While it is difficult to separate the 
effects of these two factors, our study highlights that con-
tinuous AI exposure may be necessary to fully realize the 
benefits of AI, and this could be recommended to maximize 
its effectiveness.

This study had several limitations. Firstly, this was a 
single-center retrospective study with a limited number of 
readers. Due to the nature of the hospital and study design, 
we could not include a broad range of readers, with varying 
experience levels. We initially expected that other radiolo-
gists would also read the BA images during the study period. 
However, the only radiologists who read the images were a 
dedicated pediatric radiologist and two residents who were 
on duty during the study period after data extraction. No 
other board-certified radiologists or experts interpreted the 
BA images during this period. In addition, because of the 
retrospective design, most of the radiographs were inter-
preted by dedicated pediatric radiologists, while residents 
only read images during specific periods when they were 
in the pediatric radiology division as part of their train-
ing rotation schedule. This led to an uneven distribution 
of interpreted images and AI exposure time and this vari-
ation made it difficult to observe a sharp decrease in read-
ing time after AI implementation. This could introduce bias 
into the results, but it was inevitable in this retrospective 
preliminary study design and impossible to implement case 
matching for this study. However, we aimed to validate it 
through real-world practice data without any intervention. 
We analyzed the results that naturally occurred during our 
actual practice, both before and after implementing AI in 
the context of BA assessment. Pediatric radiology special-
ists are rare in any country, and it is common practice for 
residents to interpret pediatric imaging only during a few 
designated months of their rotation each year. This study, 
based on data from a limited number of readers, particularly 
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residents with restricted months of exposure, may have some 
limitations. However, we believe this approach holds unique 
value as it reflects the real-world conditions of a radiology 
department without simulating or intervening in the environ-
ment. The post-deployment influence of AI is a significant 
concern today, and we felt that our hospital’s experience 
was worth demonstrating, particularly its actual impact in 
reading environment. The differing trends in reading time 
with AI between residents and experienced radiologist could 
potentially be attributed to the residents’ relatively limited 
experience in BA interpretation and in utilizing AI software. 
Further large-scale research with a prospective multi-center 
study design, involving more pediatric radiologists and resi-
dents at various stages of training, is needed to build upon 
these findings. Second, we only utilized one commercialized 
AI software, raising concerns about generalizability. How-
ever, this AI software was proven representative through 
previous research, and we could only use one software in a 
clinical setting [17, 21]. In addition, the UI used to present 
the AI results could also affect the reading time. Using dif-
ferent software or UI methods might yield different results; 
however, we believe that our findings reflect the actual impli-
cations of AI application in real-world clinical practice. 
Lastly, we did not include whether AI influenced diagnostic 
accuracy in this study because it was outside the scope of 
our study’s purpose. Further prospective multicenter stud-
ies, involving participants with varying levels of experience 
and a larger, more balanced number of cases with evenly 
matched readers and various type of AI software, are needed 
to overcome these limitations and provide a more compre-
hensive understanding of AI’s role in BA interpretation.

Conclusion

Our study showed that while the overall reading time for 
BA radiographs was reduced with AI in daily practice, the 
effect of AI varied based on the radiologists’ experience lev-
els and AI exposure time. AI’s time-saving effect was more 
pronounced for experienced radiologists and as AI exposure 
time increased, whereas less experienced residents exhibited 
increased reading times, highlighting the need for further 
research.
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