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ABSTRACT
Background:  Emergency radiographic interpretation for fractures is prone to missed or 
misdiagnoses. Artificial intelligence (AI) is expected to become a powerful tool to assist 
clinicians in fracture detection.
Purpose:  A systematic review and meta-analysis was performed to assess whether AI 
improves clinicians’ ability to detect fractures on radiographs.
Materials and Methods: A literature search was conducted in PubMed, Web of Science, 
and Cochrane Library for studies published between January 1, 2010, and October 10, 
2025. A meta-analysis of diagnostic accuracy studies was performed using a Summary 
Receiver Operating Characteristic (SROC) curve. The quality of  included studies was 
assessed using the Quality Assessment of Diagnostic Accuracy Studies 2 (QUADAS-2) 
tool. Subgroup analysis and meta-regression were conducted to explore potential 
sources of heterogeneity.
Results:  A total of 26 studies were included . The pooled sensitivity of clinicians 
increased from 77% (95% CI: 72–81) to 87% (95% CI: 83–90) with AI assistance, while 
the pooled specificity improved from 88% (95% CI: 85–90) to 92% (95% CI: 89–94). The 
corresponding AUC values were 0.90 (95% CI: 0.87–0.92) before and 0.95 (95% CI: 0.93–
0.97) after AI assistance. Eight studies were rated as high risk of bias. Subgroup analysis 
and meta-regression identified potential sources of heterogeneity, including fracture 
location, AI model type, high risk of bias, and reference standards.
Conclusion:  AI assistance significantly improves clinicians’ diagnostic performance in 
detecting fractures on radiographs for extremity and trunk fractures.

Common diagnostic errors can be categorized into missed diagnoses, misdiagnoses, and delayed diag-
noses, all of which may prevent patients from receiving timely and appropriate treatment [1]. Fractures 
are among the most frequently missed conditions in emergency departments, with Fernholm R et  al. 
reporting a misdiagnosis rate of up to 24% for fractures [2]. Fracture detection primarily relies on the 
interpretation of radiographs, and missed fracture diagnosis is also one of the most common radiological 
errors [3]. Such diagnostic oversights most often occur between 5 pm and 3 am, possibly due to physi-
cians’ insufficient experience or fatigue [4]. Guly’s study further revealed that in emergency settings, the 
majority (85.3%) of missed fracture diagnoses were made by junior doctors [5]. Artificial intelligence, 
however, can effectively reduce errors caused by fatigue. Moreover, AI’s performance in interpreting frac-
ture radiographs has been shown to approach that of human experts [6].

In recent years, artificial intelligence (AI) has been increasingly applied in the medical field, particularly 
in radiology [7,8]. With the advancement of AI, especially the emergence of deep learning, it has demon-
strated tremendous potential in various medical applications [9]—for instance, predicting clinical disabil-
ity in systemic sclerosis [10], assessing the severity of diabetic retinopathy [11], and identifying 
histopathological features [12]. The use of AI to interpret radiographs for fracture detection has also 
proven feasible. Alfred P. Yoon’s study reported that AI achieved high sensitivity and specificity in 
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detecting scaphoid fractures on wrist radiographs [13]. Similarly, Jeff Choi developed a hip fracture 
detection algorithm with an area under the receiver operating characteristic curve (AUC) of 0.98 [14]. 
Furthermore, AI can interpret images at a speed far beyond human capability. However, due to ethical 
constraints, AI cannot directly replace clinicians. Nevertheless, integrating AI as an assistive tool for radio-
graph interpretation represents a highly promising direction for future development [15].

To date, numerous studies have investigated the performance of clinicians assisted by artificial intelli-
gence (AI) in fracture detection [16–18]. Several reviews and meta-analyses have also explored the rela-
tionship between AI and fracture detection. For instance, Kuo RYL et  al. [15] conducted a meta-analysis 
of 42 studies and concluded that ‘Artificial intelligence (AI) and clinicians had comparable reported diag-
nostic performance in fracture detection,’ and further found through a meta-analysis of four studies that 
‘The addition of AI assistance improved clinician performance further.’ Similarly, Julius Husarek et  al. [19] 
performed a meta-analysis of 17 studies involving commercially available AI systems and reported that 
AI can provide valuable second opinions, thereby enhancing diagnostic confidence and accuracy. In addi-
tion, Mohammed Kutbi [20] highlighted in his review that AI has broad applications and significant ben-
efits in fracture detection.

In our study, we conducted a meta-analysis of 26 studies, including both commercially available AI 
systems and researcher-developed models, to provide a more comprehensive evaluation of the feasibility 
of AI-assisted fracture detection based on clinician interpretation of radiographs. We also assessed poten-
tial directions for future development in this field.

Materials and methods

Registration

This systematic review was prospectively registered in PROSPERO (CRD 42025640034). Our study followed 
the Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) and the 
PRISMA-Diagnostic Test Accuracy (PRISMA-DTA) guidelines [21,22].

Study selection

We included all studies that met the following criteria: (1) published in English; (2) compared clinicians’ 
performance in interpreting fracture radiographs with and without AI assistance; and (3) used radio-
graphs as the imaging modality. The exclusion criteria were as follows: reviews or meta-analyses, com-
ments, studies involving animal fractures, and studies in which the imaging modality was not radiographs.

The search strategy used the terms ((ai) OR (artificial intelligence) OR (machine learning) OR (deep 
learning)) AND ((fracture) OR (fracture detection)) AND ((radiologist) OR (X-ray) OR (radiograph)) to 
retrieve relevant studies from PubMed, Web of Science, and the Cochrane Library between January 1, 
2010, and October 10, 2025. EndNote X9 was used to remove duplicate records. Literature screening was 
conducted in two stages: first by reviewing titles and abstracts, followed by full-text assessment.

Data extraction

During data extraction, we primarily collected the numbers of true positives (TP), false positives (FP), 
false negatives (FN), and true negatives (TN) from each study. Each individual radiograph, rather than 
each fracture site, was treated as a single sample. This approach was chosen because if a patient has 
multiple fractures and even one is missed, the patient would still require secondary treatment, poten-
tially resulting in significant harm. Therefore, a radiograph was considered a true positive only when all 
fractures on the image were correctly identified. This definition also allowed for over-identification, as 
labeling non-fractured areas as fractured would have minimal impact on patient management. A case 
was defined as a false negative if any actual fracture was missed. A true negative was defined as a 
radiograph that was negative according to the reference standard and was also interpreted as negative 
by the reader. Conversely, a false positive was defined as a radiograph judged by the reference standard 
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to be negative but interpreted by the reader as positive for fracture. The reference standards used were 
those defined within each included study.

This process was independently performed by two reviewers, and the results were consolidated by a 
third reviewer. Any disagreements were resolved through discussion among all three reviewers.

Quality assessment

We used the Quality Assessment of Diagnostic Accuracy Studies-2 (QUADAS-2) tool to evaluate the risk 
of bias and applicability of the included studies [23]. In the ‘Risk of Bias’ domain, assessment was con-
ducted across four key areas: Patient Selection, Index Test, Reference Standard, and Flow and Timing. In 
the ‘Applicability Concerns’ domain, evaluation focused on Patient Selection, Index Test, and Reference 
Standard.

For the second question under Patient Selection—’Was a case-control design avoided?’—we rated all 
studies as ‘Yes.’ This is because, in all included studies, patients were confirmed to have or not have 
fractures based on the reference standard, and none of the studies aimed to retrospectively compare 
fracture and non-fracture groups for risk factor exposure to determine causal relationships.

Regarding study design, the most appropriate experimental approach was the one used by Rikke 
Bachmann et  al. [24]. In their study, patients were divided into two groups with equal numbers of 
fracture and non-fracture cases (Group 1 and Group 2). During the first reading session, Group 1 
was interpreted without AI assistance, while Group 2 was interpreted with AI assistance. After a 
washout period, the same readers reinterpreted both groups, but the conditions were reversed—
Group 1 with AI assistance and Group 2 without AI assistance. This design avoided bias due to 
differences in reader experience between two independent groups. If patients were not divided into 
two groups and the same readers simply reinterpreted the same radiographs after a washout period, 
the results could be affected by memory retention or improvement in reading ability over time. By 
dividing patients into two groups and alternating AI assistance before and after the washout period, 
this design ensured that both ‘with AI’ and ‘without AI’ conditions existed in each phase, thereby 
maximizing experimental validity. Therefore, in the Index Test domain under ‘Concerns regarding 
applicability,’ only studies employing this design were rated as Low concern, while others were rated 
as High concern or Unclear concern.

Regarding the Reference Standard, if CT imaging data were available, fracture determination was 
much more reliable. Thus, studies using CT as part of the reference standard were rated as Low concern 
in applicability, while those without CT were rated as High concern or Unclear concern.

Finally, for the Flow and Timing item ‘Was there an appropriate interval between index test and ref-
erence standard?’, since all studies involved interpretation of the same radiographs and the images did 
not change during the study period, all studies were rated as ‘Yes.’

This process was independently performed by two reviewers, and the results were consolidated by a 
third reviewer. Any disagreements were resolved through discussion among all three reviewers.

Statistical analysis

We performed a meta-analysis of diagnostic accuracy studies, generated forest plots, and used the 
Summary Receiver Operating Characteristic (SROC) curve [25] to evaluate the overall diagnostic perfor-
mance. Regarding the area under the curve (AUC), values between 0.9 and 1 were considered excellent, 
those between 0.8 and 0.9 good, between 0.7 and 0.8 moderate, and below 0.7 poor.

Paired t-tests or Wilcoxon signed-rank tests were used to assess whether the differences between the 
two groups were statistically significant. The data were paired, representing clinicians’ performance in 
interpreting radiographs independently and with AI assistance. Sensitivity and specificity data met or 
approximately met the assumption of normal distribution; therefore, paired t-tests were used. However, 
for accuracy, the histogram indicated that the normality assumption was not satisfied, so the Wilcoxon 
signed-rank test was applied instead to ensure the robustness of the results. A P-value of less than 0.05 
was considered statistically significant.
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Additionally, Wilcoxon rank-sum tests were used to compare the performance of standalone AI with 
that of clinicians without AI assistance, as well as to evaluate differences in reading time before and after 
AI assistance.

Heterogeneity analysis

We assessed inter-study heterogeneity using the I2 statistic. Subgroup analyses were conducted based 
on algorithm type, patient age, sample size, fracture site, reference standard, number of clinician read-
ers, and risk of bias. Meta-regression was performed to further explore potential sources of 
heterogeneity.

Publication bias

We assessed publication bias among the included studies by constructing a funnel plot.

Results

Study selection

A total of 3,323 studies were initially identified, including 1,720 from PubMed, 1,482 from Web of Science, 
and 121 from the Cochrane Library. After removing 688 duplicates using Endnote X9, the detailed screen-
ing process is illustrated in Figure 1. A total of 49 relevant studies were finally identified, of which 23 
were excluded due to the inability to obtain detailed sample data or study results. Among these, two 
studies were in the preparatory phase and had not yet been implemented [26,27]; one study used 
median values for statistical analysis, making it impossible to extract detailed data for all samples [28]; 
and five studies did not define true positives (TP) based on identifying all fractures on a single radio-
graph. The remaining 15 studies were excluded for other reasons, mainly because the proportion of 
fracture and non-fracture cases in the radiographs was unclear. Additional reasons included results 
reported only as accuracy, lack of separate data for fracture detection, or insufficiently interpretable data. 
Ultimately, 26 studies were included in the meta-analysis. The characteristics of these included studies 
are summarized in Table 1. No restrictions were placed on patient age, sex, sample size, or study design 
during the selection process.

Characteristics

Among the included studies, ten used Gleamer’s BoneView model [29,31,35,36,38–41,43,52], three used 
Radiobotics RBFracture [24,45,50], two used the Faster R-CNN algorithm [30,33], two used DenseNet 
[6,44], and two used the YOLO algorithm [32,51]. Eight studies involved patients aged 18 years or older 
[6,31,39,40,46,49,51,52], while another eight involved patients aged 22 years or younger 
[30,32,33,38,45,47,48,50]. Twenty studies focused on extremity fractures, five included multiple fracture 
sites [29,35,36,43,50], and one focused specifically on skull fractures [32].

The total sample size across studies was 9,218 radiographs. Four studies had sample sizes ≤100 
[6,32,34,42], while the study by Andrea Dell’Aria included 101 radiographs [40]. Six studies had ≥500 
samples [31,36,39,43,45,50]. Eleven studies maintained a 1:1 ratio between fracture and non-fracture 
cases, while seven studies included ≥25% of subtle (non-obvious) fractures [29,30,34,40,47,49,52]. In Loïc 
Duron’s study, ‘cases showing only obvious fractures (displaced, dislocated, or comminuted) according to 
the reference radiologist’ were excluded [39].

All included studies established a reference standard. Four studies used consensus between two 
expert radiologists [29,36,37,49]; four used independent reviews by two physicians with disagreements 
resolved by a third [24,33,38,39]; ten studies determined the reference standard based on clinical infor-
mation (e.g. CT, MRI, or follow-up data); and one study (John R. Zech) used the ‘original radiology report’ 
as the reference standard [30].
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The number of clinician readers interpreting the radiographs ranged from 2 to 120. Eleven studies 
involved ≥10 readers, while nine studies had ≤5 readers. In Mathieu Cohen’s study, the initial radiology 
report was directly used as the clinician performance metric [31].

A total of 19 studies used multiple radiographic views, 4 studies used single radiographic view 
[6,30,44,49], 1 study included both single radiographic view and multiple radiographic views [29], and 2 
studies did not specify the number of views [33,35].

Data extraction

The results of data extraction from the 26 studies included in the final analysis are presented in Table 2. 
The total sample size comprised 9,218 radiographs, with a cumulative total of 124,900 readings. Based 
on the data extracted from Table 2, we calculated sensitivity, specificity, and accuracy, and the final 
results are summarized in Table 3.

Quality assessment

The final results of the risk of bias and applicability assessment are shown in Figures 2 and 3, and this 
process was conducted using Review Manager 5.3.

Figure 1.  The literature screening process for inclusion.
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In the ‘Patient Selection’ domain, 11 studies were rated as ‘Low Risk of Bias’, 6 studies as ‘High Risk of 
Bias’, and 2 studies as ‘High Applicability Concerns’. In the ‘Index Test’ domain, all studies demonstrated 
a ‘Low Risk of Bias’, as readers were blinded to the reference standard when interpreting radiographs, and 
the thresholds were pre-specified. Only Rikke Bachmann’s study [24] was rated as ‘Low Applicability 
Concerns’, while two studies were rated as ‘High Applicability Concerns’. In the ‘Reference Standard’ 
domain, no study showed ‘High Risk of Bias’ or ‘High Applicability Concerns.’ In the ‘Flow and Timing’ 
domain, two studies were rated as ‘High Risk of Bias.’

Table 1. C haracteristics of the included studies.

First Author Year Algorithm or Model Target Condition Sample size
Number of 

readers

Ali Guermazi [29] 2022 Boneview Multi - center fractures 480 24
John R.Zech [30] 2023 Faster R-CNN Wrist fracture 125 4
Mathieu Cohen [31] 2022 Boneview Wrist fracture 647 41
Jae Won Choi [32] 2022 YOLOv 3 Skull fracture 95 5
John R.Zech [33] 2024 Faster R-CNN Extremity fracture 240 7
Alfred P. Yoon [34] 2023 Unknown Scaphoid fracture 15 120
Mathias Meetschen [35] 2024 Boneview Multi - center fractures 200 4
Lisa Canoni-Meynet [36] 2022 Boneview Multi - center fractures 500 3
Nils Hendrix [37] 2022 Unknown Scaphoid fracture 219 5
Toan Nguyen [38] 2022 Boneview Extremity fracture 300 8
Loïc Duron [39] 2021 Boneview Extremity fracture 600 12
ANDREA DELL’ARIA [40] 2024 Boneview Extremity fracture 101 2
Thibaut Jacques [41] 2024 Boneview Extremity fracture 296 23
Marco Keller [42] 2024 Unknown Distal radius fracture 20 22
Rikke Bachmann [24] 2024 RBFracture Extremity fracture 334 15
Jonas Oppenheimer [43] 2023 Boneview Multi - center fractures 1163 2
Justin D. Krogue [6] 2020 DenseNet169 Hip fracture 100 8
Chi-Tung Cheng [44] 2020 DenseNet-121 Hip fracture 200 30
Maria Ziegner [45] 2025 RBFracture Extremity fracture 1672 3
R. Breu [46] 2024 U-Net Distal Radius Fracture 200 11
Sean O’Rourke [47] 2025 Unknown Extremity fracture 240 8
Cato Pauling [48] 2025 Milvue Suite-SmartUrgences Extremity fracture 107 7
Pengyi Xing [49] 2024 Multi-module Collaborative Deep 

Learning Model
Femoral Neck Fracture 200 20

Praveen M Yogendra [50] 2024 RBFracture Multi - center fractures 500 6
Yi Xie [51] 2025 YOLOv8n Tibial Plateau Fracture 400 10
Ana Isabel Hernáiz Ferrer [52] 2025 BoneView, RBFracture Scaphoid Fracture 264 2

Table 2.  The results of data extraction from the 26 studies included in the research.

First Author TP(Without AI) TP(With AI)
FP 

(Without AI) FP(With AI)
FN(Without 

AI) FN(With AI)
TN(Without 

AI)
TN(With 

AI)

Ali Guermazi [29] 3732 4331 543 256 2028 1429 5217 5504
John R.Zech [30] 249 291 27 8 71 29 153 172
Mathieu Cohen [31] 188 217 16 32 59 30 384 368
Jae Won Choi [32] 65 72 60 35 30 23 320 345
John R.Zech [33] 644 721 175 98 196 119 665 742
Alfred P. Yoon [34] 864 1044 132 144 336 156 468 456
Mathias Meetschen [35] 116 154 46 42 84 46 154 158
Lisa Canoni-Meynet [36] 372 486 39 33 192 78 897 903
Nils Hendrix [37] 258 238 96 43 67 87 674 727
Toan Nguyen [38] 880 994 125 116 320 206 1075 1084
Loïc Duron [39] 1274 1429 189 115 526 371 1611 1685
ANDREA DELL’ARIA [40] 58 82 12 12 50 26 82 82
Thibaut Jacques [41] 2383 2600 312 296 1711 1494 2402 2418
Marco Keller [42] 96 120 7 1 4 0 93 119
Rikke Bachmann [24] 1771 1968 484 382 689 492 2066 2168
Jonas Oppenheimer [43] 622 670 46 42 112 64 1546 1550
Justin D. Krogue [6] 376 387 60 41 24 13 340 359
Chi-Tung Cheng [44] 1124 712 350 129 376 38 1150 621
Maria Ziegner [45] 1926 2009 252 206 375 292 2463 2509
R. Breu [46] 880 957 99 55 220 143 1001 1045
Sean O’Rourke [47] 280 315 148 148 200 165 332 332
Cato Pauling [48] 400 418 69 33 55 37 225 261
Pengyi Xing [49] 2750 2937 97 55 450 263 703 745
Praveen M Yogendra [50] 450 273 182 43 130 17 1238 667
Yi Xie [51] 1800 1908 104 30 200 92 1896 1970
Ana Isabel Hernáiz Ferrer [52] 190 432 46 92 72 92 220 440

TP: True Positive; FP: False Positive; FN: False Negative; TN: True Negative; AI: Artificial Intelligence.
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Statistical analysis

The forest plots before and after AI assistance are shown in Figures 4 and 5, and the SROC curves eval-
uating clinicians’ diagnostic performance before and after AI assistance are presented in Figures 6 and 7. 
The pooled sensitivity of clinicians increased from 77%(95%CI:72–81) to 87%(95%CI:83–90) with AI assis-
tance, while pooled specificity improved from 88%(95%CI:85–90) to 92%(95%CI:89–94). The correspond-
ing AUC values were 0.90(95%CI:0.87–0.92) before and 0.95(95%CI:0.93–0.97) after AI assistance. The 
analysis was performed using Stata 12.0.

Results of the paired t-test and Wilcoxon signed-rank test are summarized in Table 4. Sensitivity 
improved by an average of 9.5% (95% CI: 6.8–12.1) with AI assistance (p < 0.001), and specificity improved 
by an average of 3.7% (95% CI: 2.1–5.2) (p < 0.001), both showing statistically significant differences. For 
accuracy, the Z-value was −3.02 with p < 0.05, also indicating a significant difference. These findings 
demonstrate that clinicians with AI assistance achieved higher sensitivity, specificity, and accuracy than 
those without. This analysis was conducted using SPSS 27.0.1.

Among the included studies, three did not report the diagnostic performance (accuracy) of AI alone 
on the test dataset [39,42,49]. Comparing the independent AI performance from the remaining studies 
with that of clinicians without AI assistance using the Wilcoxon rank-sum test, we obtained a Z-value of 
−3.065 and a P-value of 0.002 (<0.05), indicating that the median accuracy of AI alone was significantly 
higher than that of unaided clinicians. This result is consistent with the findings reported by Pengran Liu 
et  al. [53].

Table 3.  The sensitivity, specificity, and accuracy in the included studies with and without AI assistance.
First Author Se(Without AI) Se(With AI) Sp(Without AI) Sp(With AI) Ac(Without AI) Ac(With AI)

Ali Guermazi [29] 0.648 0.752 0.906 0.956 0.777 0.854
John R.Zech [30] 0.778 0.909 0.850 0.956 0.804 0.926
Mathieu Cohen [31] 0.761 0.879 0.960 0.920 0.884 0.904
Jae Won Choi [32] 0.684 0.758 0.842 0.908 0.811 0.878
John R.Zech [33] 0.767 0.858 0.792 0.883 0.779 0.871
Alfred P. Yoon [34] 0.720 0.870 0.780 0.760 0.740 0.833
Mathias Meetschen [35] 0.580 0.770 0.770 0.790 0.675 0.780
Lisa Canoni-Meynet [36] 0.660 0.862 0.958 0.965 0.846 0.926
Nils Hendrix [37] 0.794 0.732 0.875 0.944 0.851 0.881
Toan Nguyen [38] 0.733 0.828 0.896 0.903 0.815 0.866
Loïc Duron [39] 0.708 0.794 0.895 0.936 0.801 0.865
ANDREA DELL’ARIA [40] 0.537 0.759 0.872 0.872 0.693 0.812
Thibaut Jacques [41] 0.582 0.635 0.885 0.891 0.703 0.737
Marco Keller [42] 0.960 1.000 0.930 0.992 0.945 0.996
Rikke Bachmann [24] 0.720 0.800 0.810 0.850 0.766 0.826
Jonas Oppenheimer [43] 0.847 0.913 0.971 0.974 0.932 0.954
Justin D. Krogue [6] 0.940 0.968 0.850 0.898 0.895 0.933
Chi-Tung Cheng [44] 0.749 0.949 0.767 0.828 0.758 0.889
Maria Ziegner [45] 0.837 0.873 0.907 0.924 0.875 0.901
R. Breu [46] 0.800 0.870 0.910 0.950 0.855 0.910
Sean O’Rourke [47] 0.583 0.656 0.692 0.692 0.638 0.674
Cato Pauling [48] 0.879 0.919 0.765 0.888 0.834 0.907
Pengyi Xing [49] 0.859 0.918 0.879 0.931 0.863 0.921
Praveen M Yogendra [50] 0.776 0.941 0.872 0.939 0.844 0.940
Yi Xie [51] 0.900 0.954 0.948 0.985 0.924 0.970
Ana Isabel Hernáiz Ferrer [52] 0.725 0.824 0.827 0.827 0.777 0.826

Se: Sensitivity; Sp: Specificity; Ac: Accuracy; AI: Artificial Intelligence.

Figure 2.  The results of risk of bias and applicability assessment for the 26 included studies.
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In nine studies that reported reading times for clinicians with and without AI assistance, the mean read-
ing time before AI assistance was 41.91 s, and after AI assistance was 34.73 s. The Wilcoxon signed-rank test 
yielded a Z-value of −0.839 with a P-value of 0.402 (>0.05), suggesting that there was no significant differ-
ence in reading time between clinicians with and without AI assistance when interpreting radiographs.

Heterogeneity analysis

The I2 values of the forest plots before and after AI assistance were both greater than 50%, indicating 
substantial heterogeneity among the included studies. Subgroup analysis results showed the following: 

Figure 3.  The results of risk of bias and applicability assessment for the 26 included studies.
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Figure 4.  Results of the forest plot before AI assistance in included studies.

Figure 5.  Results of the forest plot after AI assistance in included studies.
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For sensitivity, the I2 values before and after AI assistance were: BoneView subgroup: 97.49 and 98.68; 
Patients aged ≥18 years: 98.24 and 97.90; Patients aged ≤22 years: 96.54 and 96.83; Extremity fracture 
subgroup: 98.79 and 99.23; Sample size between 100–500: 98.90 and 99.18; Reference standard involving 
clinical information (CT, MRI, etc.): 98.84 and 99.30; Reader number ≤5: 96.79 and 92.44; Reader number 
≥10: 99.41 and 99.65; High risk of bias subgroup: 98.62 and 98.86; For specificity, the I2 values before 
and after AI assistance were: BoneView subgroup: 95.92 and 97.77; Patients aged ≥18 years: 92.99 and 
96.66; Patients aged ≤22 years: 96.94 and 97.51; Extremity fracture subgroup: 97.49 and 98.34; Sample 
size between 100–500: 97.80 and 98.62; Reference standard involving clinical information (CT, MRI, etc.): 

Figure 6.  The performance of clinicians before AI assistance in the included studies.

Figure 7.  The performance of clinicians after AI assistance in the included studies.

Table 4.  The results of paired t-test or wilcoxon signed-rank test for the data included in the study.
Average difference 95%CI t P d

Sensitivity 0.095 0.068;0.121 7.507 <0.001 1.472
Specificity 0.037 0.021;0.052 4.827 <0.001 0.947

Z p
Accuracy −3.020 0.003
AI vs Clinicians −3.065 0.002
Reading time −0.839 0.402

95%CI: 95% confidence interval; AI: Artificial Intelligence.
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96.86 and 96.48; Reader number ≤5: 96.39 and 96.18; Reader number ≥10: 98.82 and 99.33; High risk of 
bias subgroup: 98.07 and 98.76;

The meta-regression analysis indicated that, both before and after AI assistance, lower sensitivity 
might be associated with the use of the BoneView model (pre: 0.69 [0.61–0.76], post: 0.81 [0.74–0.88]) 
and with reference standards involving clinical information (CT, MRI, etc.) (pre: 0.75 [0.68–0.83], post: 0.87 
[0.81–0.93]). Lower specificity was likely associated with extremity fractures (pre: 0.87 [0.84–0.90], post: 
0.91 [0.88–0.94]), high risk of bias (pre: 0.84 [0.79–0.90], post: 0.90 [0.85–0.95]), and reference standards 
involving clinical information (pre: 0.85 [0.80–0.90], post: 0.88 [0.83–0.93]). higher specificity appeared to 
be related to the use of the BoneView model (pre: 0.91 [0.88–0.94], post: 0.92 [0.88–0.96]). Before AI 
assistance, lower sensitivity was also associated with high risk of bias (0.76 [0.68–0.84]); after AI assis-
tance, higher sensitivity was associated with extremity fractures (0.88 [0.84–0.92]) and high risk of bias 
(0.87 [0.81–0.94]).

Publication bias

The results of the funnel plots are shown in Figures 8 and 9. Both before and after AI assistance, the 
P-values were greater than 0.05, indicating that the plots were symmetrical and that there was no evi-
dence of publication bias.

Figure 8. F unnel plot results before AI assistance in the included studies.

Figure 9. F unnel plot results after AI assistance in the included studies.
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Discussion

Our study yielded three main findings. First, the introduction of artificial intelligence (AI) substantially 
improved the diagnostic performance of clinicians, with pooled sensitivity and specificity increasing to 
87% (95% CI: 83–90) and 92% (95% CI: 89–94), respectively, and the AUC rising to 0.95 (95% CI: 0.93–
0.97). Second, AI assistance did not significantly affect clinicians’ reading speed. Finally, AI itself demon-
strated high diagnostic accuracy, with an average standalone accuracy of 87.29%.

In our study, the definition of true positive (TP) was set as ‘all fractures detected on a radiograph’, 
which differs from the conventional criterion adopted in many studies, where detecting at least one 
fracture is considered a true positive. Our definition emphasizes the ‘completeness of clinical diagnosis’, 
as missing any fracture—particularly in emergency fracture screening—may delay treatment and lead to 
long-term functional impairment. Therefore, this definition better aligns with clinical practice needs and 
the safety goals of orthopedic and emergency departments. However, it may result in a lower apparent 
sensitivity compared with standard definitions, since cases with multiple fractures require identification 
of all lesions to be classified as true positives, thus raising the diagnostic threshold. This ‘lower sensitivity’ 
does not reflect a real decline in diagnostic ability, but rather a prioritization of diagnostic comprehen-
siveness under our definition. Consequently, direct comparisons between our results and studies using 
the standard TP definition may underestimate the true efficacy of AI-assisted diagnosis. Future research 
should aim to establish a standardized TP definition framework to ensure consistency and comparability 
across studies.

In the Quality Assessment, eight studies were rated as high risk of bias, and four studies were rated 
as high applicability concerns. Specifically, six studies were rated as high risk of bias in Patient Selection 
[35,37,47,49–51], and two studies were rated as high risk of bias in Flow and Timing [24,44]. These biases 
may have introduced multiple potential effects on the pooled results. In Patient Selection, many studies 
did not include consecutive or randomly selected cases, or included too few complex cases, which may 
have resulted in an overly simplified set of fracture radiographs. Consequently, both the pooled sensitiv-
ity and specificity before AI assistance may have been overestimated, leading to an underestimation of 
AI’s true assisting effect. In Flow and Timing, cases with inconsistent interpretations or loss of readers 
were sometimes excluded, potentially omitting rare cases and introducing response bias (e.g. more 
self-disciplined or AI-interested participants were more likely to complete the experiment). This may have 
caused the pooled sensitivity and specificity after AI assistance to be inflated, thus overestimating the 
effectiveness of AI support.

Future research should aim to minimize bias interference by adopting rigorous random sampling, a 
unified reference standard, and comprehensive experimental design.

Emergency departments face the dual challenge of a continuously increasing number of trauma 
patients and the urgent need to rapidly identify high-risk injuries [54]. Mis-triage of fracture cases may 
lead to severe complications such as neurovascular injury or life-threatening hemorrhage. AI-assisted 
fracture detection provides a transformative solution by enabling rapid and accurate risk stratification, 
thereby optimizing the workflow of emergency triage. The study by John R. Zech et  al. [33] demon-
strated that, with AI assistance, clinicians’ accuracy in reading fracture radiographs improved from 77.9% 
to 87.1%, while the average reading time decreased from 52.1 s to 38.9 s. This improvement can signifi-
cantly enhance patient throughput in emergency departments. In particular, for junior radiologists, AI 
can serve as a ‘second pair of eyes’, helping to avoid under-triage of subtle but clinically significant 
fractures, and improving the overall triage efficiency without compromising diagnostic accuracy.

Fracture misdiagnosis is one of the major types of medical disputes, and the application of artificial 
intelligence (AI) in this field brings both opportunities and new challenges in forensic risk management 
[55]. By providing objective and traceable diagnostic results, AI enhances the accountability of medical 
diagnosis. For instance, if AI correctly identifies a fracture that is subsequently missed by a radiologist, it 
could strengthen the plaintiff’s legal claim. Conversely, if AI also fails to detect an extremely subtle and 
difficult-to-recognize fracture, it could support the defense’s argument regarding the inherent diagnostic 
difficulty. Moreover, AI assistance reduces the number of false negatives (FN), thereby directly decreasing 
the risk of malpractice claims arising from missed diagnoses. However, AI also raises new medico-legal 
questions regarding liability attribution. Globally, there is still no consensus on whether diagnostic errors 
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related to AI should be attributed to the radiologist, the AI developer, or the medical institution [56]. 
Existing legal frameworks, which were developed based on traditional medical models, are often insuffi-
cient to address the complexities introduced by AI. To mitigate these challenges, medical institutions 
should establish clear guidelines for the use of AI, defining the radiologist’s ultimate responsibility for the 
final diagnostic interpretation, while requiring AI developers to disclose the core principles and validation 
datasets of their algorithms. Meanwhile, regulatory authorities should accelerate the development of 
comprehensive legal frameworks that delineate shared responsibilities among clinicians, developers, and 
healthcare institutions.

Although AI-based fracture detection systems using radiographs have demonstrated remarkable clinical 
value, they still face limitations in identifying complex fractures such as occult spinal fractures. Integrating 
AI with other imaging modalities (e.g. CT, MRI, and ultrasound) could overcome the diagnostic bottleneck 
of single-modality systems and further enhance clinical applicability [57]. For example, AI can enable 
cross-modal fusion analysis between radiographs and CT images. In cases where fractures are suspected on 
radiographs but cannot be clearly confirmed, the AI system can automatically link the corresponding CT 
images and accurately localize fracture lines through multi-plane reconstruction techniques.

With the continuous advancement of diagnostic technology, the amount of information contained in 
medical images has increased dramatically. This creates a challenge for radiologists and clinicians, who 
must balance the goal of improving diagnostic accuracy and patient satisfaction with maintaining work-
flow efficiency [58]. The rapid progress of deep learning has brought about a qualitative leap in image 
recognition. For example, the U-Net network, based on deep learning, has become one of the most 
popular architectures for medical image segmentation [59]. VGGNet is widely applied in image classifica-
tion and object detection tasks, effectively identifying both object categories and locations in images 
[60]. ResNet has achieved remarkable results in various computer vision tasks such as image classification 
and semantic segmentation, driving the evolution of deep learning models toward deeper and more 
complex architectures [61]. These advances have made significant contributions to improving the level 
of medical diagnosis [62], demonstrating the potential of deep learning–based medical image analysis to 
be applied in Computer-Aided Diagnosis (CAD) systems. Such systems provide valuable decision support 
for clinicians, enhancing both the accuracy and efficiency of diagnostic and therapeutic processes [58].

To date, numerous AI applications for fracture detection have been developed [20,63,64]. One of the 
most prominent examples is BoneView, developed by Loïc Duron et  al. [39] at Gleamer. They collected a 
dataset of 60,170 radiographs from trauma patients across 22 public hospitals and private radiology 
centers in France between January 2011 and May 2019. The dataset was randomly divided into 70% 
training, 10% validation, and 20% internal testing subsets. The model is a deep convolutional neural 
network built on the Detectron2 framework [65]. The AI system is integrated into radiology software as 
a diagnostic assistance tool that highlights each region of interest (ROI) with bounding boxes and pro-
vides a confidence score for the presence of a fracture within each ROI. With the continuous develop-
ment of artificial intelligence, people are no longer solely focused on model development but have 
gradually gained a new understanding and demand for interpretability. In the field of medical imaging, 
researchers are increasingly using Explainable Artificial Intelligence (XAI) to interpret the results of their 
algorithms. If a method can provide deeper insights into how a neural network makes decisions and/or 
make those decisions more understandable, it can be considered a good explanation [66]. Therefore, it 
is evident that AI-assisted technologies are gradually maturing, and with the rapid advancement of sci-
ence and technology, these technologies will be further optimized.

Among the included studies, only one focused on skull fractures [32]. This is primarily because cur-
rent algorithmic models capable of detecting fractures in the craniofacial region remain underdevel-
oped. And due to the structural complexity of the craniofacial bones, CT imaging rather than 
radiographs is typically preferred for the assessment of head and facial injuries [67]. Among the com-
mon anatomical sites for AI-assisted fracture detection, the hand and foot have shown the highest 
detection accuracy [38,39]. These findings suggest that although AI-based fracture detection on radio-
graphs has achieved considerable progress, it is still far from perfect and has substantial room for 
improvement. For instance, the Grad-CAM function can be used to generate heatmaps based on input 
images, highlighting regions of potential fractures to enhance model interpretability and diagnostic 
precision [68].
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Our study has several limitations. First, we included only English-language studies, which may have 
led to the exclusion of relevant research published in other languages. Second, although our database 
searches initially identified a larger number of studies, some were excluded due to insufficient or unex-
tractable data, increasing the likelihood of missing potentially relevant studies. Third, among all included 
papers, only the study conducted by Rikke Bachmann et  al. [24] employed the most rigorous methodol-
ogy, while the others introduced potential sources of bias that may have affected the accuracy of the 
meta-analytic estimates. Additionally, when searching for relevant studies, we conducted relevant searches 
only in PubMed, Web of Science, and the Cochrane Library, excluding EMBASE, IEEE Xplore, Scopus, and 
other databases, which may have led to the omission of relevant engineering or computer science AI 
studies. Finally, among the included studies, only seven explicitly reported that the proportion of occult 
(subtle) fractures was ≥25% [29,30,34,40,47,49,52]. In real-world clinical practice, such subtle fractures are 
the most likely to be missed in diagnosis. Furthermore, as noted earlier, only one study focused on skull 
fractures [32]. These limitations collectively constrain the generalizability and practical applicability of our 
conclusions.

In conclusion, AI assistance significantly improves the diagnostic accuracy of clinicians in interpreting 
radiographs, with an average accuracy of 87.6%. In future research, to obtain more reliable and general-
izable conclusions, studies should include a sufficient number of patients and adopt more rigorous and 
standardized methodologies. For example, during radiograph reading sessions, clinicians could be 
restricted to a fixed time limit to better simulate the urgency and time constraints encountered in 
real-world clinical practice. Additionally, providing clinicians with more detailed patient information 
would help to recreate realistic diagnostic contexts. Establishing a more refined reference standard is also 
essential, as it would allow for the possibility that AI systems could even surpass human experts in spe-
cific diagnostic tasks. However, AI can never function independently of clinical practice—it is designed 
to serve and assist clinicians, not to replace them. Therefore, future algorithmic development and 
AI-based applications should prioritize user–clinician interaction, focusing on simplifying operational 
workflows and ensuring seamless integration into clinical routines, thereby enhancing both diagnostic 
efficiency and clinical usability.
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