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Does Artificial Intelligence Improve Outcomes in Hand Surgery Practice? : A Systematic Review and Meta Analysis


ABSTRACT
INTRODUCTION: The application of Artificial intelligence (AI) and Machine learning (ML) in hand surgery has rapidly become a powerful and emerging field with a promising patient-care reputation. This study aims to compare the diagnostic performance of AI with that of an experienced hand surgeon in terms of accuracy, specificity, and sensitivity in detecting hand injuries 
METHODS: A systematic literature search of PubMed, Web of Science, Scopus, and Google Scholar databases was conducted.
RESULTS: The initial search yielded 9,317 articles. Only nine (9) articles were included in the final review with a 45,778-sample size after the application of the inclusion/exclusion criteria.
The result indicated no statistical significance of the application of AI and ML in hand surgery as compared to experienced surgeons in terms of accuracy (OR=0.947, 95% CI 0.552- 1.624; p= 0.844), sensitivity (OR=0.678, 95% CI 0.354- 1.289; p= 0.234) and specificity (OR=1.260, 95% CI 0.525- 3.022; p= 0.604).
CONCLUSION: There was no significant difference in accuracy, sensitivity, and specificity between an expert surgeon and AI or ML in hand surgery. Thus, Artificial intelligence can also be utilized in diagnosing hand surgery, however since artificial intelligence is an evolving field, further calibration will be required for its improved diagnostic value.
KEYWORDS- Artificial Intelligence, AI, Machine Learning, Hand Surgery.
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[bookmark: Page_2]INTRODUCTION
There is a significant global burden of musculoskeletal trauma in low and middle-income countries, of which hand injuries present as the commonest owing to the rise in industrialization and machine dependency [1,2]. Hand injuries consist of about 29% of all injuries treated in an emergency, according to studies, scaphoid fractures comprise a considerable portion, with a mean annual incidence of 1.5 to 4.3 per 10,000 patients [3– 5]. These hand injuries occur mostly in younger individuals who are physically active and are characterized by non-union in about 12% to 50% of cases, pain, deformity, carpal collapse, degenerative arthritis, and loss of function [6–8]. There is also evident complication of infections and gangrene in low and middle-income countries [1].
Plain radiographs remain the primary diagnostic approach for the diagnosis of hand trauma especially scaphoid fractures. It is usually evaluated by an experienced radiologist or orthopedist but in low and middle-income countries or busy healthcare settings where experienced medical experts may be unavailable, these hand traumas are being managed by non-specialist physicians, especially in emergency departments where prompt decision-making is needed, this only account for high chances of missing out some fractures or making inaccurate identification of fractures on radiographic film, which can negatively affect patient management, and also cause delayed detection and inappropriate immobilization may complicate other conditions which are not favorable to the patients [1,9–11]. These errors in the interpretation of hand fractures have been shown to account for 41 to 80% of all reported cases of diagnostic errors in emergency departments [10,12,13]. The burden of hand injuries not only includes the resultant disability but the economic burden in terms of direct health care cost, and indirect productivity cost which equates to the monetary value of productivity lost due to injury. A study by putter et. Al revealed with productivity costs (56%) outweighing direct health cost [14].
Early detection and appropriate immobilization are necessary for effective management of hand injuries [15]. Unfortunately, in many low-income countries, this does not hold owing to a lack of skilled medical experts, and few available in the healthcare settings are

[bookmark: Page_3]being overwhelmed. Hence, developing new artificial intelligence or machine learning technologies, that are easily accessible and can assist non-specialist physicians in the early, accurate, and efficient detection of fractures on plain radiography is important [3,16]. Deep learning, a subset of artificial intelligence (AI) has evolved successfully in the analysis and interpretation of pathological images with the aid of convolutional neural networks (CNNs) [17–19]. CNN uses a convolution filter to input images and generates an array of maps useful in summarizing and ranking the output. CNN can be trained to detect a useful feature automatically, also its efficiency can be enhanced by modifying the layouts of the network or by increasing the amount and diversity of the dataset [15].
Previous studies show that the clinical performance of experienced surgeons can be compared to AI, in evaluating several fractures. According to the stud y done by Kuo et al, [20], the pooled sensitivity of AI is 92%, and the specificity is 91% in internal validation compared to Clinicians with the pooled sensitivity of 91% and 92% ,while for external validation test, the pooled sensitivity and specificity were both 91% for AI compared to pooled sensitivity and specificity of each 94% for clinicians, respectively in detecting several fractures. However, little is known on how artificial intelligence improves outcomes in hand surgery practices.
In a study done by Suen K. et al [21], the pooled sensitivity and specificity for AI in detecting scaphoid fractures were 0.85 and 0.83 respectively, while human experts exhibited 0.71 and 0.93 respectively. These findings underscore the potential of AI to enhance fracture detection and improve clinical workflow. In another study done by Brenac C. et al [22], most studies reported AI performing as or better than surgeons but with poorer specificity especially in occult scaphoid fractures.
However, in a recent retrospective study by Ramadanov N. et al on AI guided distal radial fracture detection shows accuracy, specificity and sensitivity of AI to be 95.90%, 98.45% and 92.02% respectively, and that of an experienced surgeon to be 95.1%, 97.8% and 91.5% respectively. The marginal differences in sensitivity and specificity in this







[bookmark: Page_4]study suggesting that AI can reliably be used in clinical fracture assessment. Which highlights AI role in augmenting human expertise rather than replacing it.[23]
Thus, this meta-analysis aims to compare with empirical evidence the diagnostic performance of AI in terms of accuracy, specificity, and sensitivity in detecting hand injuries compared with that of an experienced hand surgeon.
An experienced hand surgeon is on that meets that meets any of the following criteria: Successful completion of a residency program, typically in orthopedic surgery, plastic surgery, or general surgery, lasting 5–7 years and completes a hand surgery fellowship, typically a 1-year accredited program focusing on hand and upper extremity surgery. Extensive hands-on experience in managing a high volume of hand and upper extremity cases, including surgical and non-surgical treatments.
Obtain board certification in a primary specialty (orthopedic surgery, plastic surgery, general surgery or subspecialty board certification in hand surgery















METHODOLOGY
A primary search yielded 9,317 articles. Our study was conducted based on The Cochrane Collaboration standard and the Preferred Reporting Items for Systematic Reviews and Meta-Analyses, (PRISMA) used for the reporting.
Search strategy
A comprehensive literature search was conducted in PubMed, Web of Science, Scopus, and Google Scholar databases independently by two researchers to identify studies comparing the accuracy, sensitivity, and specificity of AI or machine learning with an experienced surgeon in the diagnosis of hand surgery from 2018 to 2023.
The search strategy combined the following terms: ("Artificial intelligence" OR "AI" OR "machine learning" OR "Deelpearning") AND ("hand surgery" OR "hand surgeries" OR "upper limb surgery" OR "upper limb reconstruction" OR "hand operation")
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("Artificial intelligence" [MesH Terms]) AND ("hand surgery*" [MesH Terms])


Literature screening was done by reading the title and abstract and as well a text review for studies that were not sure they met the inclusion/exclusion criteria.

Study selection and screening
Studies satisfying the following criteria were included (1) comparing AI or Machine learning with an expert surgeon in terms of accuracy, sensitivity, and specificity (2) All studies within 2018 to 2023, (3) studies in the English language, (4) published in peer- reviewed journals, (5) Human studies
Exclusion criteria included: (1) Non-Peer-reviewed journal articles such as Editorials, commentaries, case reports, and perspectives (2) All studies conducted before 2018 (3) studies in other languages aside from English languages, (3) Duplicate studies or studies reporting similar data from the same research group (4) Non-Human studies (5) Studies that do not compare accuracy, sensitivity, and specificity of AI with that of an expert surgeon in hand surgery.
For the articles that met the eligibility criteria, full text was reviewed. A third author resolves any disagreement between the two authors.



Data extraction
Data was extracted manually by two independent review authors, and the required information was summarized using an extraction table in Microsoft Excel software. The data extraction table for each outcome contained: the authors of the study, year of publication, sample size, confidence interval, and P-value.
The primary outcome measures include diagnostic accuracy, sensitivity, and specificity for each AI and Expert surgeon.

[bookmark: Page_6]Quality assessment
Two review authors independently assessed the risk of bias using the Cochrane risk of bias tool (RoB- 2 tool), bias that may arise from the randomization process, intended intervention, missing outcome, measurement of the outcome, and selection of the reported result are visualized using Robvis. The Grading of Recommendations, Assessment, Development, and Evaluation (GRADE) tools and the Assessing the Methodological Quality of Systematic Review (AMSTAR) tools were used to assess the overall quality of the review.



Statistical analysis
The confidence interval values were extracted for each outcome measure where available. The Comprehensive Meta-analysis (CMA) software was used to analyze the outcomes for Diagnostic accuracy, Diagnostic sensitivity, and Diagnostic specificity. Statistical tools used were the random-effects model and results were presented in mean effect size, odds ratio, and confidence intervals (95%). Heterogeneity results (assessed by I2) were calculated to present variations among the included studies. Individual studies and the respective pooled estimate of the effect size were represented graphically using a forest plot. Egger's regression asymmetry test assesses small study bias or publication bias.
p-value < 0.05 was categorized as Statistically significant for all tests.


Protocol registration
The research was registered under the international prospective register of systematic reviews (PROSPERO) with registration number- CRD42024559165.



RESULTS
The selection process was done using Preferred Reporting Items for Systematic Reviews and Meta-analyses (PRISMA) flow diagram Figure 1 –shows a primary search yielded 9,317 articles. After the duplicates were excluded a total of 9259 articles were initially screened by title and abstract, out of which only 33 articles were retrieved for full-text evaluation. At a full-text stage, 24 studies were excluded using exclusion criteria. Finally,

[bookmark: Page_9]9 studies were selected of which 2 articles were for qualitative synthesis and the final 7 articles were for quantitative synthesis.
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	Figure 1: Prisma Flow Diagram







Table 1- Diagnostic Accuracy
	

	
	
Diagnostic
	
	Diagnostic
Accuracy
	
	

	Sample
Study	Year	Size
	Accuracy
Of AI
	
CL
	Of Expert
Surgeon
	
CL
	
P-Value

	davif	2019	2340
	93%
	90-96%
	94%
	91-96%
	<0.001
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Langerhuizen
	
	
	
	
	
	
81-
	

	et al
	2020
	300
	72%
	60-84%
	84%
	88%
	

	ShanlinChen
	
	
	
	82-
	
	79 -
	

	et al,
	2022
	600
	88%
	95%
	86%
	93%
	0.804

	Takeshi
	
	
	
	90 -
	
	92.4 -
	

	Suzuki, et al
	2022
	961
	99.30%
	96%
	96.7
	98.6
	0.046


CI= Confidence interval, AI= Artificial intelligence


















Table 2- Diagnostic Specificity

	
	Diagnostic
	

	
	Specificity
	

	
	
	
	Diagnostic
	
	Of An
	

	
	
	Sample
	Specificity
	
	Expert
	

	Study
	Year
	Size
	Of AI
	CI
	Surgeon
	CI
	P-Value

	Robert
	
	
	
	92.9-
	
	85.3-
	

	Lindsey et al
	2018
	34,900
	94%
	94.9
	88%
	89.5
	

	Kaifeng Gan
et al
	
2019
	
2340
	
96%
	
93-99
	
95%
	
91-98
	
0.009

	David W G
Langerhuizen
	
	
	
	
0.46-
	
	
0.93-
	

	et al
	2020
	300
	60%
	0.74
	93%
	0.99
	<0.01

	ShanlinChen
et al,
	
2022
	
600
	
94%
	
87-100
	
96%
	
90-100
	
1

	Takeshi
	
	
	
	95.1-
	
	90.8-
	

	Suzuki, et al
	2022
	961
	100.00%
	100
	97.30%
	99.3
	0.157

	Emre Ozkaya
	2022
	390
	92%
	0.808-
	98%
	0.894-
	<0.001
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Yoon, Alfred.
P et al	2023	15
76%
0.72-
0.80
78%
0.74-
0.81

CI= Confidence interval, AI= Artificial intelligence



Table 3- Diagnostic Sensitivity





Sample






Diagnostic Sensitivity



Diagnostic Sensitivity Of An Expert

Study	Year

Size

Of AI	CI

Surgeon	CI	P-Value


	Robert
	
	
	
	89.3-
	
	76.7-

	Lindsey et al
	2018
	34,900
	92%
	92.9
	81%
	84.1

	Kaifeng Gan
et al
	
2019
	
2340
	
90%
	
85-95
	
93%
	
89-97	0.007

	David W G
Langerhuizen
	
	
	
	
0.74-
	
	
0.70-

	et al
	2020
	300
	84%
	0.94
	76%
	0.82	0.29

	ShanlinChen
et al,
	
2022
	
600
	
82%
	
71-93
	
76%
	
64-88	0.549

	Takeshi
	
	
	
	92.8-
	
	88.9-

	Suzuki, et al
	2022
	961
	98.70%
	99.8
	96.00%
	98.6	0.083

	Emre Ozkaya
	
	
	
	0.618-
	
	0.733-

	et al
	2022
	390
	76%
	0.869
	86%
	0.942	<0.001

	Yoon, Alfred.
	
	
	
	0.85-
	
	0.69-

	P et al
	2023
	15
	87%
	0.89
	72%
	0.74


 CI= Confidence interval, AI= Artificial intelligence

Table 4- SUMMARY OF TABLE FINDINGS
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Yoon, Alfred. P et al	A survey-based experiment concluded that CNN
assistance improves physician diagnostic sensitivity and specificity as well as an inter-observer agreement for the diagnosis of occult scaphoid fractures (between February 2022 to March 2022)

Kaifeng Gan et al	observational study concluded that the CNN model
shows diagnostic ability similar to that of orthopedists and a performance superior to that of radiologists in distinguishing AP wrist radiographs with DRFs from normal images under limited conditions between January 2010 and September 2017


David W G Langerhuizen et al

in retrospective study shows Deep learning algorithm suggests that it has trouble identifying scaphoid fractures that are obvious to human observers


Shanlin Chen et al,	An observational study Indicated that the
convolutional neural network’s performance was similar to the majority vote of surgeons in scaphoid fractures between 2010 to 2020 in China
Robert Lindsey et al	a retrospective study showed that a deep learning
model can be trained to detect wrist fractures in radiographs with diagnostic accuracy similar to that of senior subspecialized orthopedic surgeons from
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Emre Ozkaya et al	in a retrospective study concluded that Missed
scaphoid fracture rates were higher in physicians without sufficient experience in hand surgery than CNN.

Takeshi Suzuki, et al	a retrospective study showed the feasibility of a CNN
for accurate detection of DRF on wrist radiographs and showed comparable or better diagnostic capabilities than hand orthopedic surgeons under the same conditions from 2012 to 2019
Table 5.Study characteristics

Four studies in the review reported data for Diagnostic accuracy. All four studies showed AI (intervention) can be compared with Expert surgeons (control) in hand surgery. The pooled results showed Odd ratio of 0.947 with a 95% confidence interval of 0.552- 1.624 (p= 0.844).


	Meta Analysis	
Study name		Statistics for each study	Odds ratio and 95% CI Odds Lower Upper
ratio	limit	limit Z-Value p-Value
Kaifeng Gan et al	1.183 0.937 1.494	1.411	0.158
David W G Langerhuizen et al	2.042  1.371  3.041	3.511	0.000
Shanlin Chen et al,	0.838  0.598  1.174  -1.029	0.303
Takeshi Suzuki, et al	0.293  0.142  0.606  -3.309	0.001
Pooled	0.947  0.552  1.624  -0.197	0.844
Prediction Interval	0.947  0.080 11.197
0.01	0.1	1	10	100

Favours A	Favours B

Meta Analysis

[bookmark: Page_14]Figure 2:Forest Plot (Random Effects Model) for Diagnostic accuracy (egger’s test, p- value = 0.513)Log odds ratio
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The Z-value is -0.197 with p = 0.844, The Q-value is 24.836 with 3 degrees of freedom and p < 0.001, the I-squared statistic is 88% and the Tau-squared, the variance of true effect sizes, is 0.254 in log units.
Seven studies review reported data for Diagnostic specificity. All seven studies Showed AI (intervention) can be compared with an Expert surgeon (control) in hand surgery. The pooled results showed odd ratio of 1.260 with a 95% confidence interval of 0.525- 3.022 (p= 0.604).
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Study name
Statistics for each study
Odds Lower Upper
ratio	limit	limit  Z-Value p-Value
Odds ratio and 95% CI
Robert Lindsey et al Kaifeng Gan et al
David W G Langerhuizen et al Shanlin Chen et al,
Takeshi Suzuki, et al Emre Ozkaya et al Yoon, Alfred. P et al Pooled
Prediction Interval
0.468  0.443  0.494 -27.191
0.792  0.599  1.045  -1.647
8.857  5.372 14.604	8.549
1.532  0.902  2.601	1.579
0.016  0.001  0.269  -2.879
4.152  1.884  9.149	3.532
1.120  0.204  6.140	0.130
1.260  0.525  3.022	0.518
1.260  0.065 24.553
0.000
0.100
0.000
0.114
0.004
0.000
0.896
0.604
0.01	0.1	1	10	100
Favours A	Favours B
Meta Analysis

Figure 3: Forest Plot (Random Effects Model) for Diagnostic specificity (Egger’s test, p- value = 0.513)Log odds ratio
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The Z-value is 0.518 with p = 0.604, The Q-value is 194.283 with 6 degrees of freedom and p < 0.001 I-squared statistic is 97%, and the Tau-squared, the variance of true effect sizes, is 1.135 in log units.


Seven studies in the review reported data for Diagnostic sensitivity. All seven studies

[bookmark: Page_16]Showed AI (intervention) can be compared with an Expert surgeon (control) in hand surgery. The pooled results showed Odd ratio of 0.678 with a 95% confidence interval of 0.354- 1.289 (p= 0.234).
	Meta Analysis	
Study name



Robert Lindsey et al
Statistics for each study
Odds Lower Upper
ratio  limit	limit Z-Value p-Value
0.371  0.354  0.389 -41.366	0.000
Odds ratio and 95% CI
Kaifeng Gan et al	1.476  1.198  1.818	3.662	0.000
David W G Langerhuizen et al 0.603  0.402 0.906  -2.436	0.015
Shanlin Chen et al,	0.695  0.525  0.920  -2.544	0.011
Takeshi Suzuki, et al	0.242  0.119  0.494  -3.897	0.000
Emre Ozkaya et al	1.940  1.342  2.804	3.524	0.000
Yoon, Alfred. P et al	0.384  0.059  2.518  -0.997	0.319
Pooled	0.676  0.354  1.289  -1.189	0.234
Prediction Interval	0.676  0.071  6.453
0.01	0.1	1	10	100

Favours A	Favours B
Meta Analysis

Figure 4:Forest Plot (Random Effects Model) for Diagnostic sensitivity (Egger’s test, p- value = 0.155)
[image: ]
Graph 2- Funnel plot showing asymmetry, suggesting possible publication bias.
The Z-value is -1.189 with p = 0.234, The Q-value is 250.135 with 6 degrees of freedom and p < 0.001, The I-squared statistic is 98%, and the Tau-squared, the variance of true effect sizes, is 0.662 in log units.

[image: ]



[bookmark: Page_17]Figure 5: Risk of Bias

According to McGuinness and Higgins, 2021
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Hand injuries are on the rise due to the high rate of road traffic accidents, dependency on machines, terrorism, conflicts and men in their 20s were mostly involved [1,24]. The global incidence of hand trauma is estimated to be 178.9 (95% UI 145.8 to 216.8) age- standardized hand and wrist fractures per 100 000 individuals, 24.1 per 100 000 individuals for thumb amputations and 56.0 per 100 000 individuals for non-thumb digit amputations [24]
Conventional radiographs remain the first-line method in detecting hand injuries especially those of scaphoid fractures. However, plain radiography presents a diagnostic challenge due to the high chances of misinterpretation of fractures by clinicians, influenced by several factors like fatigue, and lack of well-experienced medical personnel which is a major problem in low and middle-income countries. Misinterpretation of hand injuries in radiographs delays the identification of these injuries which might get complicated with several pathological conditions which can be avoided if artificial intelligence or machine learning is utilized in their diagnosis. Therefore, this study aimed to compare the accuracy, specificity, and sensitivity of AI or ML with an expert Surgeon in the management of hand injuries.
For accuracy of AI compared with an experienced surgeon, four studies in the review reported the data. From the forest plot for accuracy, it is shown that each of the study made use of a higher sample size with good precision. The intervals from studies done by Kaifeng Gan et al and shanlin Chen et al crossed the line of no effect as well as the pooled result signifying there is no statistically significant difference (p -value=0.513) in AI diagnostic accuracy compared with that of an expert surgeon. The mean effect size is 0.947 with a 95% confidence interval of 0.552 to 1.624. This agrees with the work of Olczak et al, [25] the accuracy of the AI model in evaluating several fractures of the wrist, hand, and ankle radiographic projections corresponds to that of two senior
[bookmark: Page_19]orthopedic surgeons. According to the work of Suen et al [20], AI and human have comparable diagnostic accuracy, especially for distal radius fractures.
In specificity of AI compared with an experienced surgeon, seven studies in the review reported the data.
From the forest plot for specificity, it is shown that the pooled interval crossed the line of no effect signifying that there is no statistically significant difference (p -value=0.513) in AI diagnostic specificity compared with that of an expert surgeon. The mean effect size is
1.260 with a 95% confidence interval of 0.525 to 3.022. In addition, most of the studies identified that an experienced surgeon is slightly more specific when compared with AI. This is in keeping with study done by Brenac C. et al where of most studies reported AI performing as or better than surgeons but with poorer specificity especially in occult scaphoid fractures.[22]
For sensitivity of AI compared with an experienced surgeon, seven studies in the review reported the data. The forest plot for sensitivity shows that the pooled interval crossed the line of no effect signifying that there is no statistically significant difference (p - value=0.155) in AI diagnostic specificity compared with that of an expert surgeon.
However, the mean effect size is 0.676 with a 95% confidence interval of 0.354 to 1.289. Most of the studies identified that AI is more sensitive when compared with an experienced surgeon.
Publication bias analyzed with funnel plots and Egger test (figure2-4) indicates that there is no statistically significant evidence of publication bias and observed effect sizes is due to the effect of the variable being studied rather than publication bias.
In addition, the heterogeneity of the 7 included studies showed variance in true effects rather than sampling error, indicating a high degree of heterogeneity among the effect sizes of the included studies, with I-squared statistics of 88%, 97% and 98% respectively for accuracy, specificity and sensitivity.
From our studies in figure 2-4, the pool summary of Diagnostic accuracy, sensitivity and specificity of AI or ML compared with an expert surgeon suggests that AI or ML showed the same capabilities of an experienced surgeon and can as well serve as an alternative

[bookmark: Page_20]diagnostic tool in some regions of the world burdened with the dearth of trained hand surgeons such as in low and middle-income countries. A study in 2017 revealed that although high income countries had the highest reported standardized age incidence of hand injuries, however, there has been a substantial decline in the incidence of hand injuries in these countries over the last 27 years; 9%, 12% and 9% decrease in hand and wrist fractures, thumb amputations and non-thumb amputations respectively [24]. During the same period of time low- and middle-income countries have experienced an increase in the incidence of hand injuries; 26%, 20% and 23% increase in hand and wrist fractures, thumb and non-thumb amputation respectively [24].
This underscores the importance of accurate and timely diagnosis of hand injuries especially in countries with paucity of trained hand surgeons. This is buttressed by a study conducted in Nigeria that sighted lack of fellowship training opportunities in hand subspecialty and unavailability of hand surgeons as a major challenge to hand surgery practice [26]. Another similar study surveying 39 Sub Sharan African countries sighted lack of adequate and timely diagnosis (74%), late referral (77%) and inadequate physical and occupational rehabilitation therapy (77%) as common reasons for poor outcome with hand injuries [27].
Our study reveals Convolutional neural networks (CNN) have almost similar performance in terms of accuracy, specificity and sensitivity in diagnosis of hand trauma when compared to experienced surgeons. This can be capitalized on to obliviate the problem of inaccurate and timely diagnosis in low- and middle-income countries by training less experienced doctors to use this model.
Previous studies also show there is improved diagnostic performance and timely detection of several hand fractures when physicians are assisted with CNN in making the diagnosis according to Yoon et al and Lindsey et al, [28,29]. Our studies also agree with the work of Olczak et al, [30] the accuracy of the AI model in evaluating several fractures of the wrist, hand, and ankle radiographic projections corresponds to that of two senior orthopedic surgeons and according to the work of Suen et al [21], AI and human have comparable diagnostic accuracy, especially for distal radius fractures, and In the

[bookmark: Page_21]detection of scaphoid fractures, the experienced surgeon was similarly sensitive but more specific. Convolutional neural networks (CNN), which is one of the deep learning technologies, also show superiority in diagnosing hand traumas compared to plain radiography especially when trained and modified with large datasets.

This finding is important because aside from timely diagnosis of these traumas, there are also advantages of minimizing any further complications, associated with hand injuries, however, there is a need for more attention and testing to improve the ability of AI to localize the fractures [25].
CONCLUSION
The findings in this study is significant because it shows that the utilization of artificial intelligence and its subset in healthcare practices will improve patient care and as well as benefit healthcare professionals from low and middle-income countries in the management of complex cases of hand injuries, especially in emergency cases when a specialist physician is not within the reach of the hospital. However, since artificial intelligence is an evolving field, further calibration will be required for its improved diagnostic value, and future large-scale studies must be carried out before it is approved for routine clinical management of patients.



Limitations of our study
Despite the advantages of AI or ML in diagnosing hand injuries as proposed by our studies, its clinical usefulness in this study was limited by certain factors which include first, all the selected patient samples in this study were readily available and searchable, hence there is a possibility that some radiograph were selected in favor and or against the other. Secondly, specialists in hand surgery might have experienced such patterns of fractures along his/her course of training and practices in the past which gives them an edge in this study, so there are possibilities that the diagnostic value of CNN, a deep learning technology in detecting these fractures, might be likely higher.
Third, most of the data sets are relatively small to conclude the diagnostic accuracy, sensitivity, and specificity of AI in diagnosing hand injuries, hence a larger dataset and worldwide coverage are necessary to conclude the usefulness of AI or ML in the detection of fractures in the hand.
Finally, the difference in exposure and training of hand surgeons varies from countries to another other hence may influence how the radiographs are interpreted, as against artificial intelligence such as CNNs.
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