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Abstract 

Background: Artificial intelligence is used to detect and characterize abnormalities in 

diagnostic imaging and to support clinical interpretation. Technical performance does not 

always translate into patient benefit. 

Aim: To evaluate applications of artificial intelligence (AI) in diagnostic imaging, focusing on 

diagnostic performance, collaboration with clinicians, and limitations of clinical 

implementation. 

Methods: To identify recent articles on the use of artificial intelligence in diagnostic imaging, 

the PubMed database was searched. Only English-language publications were included. 

Results: AI algorithms have promising capabilities for detecting and characterizing 

abnormalities in mammography, radiography, computed tomography, magnetic resonance 

imaging, and ultrasonography. In selected settings, they improve sensitivity, support 

segmentation, and reduce interpretation workload. However, they do not consistently improve 

specificity, time to intervention, or patient outcomes. The clinical evidence varies in 

methodological quality and representativeness. 
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Conclusions: AI should primarily be considered a decision-support technology rather than an 

autonomous replacement for clinical judgment. Wider adoption requires external validation, 

workflow-based evaluation, and ongoing safety monitoring. 

Keywords: artificial intelligence, diagnostic imaging, radiology, deep learning, computed 

tomography, magnetic resonance imaging, ultrasonography, mammography. 

 

 

 

 

 

Streszczenie 

Tło: Zastosowanie sztucznej inteligencji w diagnostyce obrazowej obejmuje wykrywanie i 

charakteryzowanie zmian oraz wspomaganie pracy lekarzy. Skuteczność techniczna 

algorytmów nie zawsze przekłada się na korzyści kliniczne. 

Cel badań: Ocena zastosowań sztucznej inteligencji (AI) w diagnostyce obrazowej, ze 

szczególnym uwzględnieniem skuteczności diagnostycznej, współpracy z lekarzami i 

ograniczeń wdrożeń klinicznych. 

Metody: W celu wyłonienia aktualnych artykułów dotyczących wykorzystania sztucznej 

inteligencji w diagnostyce obrazowej przeszukano bazę danych PubMed. Uwzględniono 

wyłącznie publikacje anglojęzyczne.  

Wyniki: Algorytmy AI wykazują obiecujące możliwości wykrywania i charakteryzowania 

zmian w mammografii, RTG, TK, MRI i USG. W części zastosowań poprawiają czułość 

rozpoznania, wspomagają segmentację i ograniczają obciążenie odczytami. Nie zawsze jednak 

zwiększają swoistość, skracają czas do interwencji lub poprawiają wyniki leczenia. Dowody 

kliniczne różnią się jakością i reprezentatywnością. 

Wnioski: AI należy rozpatrywać przede wszystkim jako narzędzie wspomagające decyzje 

medyczne. Jej upowszechnienie wymaga walidacji zewnętrznej, oceny w codziennym 

przepływie pracy i monitorowania bezpieczeństwa. 

Słowa kluczowe: sztuczna inteligencja, diagnostyka obrazowa, radiologia, głębokie uczenie, 

tomografia komputerowa, rezonans magnetyczny, ultrasonografia, mammografia. 
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Introduction 

Diagnostic imaging plays a fundamental role in diagnosing and monitoring many diseases. It 

includes conventional radiography (X-ray), computed tomography (CT), magnetic resonance 

imaging (MRI), ultrasonography (US), and specialized breast and cardiac imaging techniques. 

The growing number of examinations, the complexity of the resulting data, and staffing 

constraints have increased the need for tools that can make image analysis more efficient 

without compromising patient safety. In their review, Lawrence and colleagues described 

artificial intelligence as a technology that can support the detection of abnormalities, image 

interpretation, and workflow organization. At the same time, they emphasized that the evidence 

for benefits in real-world clinical settings remains inconclusive [1]. 

 Artificial intelligence encompasses various computational approaches, including machine 

learning, deep learning, convolutional neural networks, and natural language processing. In 

image analysis, these methods are used, among other things, to detect, locate, segment, and 

classify abnormalities and to estimate disease risk. Tools supporting procedural planning, image 

reconstruction, and navigation have also been studied in interventional radiology. These 

applications extend beyond simply identifying abnormalities in an acquired image [2]. 

 The performance of AI algorithms is assessed using measures such as sensitivity, specificity, 

and the area under the receiver operating characteristic curve (ROC). These measures describe 

classification performance, but they do not, by themselves, establish that introducing a system 

will reduce incorrect clinical decisions, unnecessary examinations, or delays in treatment [1] 

[3]. 

A Literature Review 

Screening mammography is one of the best-studied applications of AI. The randomized MASAI 

trial, which involved more than 80,000 women, compared AI-supported image reading with 

standard assessment by two radiologists. In the AI group, 244 cancers were detected, compared 

with 203 in the control group, corresponding to 0.61% and 0.51% of examinations, respectively. 

However, the difference in cancer detection was insufficient to establish the superiority of either 

approach. False-positive results accounted for 1.5% in both groups, while the number of 

readings performed by radiologists decreased by 44.3%. Further examinations were 

recommended for 2.2% of women in the AI group and 2.0% in the control group. Among the 

detected cancers, 184 were invasive in the AI-supported group, compared with 165 after 
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standard double reading. However, this was a preliminary safety analysis, without complete 

follow-up of cancers diagnosed between screening rounds [5]. 

The possibility of replacing one of the two radiologist readings with an AI assessment was also 

examined in the ScreenTrustCAD study, involving 55,581 women. Combining the assessment 

of one radiologist with an independent AI reading detected 261 cases of breast cancer, whereas 

standard assessment by two radiologists identified 250. AI used alone identified 246 cancers, 

and a total of 269 cases were detected when the findings of all three readers were considered. 

These results confirmed that replacing one radiologist reading with AI did not reduce breast 

cancer detection in the screening program studied. All comparisons were based on the same 

mammograms, so the differences were not attributable to unequal numbers of patients in three 

separate groups [6]. 

However, not all studies have reported the same performance for standalone algorithms. A 

meta-analysis of 16 publications comprising more than 1.1 million mammographic and 

tomosynthesis assessments found that AI detected suspicious abnormalities more effectively 

than radiologists in some comparisons, but more often incorrectly classified images from 

healthy individuals as abnormal. Results also differed between studies in which clinicians and 

algorithms interpreted the same images and historical analyses of screening programs. The 

combined material included 497,091 women, although the algorithms were not all evaluated 

using the same imaging technique or under comparable conditions [7]. In practice, this means 

that detecting more abnormalities does not necessarily lead to fewer unnecessary additional 

examinations. 

Different benefits were observed in a study of two groups of 1,579 mammograms each. Using 

AI to support interpretation increased the specificity of radiologists' assessments from 91.6% 

to 96.0%, while the proportion of examinations classified as abnormal decreased from 9.2% to 

4.9%. At the same time, a similar number of cancers was detected in both groups, at 8.9 cases 

per 1,000 examinations [8]. Thus, in this application, the algorithm primarily helped reduce 

incorrect abnormal findings rather than increase the number of diagnosed cancers. A further 

review of 47 breast imaging studies, covering mammography, ultrasonography, and magnetic 

resonance imaging, confirmed that the effect of AI on sensitivity and specificity depends on the 

imaging method, the radiologist's experience, and how the system is used. In some publications, 

increased detection was accompanied by reduced specificity, while in others AI assistance 

produced no clear change in overall diagnostic accuracy [9]. 
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Artificial intelligence has also been evaluated as a screening tool for tuberculosis on chest X-

rays. In an analysis of certified products, the average sensitivity was 90.3% and specificity was 

52.6%. This means that the algorithms identified a substantial proportion of people with 

tuberculosis but also relatively often flagged individuals in whom the disease was not 

confirmed. Differences between products were considerable: qXR achieved a sensitivity of 

94.4% and a specificity of 69.2%, Lunit INSIGHT achieved 85.3% and 64.6%, respectively, 

and CAD4TB achieved 91.7% and 37.1%. A positive image-analysis result therefore could not 

replace further microbiological testing. The review included 10 studies, with data from eight 

used in the pooled analysis. Such large differences in specificity show that the choice of product 

affects how many people are referred for confirmatory testing [10]. 

In chest computed tomography, an important task is not only to detect a pulmonary nodule but 

also to determine whether it may be malignant. A review of 17 externally validated studies 

analyzed data from 8,553 individuals and 9,884 pulmonary nodules. Deep learning models 

showed greater sensitivity in identifying malignant lesions than unaided clinical assessment, 

with comparable specificity of 77% for AI and 81% for clinicians. The comparison concerned 

the risk of malignancy in nodules already detected on CT, rather than the automatic 

identification of all lung abnormalities [11]. Comparisons of CT readings performed with and 

without algorithmic assistance also showed that AI can increase nodule detection, although 

sometimes at the cost of more false-positive results. Assistance yielded more favorable results 

when assessing the malignancy of previously detected lesions. It was therefore important to 

distinguish between using an algorithm to locate a small lesion and using it to help a clinician 

assess a nodule that had already been identified [12]. 

Detecting more abnormalities does not always translate into a better subsequent diagnostic 

process. An assessment of 27 studies of software for analyzing pulmonary nodules on CT found 

that these systems could increase detection and shorten image interpretation time, but might 

also lead to more frequent referrals for follow-up CT examinations. All included studies were 

judged to have a high risk of bias, and the available data did not clearly demonstrate 

improvements in long-term health outcomes or the cost-effectiveness of implementation [13]. 

Another application is the detection of pulmonary embolism on CT pulmonary angiography. A 

review of 12 studies covered more than 341,000 analyzed images in total. One of the evaluated 

models detected approximately 88–91% of embolism cases, although small abnormalities in 

the pulmonary vessels were particularly difficult to identify. The limited number of studies 

conducted outside the centers where the algorithms were developed made it difficult to 
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determine their performance in routine clinical practice. In some studies, false-positive findings 

occurred even when embolism detection was good, potentially increasing the number of images 

requiring additional review by a physician [14]. 

In neuroradiology, AI is used, among other applications, to detect brain tumors on magnetic 

resonance images. An analysis of 19 studies involving approximately 12,000 patients found a 

sensitivity of 87% for tumor detection at the patient level and 86% at the level of individual 

lesions. Algorithms also helped automatically delineate tumor boundaries, although the quality 

of these results varied according to tumor type, MRI scanner, and image-processing method. In 

some studies, models analyzing three-dimensional images achieved better detection results than 

two-dimensional approaches. However, the accuracy of tumor boundary delineation was not 

equivalent to the ability to detect the tumor itself [15]. 

The use of AI for detecting intracranial hemorrhage has also been studied in brain CT. A meta-

analysis of 36 publications found an average sensitivity of 89% and specificity of 91%. Good 

results were also obtained when automatically delineating the area of hemorrhage, which may 

facilitate assessment of its extent. The positive predictive value was 92% and the negative 

predictive value was 94%, indicating favorable results both for identifying suspected 

hemorrhages and for ruling them out in the samples assessed [16]. These figures demonstrate 

good performance in identifying abnormalities on images, but do not in themselves establish 

that treatment can begin sooner. 

The importance of this distinction is evident in studies of systems supporting acute stroke 

management. Software analyzing brain CT can assist in identifying ischemic changes, vessel 

occlusions, and cases requiring urgent assessment. However, a review of the available studies 

did not provide sufficient evidence that using such tools improves treatment outcomes or 

produces definite cost savings [17]. Similarly, in an analysis of 2,306 patients, an AI system for 

intracranial hemorrhage detection flagged 288 examinations as positive, and 82.3% of these 

findings were correct. Despite automatically prioritizing suspicious images, the system did not 

produce a significant reduction in time to urgent intervention [18]. 

  

Good diagnostic performance has also been reported for the automatic detection of fractures on 

X-rays. A meta-analysis of 100 studies found that the average sensitivity of AI algorithms was 

approximately 91% and specificity approximately 92%. AI performance was similar to that of 

clinicians, although experienced radiologists were less likely to incorrectly diagnose a fracture 

in some comparisons. Results also varied by injury location, so a single performance estimate 
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cannot be applied to every bone. Detailed data suitable for estimating performance were 

available from 83 of the 100 included publications. Separate assessments of individual 

anatomical sites indicated that the difficulty of detecting a fracture also depends on its 

appearance and location [19]. 

Similar findings were reported in a review of 66 studies on fracture detection. Image-based 

models achieved a sensitivity of 92% and specificity of 91%, whereas systems using tabular 

data alone achieved 81% and 83%, respectively. For hip fracture detection, sensitivity was 92% 

and specificity was 90%. Spinal and hip imaging were the most frequently studied areas, with 

20 and 18 studies, respectively, although these two locations do not represent the full range of 

injuries [20]. Together, these findings indicate that direct image analysis is particularly 

important in trauma diagnosis, while performance still depends on the type of fracture being 

assessed. 

Not all commercially available systems achieve similar results. A review of 17 studies 

evaluating seven commercial products included 38,978 X-rays, of which 8,150 showed 

fractures. Four of the five systems assessed independently detected more than 90% of fractures, 

whereas one detected fewer than 60%. Rib and spinal fractures proved particularly difficult to 

assess. In some studies, combining clinical interpretation with AI improved results compared 

with the algorithm operating alone. Some studies of products funded by their manufacturers 

reported better detection performance, highlighting the importance of independent evaluation 

of commercial systems [21]. 

The diagnosis of hip fractures and the prediction of outcomes after surgery were also evaluated 

separately. In a review of 39 studies, 18 examined fracture detection and 21 addressed the 

prediction of postoperative outcomes. The average sensitivity of the diagnostic models was 

89.3% and specificity was 87.5%. However, no clear advantage of AI over clinicians was 

demonstrated in terms of incorrect diagnoses. Similarly, for predicting outcomes after surgery, 

more advanced algorithms did not achieve markedly better results than traditional statistical 

methods [22]. 

In ultrasonography, artificial intelligence is used primarily to distinguish benign from malignant 

lesions. A review of 52 studies involving focal liver lesions found that some models achieved 

performance comparable to that of experienced physicians. However, the studies differed in 

lesion type, image quality, and methods used to verify their results, making it difficult to 

identify a single level of performance across all applications. This applied both to conventional 

ultrasound imaging and to contrast-enhanced ultrasound [23]. 
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In contrast-enhanced liver ultrasonography, 41 studies were analyzed, with reported lesion 

classification accuracy ranging widely from 58.6% to 98.9%. In 25 studies, the algorithms 

analyzed images that had already been selected or annotated by a person. High performance on 

individual frames may therefore not translate into equally good results when interpreting an 

entire examination in real time [24]. These differences demonstrate the importance of how 

imaging data are prepared. 

The potential of AI to support cancer diagnosis has also been assessed in ovarian 

ultrasonography. A meta-analysis of 14 studies covering 15,358 images found a sensitivity of 

81% and specificity of 92% for distinguishing malignant from nonmalignant lesions, using 

histopathological examination as the reference standard [25]. In pancreatic imaging, researchers 

have examined algorithms capable of identifying subtle changes on CT even before a clinical 

cancer diagnosis. The available studies suggested that these systems could detect suspicious 

features earlier and assist with segmentation and disease staging. However, they did not 

establish a single reliable performance estimate for this entire group of applications or confirm 

their performance in prospective studies [26]. 

In cardiac imaging, AI is used for image reconstruction, identification of anatomical structures, 

automated measurements, and diagnostic support. A statement from international scientific 

societies emphasized that individual solutions are at different stages of implementation, ranging 

from experimental tools to those already used clinically. Their usefulness should therefore be 

evaluated separately for computed tomography, magnetic resonance imaging, and specific 

diagnostic tasks. Particular attention is needed regarding the safety of image reconstruction, 

measurement quality, and the protection of patient data [27]. 

  

One of the larger studies of cardiac magnetic resonance imaging developed a system for 

screening and diagnosing 11 groups of cardiovascular diseases. The screening stage was 

evaluated using data from 9,719 patients and the diagnostic stage using data from 8,066 

individuals. The algorithm achieved very high performance in distinguishing the diseases 

studied and outperformed the cardiologists included in the comparison when identifying 

pulmonary arterial hypertension. The data came from eight centers using scanners from three 

manufacturers, although these results cannot be generalized to all AI systems used in cardiology 

[28]. 

In echocardiography, algorithms assist with recognizing imaging views, delineating cardiac 

chambers, and performing measurements that would normally require manual analysis by a 
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clinician. A review of available studies indicated that these tools may reduce differences 

between observers and partially automate interpretation. However, the results depended on the 

quality of the recorded images, and no single performance measure could be provided for all 

echocardiographic applications. Unlike detecting a single abnormality, measuring cardiac 

structures requires reproducible results across different views and examination conditions [29]. 

A comparison of the publications discussed shows that the benefits of artificial intelligence vary 

according to the purpose of the examination. In mammography, detecting cancer while limiting 

unnecessary recalls is important; in fracture imaging, the accurate diagnosis of an injury is the 

main goal; and in brain CT, the speed of reporting findings and initiating treatment also matters. 

For this reason, good image-based performance should not be equated with a demonstrated 

improvement in patient outcomes [5][18][19]. 

False-positive results also remain an important limitation. In tuberculosis screening, high 

sensitivity was accompanied by low specificity in some systems, while in pulmonary nodule 

assessment, increased detection could lead to more frequent follow-up of benign lesions 

[10][13]. In addition, incomplete reporting of model development methods, insufficient 

external validation, and differences between equipment manufacturers make it difficult to 

predict an algorithm's performance in a new center [4][15][24]. 

Current findings support the use of AI as an aid to clinicians in selected diagnostic tasks. Before 

wider implementation, however, further studies are needed to assess not only the accuracy of 

abnormality detection but also the number of unnecessary examinations, time to treatment, 

patient safety, and the costs of the entire diagnostic pathway [1][3][17][27]. 

Conclusions 

Artificial intelligence is highly useful in selected diagnostic imaging tasks, particularly the 

detection and classification of abnormalities in mammography, X-ray, CT, MRI, and 

ultrasonography. However, performance depends on the examination type, patient population, 

reference standard, and specific algorithm [7][15][16][19][24][25][28]. 

In selected settings, AI assistance can increase the sensitivity of clinical assessment, improve 

the reproducibility of measurements, and reduce the number of readings performed by 

radiologists. Prospective studies of screening mammography provide particularly valuable 

evidence of feasibility, but their results should not automatically be generalized to other fields 

[5][6][8][12][21]. 

A high proportion of correctly identified abnormalities does not automatically translate into 

improved treatment outcomes. In one study, implementing a system for detecting intracranial 
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hemorrhage did not significantly shorten the time to intervention, while in pulmonary imaging, 

increased detection may be accompanied by more follow-up examinations [13][18]. 

The main limitations of the current evidence include methodological heterogeneity, insufficient 

external validation, incomplete reporting of models, the risk of false-positive findings, and a 

lack of adequate data on long-term clinical consequences and costs [1][4][13][23][24]. 

AI should primarily be regarded as a tool that supports clinicians. Its safe and widespread 

adoption requires multicenter prospective studies, assessment of its impact on the entire 

diagnostic process, monitoring of errors, and a clear definition of responsibility for medical 

decisions [2][3][9][27]. 
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