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We are at the dawn of a new era of artificial intelligence 
(AI)–augmented chest radiography. With explosive 

developments in deep learning, large language models 
(LLMs), and multimodal vision-language foundation 
models, AI is poised to transform the field and the role of 
radiologists in profound ways. Already, AI algorithms can 
detect a variety of chest radiograph findings with perfor-
mance comparable to or exceeding that of human radiolo-
gists. These results are so impressive that some are ques-
tioning if AI will replace humans altogether. The question 
we should be asking, however, is a different one: How can 
radiologists and AI work together to create a system greater 
than the sum of its parts (1,2)?

The Promise of AI 
Studies have demonstrated AI’s ability to detect diverse 
chest radiograph findings, including pneumonia, lung 
nodules, pneumothorax, tuberculosis, and many others 
(3–5). In a study of lung nodule detection on digital chest 
radiographs from the National Lung Screening Trial, for 
example, AI outperformed radiologists, with a sensi-
tivity of 96.0% versus 88.0% and specificity of 93.2% 
versus 82.8% (6). Progress rapidly accelerated during 
the COVID-19 pandemic, as AI was shown to detect, 
quantify, and predict outcomes of COVID-19 pneumo-
nia (7). Moving forward, deep learning algorithms might 
be used to identify and triage normal chest radiographs 
when there aren't enough radiologists to keep up with the 
workload (8,9). AI can assess image quality and improve 
lesion conspicuity by bone suppression. It can rapidly 
identify malpositioned tubes, lines, and cardiac devices. 
It can quantify chest radiograph abnormalities. It can of-
fer prognoses (7,10,11). It can even extract new forms 
of information from chest radiographs not visible to the 
human reader (10,12,13).

AI even offers new chest radiograph screening oppor-
tunities, including the estimation of lung cancer risk to 
triage patients for CT lung cancer screening (13). Oppor-
tunistic screening with chest radiographs has been used 
to predict type 2 diabetes (14), osteoporosis, sarcopenia, 
cardiovascular disease, and chronic obstructive pulmo-
nary disease, as well as a patient’s future health care ex-
penses (12), all-cause mortality, and mortality from lung 

disease (10,11). All of these uses of AI stand to benefit 
individual and population health.

Meanwhile, there have also been improvements in 
natural language processing. LLMs have the potential 
to extract data from electronic health records, review the 
entire medical literature in an instant, and draft informa-
tion-rich and individualized reports. Vision transformer–
based neural networks have been trained to integrate such 
nonimaging data with chest radiographs for more accu-
rate diagnoses (15). Together, these can add substantial 
clinical value to chest radiograph reports, which would 
be prohibitively time-consuming for radiologists already 
inundated with data.

Chest radiography is the most frequently performed 
imaging examination worldwide, yet it is prone to errors 
primarily from missed findings, such as pulmonary nod-
ules (16). The problem is exacerbated by waning skill in 
the art of interpreting chest radiographs, as the focus of 
the field has shifted toward more advanced techniques like 
CT or MRI. Some of these errors result in serious patient 
harm. AI stands to increase accuracy while improving ef-
ficiency—prioritizing urgent cases, speeding up interpreta-
tion and overall turnaround time, and saving radiologists 
from the growing existential threats of work dissatisfaction 
and burnout.

Autonomous Chest Radiograph Interpretation 
by AI Is Premature
Between the rapid progress of AI and the ever-growing 
workload of radiologists, there is increasing motivation to 
let AI take the reins. Indeed, there may be particular cir-
cumstances where the benefits of autonomy outweigh the 
risks, especially for underserved populations. The World 
Health Organization, for instance, supports the use of 
autonomous chest radiograph screening for tuberculosis 
in settings where the disease is rampant and radiologists 
are scarce (17). Triaging and interpretation of normal 
chest radiographs (8,9) and those stable from prior ex-
aminations (18) are other emerging applications of what 
we might call “narrow autonomous AI”: limited, specific 
use cases without human supervision. In one study, AI 
confidently classified 28% of normal chest radiographs as 
such; while 10 of the 130 chest radiographs classified as 
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normal by AI had findings, only one was actionable (8). More 
generally, though, we are far from deploying “totally autono-
mous AI”—interpretation of all chest radiographs without a 
human in the loop (19,20).

To start, we need more rigorous testing of algorithms with 
prospective, pragmatic, real-world clinical trials in diverse set-
tings to assure robust generalizability, lack of biases, and a high 
level of accuracy and reliability. Such testing should include chest 
radiographs with subtle findings, atypical manifestations of com-
mon diseases, rare diseases, and complex cases. It should also in-
clude normal chest radiographs with a range of ages and normal 
variants mimicking disease. Ideally, the reference standard used 
should not only be the radiologist’s interpretation but a superior 
standard that includes cross-sectional imaging or follow-up. All 
of this is necessary to ensure that these algorithms do not miss 
any actionable findings. We also need to carefully consider test-
ing design. In trying to determine whether an AI qualifies for 
autonomy, current studies often test to see if it can outperform 
a human radiologist. But this is the wrong metric. Rather, we 
should compare the AI with and without the assistance of the 
radiologist. If the AI alone falls short of the human-AI pair, then 
it hasn’t met a strict standard for autonomy. Whether it should 
be used as such anyway is a matter of benefit versus risk.

Currently, protocols to evaluate the safety and effectiveness 
of autonomous AI for chest radiograph interpretation are still 
evolving as regulatory agencies collaborate with expert radiolo-
gists to develop methodologies of approval. We need continuous 
postmarket surveillance and monitoring of U.S. Food and Drug 
Administration–cleared models to detect performance drift (19). 
We need systems in place for compliance with regulatory, legal, 
ethical, and privacy standards. We need careful studies of the 
application of LLMs to electronic health records (21). Last, we 
need value-based AI reimbursement strategies and randomized 
clinical trials to assess the impact of AI on patient outcomes.

The fact is, algorithm performance in standalone research 
settings may not translate to diverse, real-world clinical care set-
tings, where patient demographics, imaging acquisition param-
eters, and disease prevalence can vary widely (22). Even within 
the same data set, algorithm performance is not always repro-
ducible (23). Many of the algorithms do not utilize lateral chest 
radiographs or prior examinations, which are essential compo-
nents of a complete chest radiograph interpretation. Moreover, 
the ground truth used in training AI chest radiograph algorithms 
frequently has semantically inconsistent and overlapping labels 
with a mixture of radiographic findings and diagnoses, such as 
“consolidation,” “pneumonia,” and “opacity.”

AI models still make errors (24). They can be biased, unpre-
dictable, and at times nonsensical. A chest radiograph founda-
tion model built from more than 800 000 images showed poorer 
performance in female and Black patients (25). LLMs are known 
to fabricate and “hallucinate.” Lacking common sense, genuine 
understanding, reasoning, and intuition, AI algorithms are par-
ticularly susceptible to getting it wrong when faced with novel 
or rare cases. Even the most “comprehensive” multiclass algo-
rithms (4) are trained on far fewer than the nearly 300 potential 
chest radiograph findings and nearly 3000 chest disorders (26). 
These need improvement; but no matter how well-trained the 

algorithms are on past data, the world is always changing. New 
diseases and new therapies inevitably arise, bringing unforeseen 
pulmonary manifestations with them. AI needs to prove itself 
capable of using drift detection methods, now under develop-
ment, to know when to retrain on more recent data. It needs 
to show that it can adapt to unexpected changes and variations 
in imaging technique before we can consider letting it interpret 
chest radiographs without our help.

In contrast to narrow autonomy, which may be inevitable, 
achieving totally autonomous AI is highly unlikely. Even if we 
could, it doesn’t mean we should. The urge for autonomy comes 
from a fundamental misunderstanding of what radiologists do. 
Radiologists don’t just detect findings. They don’t just integrate 
those findings with clinical history, prior examinations, labora-
tory data, and more to arrive at differential diagnoses and assess 
interval change, all tasks that multimodal AI models (15,27) 
may eventually be able to do. Rather, human radiologists assess 
the clinical significance of the findings. They use their medical 
judgment, intuition, common sense, and contextual knowledge 
to synthesize it all into a coherent picture. Beyond a mere list of 
findings, they provide meaning. They can elaborate on the basis 
for their conclusions, answer questions, and engage in conversa-
tion; they can even change their minds. In contrast, while an 
algorithm may be able to output more than a hundred abnor-
malities, it is unable to contextualize them, which can be anx-
iety-producing for patients and time-consuming for clinicians 
trying to sort through the AI results.

Completely autonomous AI would be not only imprudent, 
but unsustainable. Trainees would fail to develop skills in chest 
radiograph interpretation. Without replenishing a steady pool 
of experienced radiologists, we would lose the very expertise on 
which AI trains and thrives.

By setting total autonomy as a benchmark for AI, we not 
only raise unnecessary fears of radiologists being replaced, but 
also obscure the real path forward. We’ve been drawn into a bi-
nary mindset, pitting human against machine. In doing so, we’ve 
missed the deeper point: There are cases where an AI can outper-
form a human, and vice versa, but, if it’s done right, neither the 
AI nor the radiologist can outperform a human-AI partnership 
(1,3,9,28).

The Need for Human-AI Symbiosis
More than 60 years ago, J.C.R. Licklider, a pioneer in com-
puter science, proposed the notion of human-computer sym-
biosis (29). He predicted that through cooperation, humans 
and AI together would give rise to a new form of intelligence. 
More recently, “human-centered AI” has emerged as a practical 
paradigm for human-AI collaboration (30). Human-centered 
AI seeks to maximize machine automation but with human 
control and oversight. Applying the goals of human-centered 
AI and symbiosis to the design and implementation of AI in 
chest radiography will help ensure that AI remains safe, reli-
able, and trustworthy (30).

There are fundamental differences in human cognition and 
computer-based intelligence. Radiologists come to the work-
station with real-world wisdom, understanding, and common 
sense, not to mention creativity, empathy, and flexibility. AI 
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systems come with pattern recognition, a vast memory, blazing 
processing speed, and the ability to manipulate huge amounts of 
data without ever stopping for lunch. Humans can be distracted 
or tired. AI systems can be confused by a lack of context or a 
biased training set.

These contrasting strengths and weaknesses yield the power 
of human-AI symbiosis. Radiologists can correct AI’s mistakes, 
and AI can alert radiologists to pending missteps, improving one 
another through continuous and mutual feedback. The key is 
to maximize the differences. When there is too much overlap 
between human and AI errors, the benefits of symbiosis are lost. 
In the worst-case scenario, co-interpretation, even with human 
experts, can bring down the performance of AI, which has been 
shown for pulmonary nodules on chest radiographs (5). Alterna-
tively, overreliance on AI, known as automation bias, can ham-
per the performance of the radiologist. More often, human and 
AI errors diverge, such as when an AI mistakes an obvious skin 
fold for a pneumothorax or a fatigued radiologist misses a lesion. 
In such cases, each partner will strengthen the other. Together, 
they can not only boost detection accuracy (3,9,20,28) but cre-
ate a new form of collective intelligence.

How can we optimize this symbiosis for chest radiography? 
We can take a lesson from chess. According to chess grandmaster 
Garry Kasparov, the best predictor of a winning human-AI pair 
is not the expertise of the player nor the sophistication of the 
AI but the strength of their strategy for working together (31). 
For radiology, the key to human-AI integration will be well-
designed, nondisruptive user interfaces and collaborative AI-
radiologist workflows (28). These must include AI explainabil-
ity techniques, which provide clues to the basis for the model’s 
decisions, confidence levels for predictions (32,33), and editing 
functions to allow radiologists to immediately modify erroneous 
results. The AI, for instance, will display a warning signal when 
suspecting human error or an alert when its own confidence lev-
els are low. (Uncertainty quantification methods, which allow AI 
models to provide such confidence levels for their predictions, 
are being actively investigated.) This can allow the symbiotic sys-
tem to determine who should be the dominant reader: AI for 
clear-cut cases and radiologists for those about which AI is un-
certain (28). Systems then need to be in place to provide ground 
truth feedback to the human-AI pair. With the right interface 
and workflow, we can harness the enormous benefits of AI for 
chest radiography while minimizing the dangers. In their sym-
biotic interaction, the radiologist and AI each can end up better 
than they might have been on their own (Table).

Coevolution of AI and Radiologists toward 
Improved Patient Care
As AI evolves, so too will the radiologist. In the coming years, 
radiologists will find themselves working in a reimagined diag-
nostic cockpit (2), increasingly interpreting chest radiographs 
and other imaging studies in symbiotic partnership with AI. 
While AI models are trained to maximize detection or classifi-
cation accuracy, the AI-human symbiotic pair must be trained 
to maximize patient care. After all, the human truly at the cen-
ter of human-centered AI is the patient. AI is key to lessening 
workloads and turnaround time, but it is up to radiologists to 
use this gained time for more direct engagement with patients 
and with referring clinicians (34).

If radiologists proactively adapt and evolve together with AI, 
we will not be replaced; we’ll be rescued. With less time devoted 
to routine tasks, radiologists will be able to reclaim the role they 
were always meant to have: that of the caring and supportive 
physician (34,35). Symbiosis with AI will allow radiologists to 
be less like machines and more human.
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Key Points for Human-AI Symbiosis

Developments in deep learning, large language models, and  
multimodal vision-language foundation models have  
positioned AI to transform chest radiography and the role  
of radiologists in profound ways

AI can already extract new forms of information and detect a 
diverse range of chest radiograph findings, with performance 
comparable to or exceeding that of human radiologists, raising 
fears that radiologists will be replaced

While narrow autonomous AI—the unsupervised use of AI in  
limited, specific scenarios where benefits outweigh the  
risks—is emerging, totally autonomous AI, in which AI  
would interpret all chest radiographs without a human in  
the loop, is highly unlikely

By setting total autonomy as a benchmark for AI, thus pitting 
human against machine, we miss the deeper point: There may 
be cases where an AI can outperform a human, and vice versa, 
but when done right, neither the AI nor the radiologist can 
outperform a human-AI partnership

Human-AI symbiosis—not totally autonomous AI—should be 
the goal for AI in chest radiography

Together with the principles of human-centered AI, human-
AI symbiosis can harness the vast potential of AI for chest 
radiography while helping to ensure that AI is safe, reliable, 
and effective

We can maximize the power of human-AI symbiosis by  
designing user interfaces and collaborative workflows that play 
to the complementary strengths and weaknesses of human 
cognition and AI

If radiologists proactively adapt and evolve together with AI, we 
will not be replaced but rescued; symbiosis with AI will lessen 
workloads and provide more time for direct engagement with 
patients and referring clinicians—allowing radiologists to be 
less like machines and more human

Note.—AI = artificial intelligence.
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