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Abstract

Introduction: Artificial intelligence (Al) is becoming an increasingly important part of healthcare,
especially as a tool to support clinical decision-making. Electrocardiogram (ECG) is a routine but
critical task in medical practice, making it a strong candidate for Al assistance. While Al models
like GPT-40 have shown strong accuracy in diagnosing ECGs, there’s still little real-world
evidence on how they actually influence doctors’ decisions during interpretation. This study
aims to close that gap by examining how GPT-4o affects clinicians’ diagnostic accuracy when
reading ECGs.

Methods: We carried out a controlled study using a questionnaire-based design with 25
physicians at different levels of experience: 10 cardiologists, 10 experienced internists, and 5
less experienced internists. Each participant reviewed the same set of 50 ECG cases twice, first
on their own and then with GPT-40’s diagnostic suggestion for each case. The cases included 20
everyday ECGs, 20 more challenging ones, and 10 extra, challenging ECGs cases where the Al
provided an intentionally incorrect suggestion to test whether it could lead physicians into
making errors. For each case, physicians recorded their initial diagnosis and had the option
revising it after seeing the Al’s suggestion. We compared diagnostic accuracy with and without
Al assistance across experience levels and case difficulty, and we also tracked how often
participants changed their answers. Statistical tests were used to validate whether these
differences were significant.

Results: GPT-40 achieved an accuracy of 72.5% on the ECG cases. With Al assistance, diagnostic
accuracy improved for all physician groups. Cardiologists improved from 81.6% without Al to
84.8% with it. Experienced internists saw their accuracy rise from 63.4% to 73.8%, while less
experienced internists improved from 43.2% to 55.6%. The biggest improvement was seen in
the most difficult cases, where less experienced internists jumped from 38% to 75% with Al
support. Overall, physicians mostly used Al to fix their initial mistakes, wrong-to-right answer
changes outnumbered right-to-wrong changes by about 4:1. However, in cases with deliberately
misleading Al suggestions, less experienced internists were completely misled, with their
accuracy dropping to 0% in those cases due to overreliance on the Al. However, in cases where
the Al gave intentionally incorrect suggestions, less experienced internists were fully misled,
dropping to 0% accuracy due to overreliance. All improvements in accuracy were statistically
significant (p < 0.05), although the size of the benefit varied depending on experience level.

Conclusion: GPT-4o significantly improved ECG interpretation accuracy across all physician
groups, with the biggest gains seen among less experienced clinicians. Even senior doctors saw
modest benefits. However, the study also highlights the risk of automation bias when the Al was
wrong, less experienced physicians were especially prone to follow its suggestions, leading to
major drops in accuracy. These findings show that while Al like GPT-40 can be a valuable
diagnostic aid, it must be used with caution.

Keywords: Artificial Intelligence, Large Language Models, OpenAl, GPT-40, Electrocardiography,
Diagnostic Accuracy, Human-Al Interaction, Clinical Decision-Making, Al co-pilot
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GLOSSARY

Al co-pilot: Refers to the concept of an Al system acting as a “co-pilot” alongside a human expert
in decision-making. In this thesis, it describes Al (like GPT-40) assisting clinicians in interpreting
ECGs, providing suggestions and analysis while the human remains the final decision-maker. An
Al co-pilot is intended to handle routine tasks or offer a second opinion, augmenting human
capabilities rather than replacing them.

Arrhythmia: Any abnormal heart rhythm. This broad term covers irregularities in the heartbeat’s
rate or pattern, ranging from benign extra beats to serious conditions like fibrillation or
tachycardia. Arrhythmias can affect blood flow and are often diagnosed via ECG tracings by
identifying irregular wave patterns.

Artificial intelligence: A field of computer science focused on creating machines or software that
can perform tasks requiring human-like intelligence. These tasks include learning from data,
recognizing patterns, making decisions, and predicting outcomes. In healthcare, artificial
intelligence (often abbreviated Al) is used for tasks like interpreting medical images or signals
and supporting clinical decisions through pattern recognition and data analysis.

Atrial fibrillation: A common cardiac arrhythmia characterized by rapid, irregular beating of the
atria (the heart’s upper chambers). It results in an erratic pulse and inefficient blood flow,
increasing the risk of stroke and other complications. On an ECG, atrial fibrillation (abbreviated
AF) shows an absence of distinct P waves and an irregularly irregular QRS rhythm.

Augmented intelligence: Also known as the “team advantage,” this concept refers to the
enhanced performance achieved when humans and Al work together compared to either alone.
Rather than Al replacing human intelligence, augmented intelligence emphasizes Al as a tool
that complements and extends human decision-making. For example, a doctor and an Al
assistant together may catch diagnostic details or errors that one might miss individually, leading
to improved accuracy.

Automation bias: The tendency to trust and rely too heavily on automated systems or Al
suggestions, even when they may be wrong. In a clinical setting, automation bias can cause a
clinician to accept an Al’s diagnosis or advice without sufficient scrutiny, potentially overriding
their own correct judgment. This bias is especially risky if the Al output is incorrect, as it can lead
to diagnostic errors due to overreliance on the technology.

Bias (Al): In the context of Al, bias refers to systematic errors or unfairness in the model’s
outputs caused by prejudices or imbalances in the training data or algorithms. Al bias can
manifest as favoring certain groups (e.g., along racial or gender lines) or consistently
misrepresenting information. In healthcare, biased Al could lead to unequal or incorrect
recommendations if not addressed through careful training and validation.

Optimizing Cardiology Diagnostic Accuracy via Synergistic Al-Human Integration
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Black box (Al): A term describing Al systems (especially deep learning models) whose internal
decision-making processes are not transparent or easily interpretable to humans. When an Al is
a “black box,” it produces outputs (e.g., a diagnosis or prediction) without providing insight into
how it arrived at that result. This lack of explainability can hinder trust, as clinicians may be
hesitant to accept recommendations if they cannot understand the rationale behind them.

Cardiologist: A physician specialized in cardiology, the branch of medicine dealing with the heart
and circulatory system. Cardiologists have advanced training in diagnosing and treating heart
conditions and are experts in interpreting ECGs and other cardiac tests. In this thesis,
cardiologists (with 15-25 years of experience) represent the most experienced group in ECG
interpretation, serving as a benchmark for expert-level performance.

Chi-square test: A statistical test used to compare observed frequencies to expected frequencies
in categorical data, to see if there is a significant difference or association. In this thesis, chi-
square tests (x2) were used to analyze categorical outcomes like the distribution of answer
changes. A large chi-square statistic with a low p-value indicates that the differences in
frequencies (for example, how often different groups changed their answers) are unlikely due
to chance alone.

Confidence interval: In statistics, a confidence interval (Cl) is a range of values, derived from
sample data, that likely contains the true population value for a given measure with a certain
level of confidence (often 95%). For example, a 95% confidence interval of [0.4, 0.8] for an
improvement in accuracy means we can be 95% sure the true improvement lies between 40%
and 80%. If a Cl for a difference does not include zero, that difference is considered statistically
significant (since zero would mean no difference).

Conformal prediction: A machine learning framework that produces predictions along with a
measure of confidence in the form of prediction sets. Instead of giving a single answer, a
conformal prediction model might output a set of possible diagnoses with associated confidence
levels that the true answer lies within that set. This approach aims to provide calibrated
uncertainty estimates for instance, listing a few likely diagnoses for an ECG along with
probabilities to help users gauge how much to trust the Al’s output and reduce overconfidence
in any single suggestion.

Deep learning: A subset of machine learning that uses artificial neural networks with multiple
layers (hence “deep”) to learn complex patterns from large amounts of data. Deep learning has
driven many advances in Al, particularly in image and signal interpretation. In the context of this
thesis, deep learning models have been used to interpret ECG waveforms and can achieve
expert-level accuracy in specific tasks (such as rhythm classification) by automatically learning
features from the data.

Differential diagnosis: The process of compiling a list of potential conditions that could explain
a patient’s symptoms or findings, then narrowing it down to the most likely one. Clinicians use
differential diagnoses to consider various possibilities before arriving at a final diagnosis. Al tools
can assist by suggesting diagnoses that a clinician might include in their differential. For example,
given an ECG and symptoms, the differential diagnosis might include several cardiac conditions,
and an Al could help ensure no important possibility is overlooked.
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Differential privacy: A technique in data science and Al designed to protect individual data
points when aggregating or analyzing data. Differential privacy adds a controlled amount of
noise to data or query results, so that the output does not reveal specifics about any one
individual, thus preserving confidentiality. In the thesis context, approaches like differential
privacy (along with federated or swarm learning) are discussed as ways to train Al models on
sensitive medical data (like patient records or ECGs) without compromising patient privacy.

ECG telemetry: Continuous monitoring of a patient’s heart electrical activity (ECG) in real time,
often used in hospital settings (like an intensive care unit or telemetry ward). ECG telemetry
allows for ongoing observation of heart rhythms to catch transient arrhythmias or ischemic
changes that might occur between routine checks. An Al co-pilot integrated with ECG telemetry
could analyze these continuous streams and alert clinicians to subtle or intermittent
abnormalities that require attention.

ECGphobia: An informal term referring to the anxiety or lack of confidence that some medical
trainees or non-cardiology doctors feel about interpreting electrocardiograms. ECG
interpretation is complex, and “ECGphobia” captures the intimidation or fear of misreading
ECGs. The thesis mentions this concept to highlight why decision support tools (like Al assistants)
are appealing — they could help less experienced clinicians overcome their uncertainty by
providing guidance or confirmation when reading ECGs.

Effect size: A quantitative measure of the magnitude of a result or difference, independent of
sample size. Unlike a p-value, which only tells if an effect is statistically significant, an effect size
indicates how large or meaningful that effect is in practical terms. Examples include Cohen’s d
for difference in means, ¢ (phi) for chi-square tests, or n? (eta-squared) for variance explained.
In the study, large effect sizes (e.g., Cohen’s d around 1.0 or higher) indicated that Al assistance
had a very strong impact on improving accuracy or altering outcomes, beyond just being
statistically significant.

Explainability (Al): The degree to which an Al system can provide understandable explanations
for its decisions or predictions. High explainability means the model can reveal why it gave a
certain output (for example, highlighting which ECG features led to a diagnosis or providing
reasoning in natural language). Explainability is important for trust — clinicians are more likely to
trust and effectively use an Al assistant if they can follow its line of reasoning. The thesis
discusses the “black box” problem: many Al models (like deep neural networks) lack
explainability, which can be a barrier to their adoption in clinical practice.

False confirmation: A scenario in human-Al interaction where both the human and the Al
independently lean toward the same incorrect conclusion, thereby reinforcing each other’s
confidence in that wrong answer. For example, a physician might initially choose an incorrect
diagnosis and then see an Al suggestion that echoes the same incorrect choice. This
“confirmation” can falsely boost the clinician’s confidence that the wrong answer is correct,
since both human and Al agree. False confirmation is dangerous because it can cement a
mistake, making the duo of human+Al overly confident in a flawed decision.

False conflict error: A cognitive error that occurs when a clinician initially has the correct answer
but then changes to a wrong answer after receiving a conflicting suggestion from an Al. In this
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situation, the Al’s incorrect recommendation creates a “false conflict” with the clinician’s correct
judgment. The clinician, doubting their own answer, defers to the Al and ends up making an
error they would not have made otherwise. The thesis found that less experienced doctors were
highly susceptible to false conflict errors, often abandoning correct decisions when the Al
disagreed.

Federated learning: A method of training Al models on data that is distributed across multiple
devices or servers without centralizing the data. In federated learning, the model is sent to
where the data reside (for instance, different hospitals or patient devices), learns from local
data, and only the learned parameters are sent back and aggregated to update a global model.
This way, sensitive data (like patient ECGs) never leaves its source. Federated learning can
enhance privacy and security because raw data isn’t pooled in one location, aligning with privacy
needs in healthcare.

Fine-tuning: The process of taking a pre-trained machine learning model (often a large model
trained on broad data) and training it further on a specific task or domain using a smaller, task-
specific dataset. Fine-tuning adjusts the model’s parameters to make it perform better on the
targeted application. In the thesis context, a large language model like GPT-4 can be fine-tuned
on medical data or ECG cases to improve its performance in clinical diagnosis. However, fine-
tuning requires significant data and resources and, if done improperly, can introduce biases or
overfitting.

Fleiss’ kappa: A statistical measure of inter-rater reliability for agreement among three or more
raters. It extends the concept of Cohen’s kappa (which is for two raters) to multiple observers.
Fleiss’ kappa values range from 0 (no agreement beyond chance) to 1 (perfect agreement). In
the thesis, a reference is made to a Fleiss’ kappa of 0.51 for GPT-40’s consistency in another
study, indicating moderate agreement among its multiple outputs. A moderate kappa suggests
the Al's responses were reasonably consistent (important for a reliable assistant), although not
perfectly identical each time.

G*Power: A statistical software tool used for power analysis and sample size calculation.
Researchers use GPower to determine how many participants are needed to detect an expected
effect size with a given level of statistical power. In this study, GPower (version 3.1.9.7) was used
to perform an a priori power analysis it helped calculate that about 20 participants (10 per key
group) would be sufficient to detect the anticipated differences in accuracy between physician
groups with high power (295% chance of detecting the effect if it exists).

Gemini (Google’s Gemini): The codename of a next-generation large Al model being developed
by Google, mentioned as a counterpart or competitor to OpenAl’s GPT-4 series. Gemini is
expected to be a multimodal model (handling text, images, etc.) and to have powerful reasoning
capabilities. In the thesis, Google’s Gemini is noted in the context of future Al tools; early
benchmarks suggested GPT-40 outperformed an initial version of Gemini on ECG tasks, but
ongoing development means such comparisons will evolve. Essentially, “Gemini” represents the
cutting-edge Al model from Google’s research, analogous to how GPT-4 represents OpenAl’s.

Human-Al collaboration: A working approach where human experts and Al systems interact
and contribute jointly to a task, each complementing the other’s strengths. In medical diagnosis,
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human—Al collaboration could mean a doctor and an Al exchange information the Al offers
suggestions or analysis (like pointing out an ECG abnormality), and the human validates and
decides based on their clinical judgment and the Al input. The goal of this collaboration is to
achieve better outcomes than either could alone (e.g., higher diagnostic accuracy, efficiency, or
confidence). The thesis examines how such collaboration works in practice, including benefits
(catching each other’s mistakes) and pitfalls (overreliance or conflicting inputs).

Hypertrophic cardiomyopathy: A genetic heart condition characterized by abnormal thickening
of heart muscle (usually the left ventricle). This thickening can lead to obstruction of blood flow
and predispose to arrhythmia. Hypertrophic cardiomyopathy (HCM) is notable on an ECG for
signs like very large voltage QRS complexes or deep inverted T-waves in certain leads, but it can
be subtle. The thesis references this condition as an example of what Al algorithms have been
trained to detect from ECGs, demonstrating that Al can find patterns of disease (like HCM) that
might be difficult for humans to spot early.

Internist: Short for an internal medicine physician, an internist is a doctor specializing in the
prevention, diagnosis, and treatment of adult diseases. Internists are not surgeons and usually
are not organ-specific specialists (like cardiologists), but they manage a broad range of
conditions. In this thesis, “experienced internists” refers to seasoned internal medicine doctors
(15-25 years of experience) and “less experienced internists” to recent graduates (<5 years of
experience). The performance and behavior of these internists in ECG interpretation (with and
without Al help) are compared to those of cardiologists to understand how expertise level
interacts with Al support.

Ischemia: A condition in which tissue (such as heart muscle) receives insufficient blood flow and
oxygen, usually due to a blocked or narrowed artery. In the heart, ischemia often manifests as
chest pain (angina) and specific changes on an ECG, like ST-segment depression or T-wave
inversions. Prolonged severe ischemia can lead to myocardial infarction (heart muscle cell
death). The thesis mentions ischemia in the context of ECG interpretation subtle signs of cardiac
ischemia on an ECG can be life-saving clues (as prompt treatment can restore blood flow).
Detecting ischemia is crucial, and both clinicians and Al tools aim to recognize its ECG patterns.

Kruskal-Wallis test: A non-parametric statistical test used to compare the distributions of a
continuous or ordinal outcome across three or more independent groups. It is an alternative to
one-way ANOVA when the data do not meet the assumptions of normality or equal variances.
In the study, a Kruskal-Wallis test was used (for example, to compare overall accuracy among
the three physician groups) when normality was violated for one of the groups. A significant
Kruskal-Wallis result (reported with an H statistic and p-value) indicates that at least one group
differs significantly from the others, prompting further post-hoc comparisons to identify which
groups differ.

Large language model: A type of Al model that is trained on massive amounts of text data and
has many parameters (often billions), enabling it to understand and generate human-like
language. Large language models (LLMs) use advanced architectures (like the Transformer) and
can perform a variety of language tasks from answering questions and summarizing text to
reasoning and code generation. In healthcare, LLMs (e.g., GPT-4) can be applied to understand
medical texts, patient records, or even describe medical images and signals. The thesis
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specifically evaluates an LLM (GPT-40) in the context of reading ECG cases and providing
diagnostic suggestions, highlighting both its impressive performance and its challenges (like
occasional “hallucinations” or lack of real-world experience).

Levene’s test: A statistical test used to assess the equality of variances for a variable across
different groups. Before performing an ANOVA, Levene’s test helps determine whether the
assumption of equal variance (homogeneity of variance) holds. A non-significant Levene’s test
(p > 0.05) means the variances are roughly equal and the assumption is met; a significant result
means variances differ, and one might use a different approach or a more robust comparison
(like Welch’s ANOVA or non-parametric tests). In the thesis, Levene’s test was applied when
comparing physician groups’ performances; for example, it was reported that variance
assumptions were met (Levene’s p = 0.12 in one case, indicating no significant difference in
variances).

Machine learning: A branch of Al focused on algorithms that allow computers to learn patterns
from data and improve performance on a task with experience. Instead of being explicitly
programmed for every rule, machine learning models adjust their internal parameters based on
training data. Techniques include supervised learning (learning from labeled examples),
unsupervised learning (finding structure in unlabeled data), and reinforcement learning
(learning via feedback/rewards). In the thesis, machine learning (ML) is the broader category
encompassing methods like deep learning neural networks that have been used for tasks such
as classifying ECG signals or predicting health outcomes.

Multimodal: In Al, “multimodal” refers to the capability to process and integrate multiple types
of data (modalities) at once, such as text, images, audio, and signals. A multimodal Al model
could, for instance, take both an ECG waveform image and a written patient history as inputs
and combine that information to make a diagnosis. The thesis mentions multimodal systems in
the context of advanced models like GPT-4V and Gemini, which aim to handle both language
and vision. The promise of multimodal Al in healthcare is that it can consider varied data (e.g.,
ECG tracings, lab results, clinical notes) together, potentially providing more comprehensive
clinical decision support.

Myocardial infarction: Commonly known as a heart attack, it is the injury or death of a portion
of the heart muscle (myocardium) due to prolonged ischemia (lack of blood supply). Myocardial
infarction (M) typically occurs when a coronary artery is blocked, and it is often recognized on
an ECG by specific changes such as ST-segment elevation, T-wave inversion, and the
development of Q waves (depending on the type of Ml). The thesis discusses the importance of
quickly identifying signs of myocardial infarction on ECG (e.g., ST-elevations in a STEMI, which is
a ST-elevation MI) because timely reperfusion therapy (restoring blood flow, e.g., via angioplasty
or thrombolysis) can be lifesaving.

Neural network: A computational model inspired by the human brain’s network of neurons.
Neural networks consist of layers of interconnected “neurons” (or nodes) that process input
data and can learn to perform tasks by adjusting the strengths (weights) of these connections.
When such networks have many layers, they are called deep neural networks (the basis of deep
learning). Neural networks are powerful for recognizing complex patterns and have been used
in the thesis context for interpreting ECG signals and images. For example, an appropriately
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trained neural network can classify different heart rhythms or detect conditions from ECG input
by learning from many examples.

Overreliance: In the context of this thesis, overreliance refers to depending too much on the
Al's suggestions without sufficient critical evaluation, which can degrade decision quality if the
Al is wrong. Overreliance is closely related to automation bias; it’s evident when clinicians accept
Al output as true by default. The study observed that less experienced doctors were more prone
to overreliance — for instance, they often followed the Al’s incorrect advice, sometimes even
changing correct answers to incorrect ones based on a misguided Al suggestion. Managing
overreliance is critical, which is why training and trust calibration are emphasized as safeguards
when introducing Al into clinical workflows.

p-value: A statistical metric that indicates the probability of obtaining the observed results (or
something more extreme) if there were actually no true effect or difference (null hypothesis is
true). A small p-value (conventionally < 0.05) suggests that the observed difference or
association is unlikely to be due to chance alone and is considered statistically significant. For
example, p < 0.001 in the results indicates an extremely strong evidence against the null
hypothesis. In the thesis, p-values are reported for tests comparing diagnostic accuracies and
behavior changes — a significant p-value means the differences (perhaps between using Al vs not
using Al, or between groups of physicians) are real and not just random variation.

Pearson correlation: A statistical measure of linear relationship between two continuous
variables, giving a coefficient (r) between -1 and 1. An r of 1 means a perfect positive linear
correlation, -1 a perfect negative correlation, and 0 means no linear correlation. Pearson’s
correlation assumes data are roughly normally distributed. In the study, Pearson’s r is used for
correlations such as between years of experience and number of answer changes (when those
variables meet assumptions). For instance, a negative Pearson correlation (r = —0.41) between
Al familiarity and answer changes suggests that as familiarity with Al increases, the tendency to
change answers (potentially due to Al influence) decreases.

Phi coefficient: A measure of association for two binary variables, often used as an effect size
for 2x2 chi-square tests. The phi (¢) coefficient ranges from 0 (no association) to 1 (perfect
association) in absolute value, with higher values indicating a stronger relationship. In this thesis,
¢ is reported alongside chi-square tests to indicate the strength of group differences (for
example, ¢ ~ 0.8-0.9 signifying very strong differences in outcomes between groups). If one
treats a diagnostic outcome (correct/incorrect) and group (e.g., Al vs no Al, or different physician
levels) as binary factors, phi provides an interpretable effect size of how tightly those are related
(d > 0.5 was considered a large effect here).

Power analysis: A procedure in experimental design used to determine the sample size needed
for a study to reliably detect an effect of a given size. It involves the interrelationship of statistical
power (typically set at 0.8 or 0.9 for 80-90% power), effect size, significance level (a, usually
0.05), and sample size. A power analysis asks, for example: “Given the expected difference in
accuracy with and without Al and the variability, how many participants do we need to have a
high chance of finding a statistically significant result?” In this thesis, a priori power analysis was
done using G*Power, which justified enrolling 25 physicians to achieve >95% power to detect
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the differences of interest (meaning the study is very unlikely to miss a true effect of Al
assistance if it exists).

Reperfusion therapy: Treatments aimed at restoring blood flow to an area that has suffered
ischemia. In the context of myocardial infarction (heart attack), reperfusion therapy can include
thrombolytic (clot-busting) drugs or mechanical interventions like percutaneous coronary
intervention (angioplasty with stent placement) to reopen blocked arteries. The thesis mentions
that timely identification of conditions like an ST-elevation Ml on an ECG is critical because it
triggers urgent reperfusion therapy, which can salvage heart muscle and significantly improve
outcomes if done promptly.

Retrieval-Augmented Generation: Often abbreviated RAG, this is a technique in which a
language model is combined with an external knowledge retrieval process. Before generating
an answer, the model fetches relevant information (e.g., from a database or documents) and
uses it to inform its response. The result is that the Al can provide not only answers but also cite
sources or evidence, increasing transparency. In the thesis, RAG is mentioned as a way to
address the Al “black box” problem by letting the model retrieve and show supporting
information for its conclusions (for instance, giving references or data points when suggesting a
diagnosis), thereby making its output more explainable and trustworthy.

Sensitivity and specificity: Metrics used to evaluate diagnostic test performance. Sensitivity
(true positive rate) is the percentage of actual positive cases correctly identified by the test — for
example, the proportion of patients with a disease that the Al correctly flags as having the
disease. High sensitivity means few false negatives. Specificity (true negative rate) is the
percentage of actual negative cases correctly identified the proportion of healthy individuals the
test correctly identifies as not having the disease. High specificity means few false positives. In
the context of Al ECG interpretation, a model might achieve sensitivity and specificity
comparable to cardiologists for detecting certain arrhythmias. An ideal diagnostic tool has both
high sensitivity (catches most of those who are ill) and high specificity (doesn’t falsely label
healthy people as sick).

Shapiro-Wilk test: A statistical test to assess whether a set of data is normally distributed. It is
often used before parametric analyses (like t-tests or ANOVA) to check the normality
assumption. The test provides a W statistic and a p-value; a non-significant p-value (p > 0.05)
suggests the data do not significantly deviate from normality (i.e., they are roughly normal),
whereas a significant result indicates deviation from normal distribution. In the thesis, Shapiro—
Wilk tests were performed on accuracy data for each group of physicians. For instance, if the
less experienced group’s scores violated normality (as noted by a p = 0.042 < 0.05), a non-
parametric test (Kruskal-Wallis) was chosen for comparisons involving that group’s data.

Spearman’s rank correlation: A non-parametric measure of correlation between two ranked
(ordinal) or continuous variables. It assesses how well the relationship between two variables
can be described by a monotonic function. Spearman’s correlation coefficient (p, “rho”) ranges
from -1 to 1, similar to Pearson’s r, but it is used when data do not meet Pearson’s assumptions
(e.g., non-normal distribution or ordinal data). In the thesis, Spearman’s p was used for
correlations involving variables like years of experience or familiarity with Al (especially when
distributions were skewed). For example, a Spearman p = —0.72 between clinical experience and
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magnitude of improvement with Al (noted as a strong negative trend) would imply that as
experience increases, the relative boost one gets from Al tends to decrease (though in the study
this particular correlation did not reach statistical significance).

Statistical power: The probability that a study will detect an effect or difference when there is
one truly present (i.e., the test correctly rejects a false null hypothesis). A higher power means
a lower chance of a Type Il error (missing a true effect). Power is influenced by sample size,
effect size, variability, and significance threshold. For instance, a study with 96% power (as
reported for key comparisons in this thesis) is very likely to detect meaningful differences in
diagnostic accuracy due to Al assistance if those differences exist. Researchers typically aim for
at least 80% power in study design. Achieving high power in this thesis ensures confidence that
if Al truly improves diagnostic performance (or affects it), the study would pick it up.

Statistical significance: An indication that the result observed is unlikely to be due to chance
alone, according to a predefined threshold (significance level, a). When a result is “statistically
significant,” the p-value is below a (commonly 0.05). This suggests that the finding (e.g., an
improvement in accuracy with Al, or a difference between groups) is real with a high level of
confidence. It does not measure the size or importance of the effect, just that it is unlikely to be
a random fluke. In the thesis, phrases like “statistically significant improvement” mean that with
Al support, physicians’ accuracy increased in a way that passed the significance test (p < 0.05),
reinforcing that the Al's impact is verifiable and not just due to random variation in this sample.

Supraventricular tachycardia: Often abbreviated SVT, it is a rapid heart rhythm originating
above the ventricles (in the atria or AV node). SVT typically presents as a sudden onset of a fast
heartbeat that can be regular (often 150-250 beats per minute). On an ECG, SVT shows a narrow
QRS complex tachycardia (unless there is aberrancy) with absent or retrograde P waves. In the
discussion, a case of wide-QRS tachyarrhythmia was noted cardiologists assumed it was
ventricular tachycardia (a dangerous rhythm from the ventricles), whereas GPT-4o identified it
as an SVT with aberrancy (an atrial rhythm appearing with a wide QRS due to abnormal
conduction). Distinguishing SVT from ventricular tachycardia is critical, as treatments differ, and
it was an example of Al potentially catching what humans missed or vice versa.

Swarm learning: A decentralized machine learning approach related to federated learning,
where insights from multiple local datasets are combined without central data pooling. In swarm
learning, edge devices or institutions train models locally on their data and then share only
learned parameters or weight updates (often using blockchain or secure consensus mechanisms
to aggregate them). The term “swarm” implies multiple agents learning cooperatively like a
swarm of bees. This method enhances privacy and robustness, as no single central server holds
all data. The thesis references swarm learning as one of the techniques to ensure Al models
(especially in medicine) can learn from widespread data (e.g., from different hospitals) without
violating patient privacy or data governance rules.

Tamhane’s T2 test: A post-hoc statistical test used after an ANOVA when comparing group
means, especially when the assumption of equal variances is violated. Tamhane’s T2 is a
conservative method that does not assume equal variances between groups and is used to
determine which specific groups differ from each other. In the thesis, after finding a significant
difference across physician groups (with ANOVA or Kruskal-Wallis), post-hoc tests like Tukey’s
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HSD or Tamhane’s T2 were applied. For instance, Tamhane’s T2 was used when variances were
unequal, to confirm, say, that each physician group’s accuracy was significantly different from
the others.

Transformer: A modern neural network architecture that has revolutionized natural language
processing and is also applied in other domains. Transformers use a mechanism called self-
attention to weigh the importance of different parts of the input sequence, enabling them to
capture context over long ranges more effectively than previous recurrent neural networks.
Large language models like GPT-3 and GPT-4 are built on Transformer architectures. The thesis
indirectly references transformers when discussing LLMs (since GPT models use them).
Transformers allow models to handle language (or even combined modalities) with
unprecedented scale and coherence, which is why LLMs can generate fluid text and reason over
complex input.

Triage: In medicine, triage is the process of prioritizing patients or cases based on the urgency
of their condition, ensuring that those who need immediate attention get it first. In the context
of Al, an Al triage system might automatically flag critical cases (for example, an Al reading
continuous ECG telemetry might alert a doctor to a potentially fatal arrhythmia immediately).
The thesis mentions using Al in triage, such as Al co-pilots monitoring data and alerting human
teams to high-risk findings. By acting as a triage tool, Al can help manage workflow by drawing
focus to the most pressing issues among many, e.g., highlighting an ECG that shows an acute
problem out of a batch of normal ones.

Trust calibration: The process of aligning the user’s trust in an Al system with the system’s actual
reliability and uncertainty. Proper trust calibration means the clinician trusts the Al when it has
proven accurate or provides confident, well-founded recommendations, but remains cautious
or double-checks when the Al is less certain or has potential to be wrong. The thesis emphasizes
trust calibration as essential users should not blindly trust Al (overreliance) nor ignore it
altogether but rather calibrate their trust. This can be facilitated by Al systems communicating
their confidence levels or rationale, and by training clinicians to understand Al limitations.
Effective trust calibration ensures that clinicians benefit from Al support when appropriate while
maintaining healthy skepticism to catch Al's mistakes.

Tukey’s HSD test: Short for “Tukey’s Honestly Significant Difference” test, this is a post-hoc
analysis used after ANOVA when you find a significant overall difference and want to know which
specific group means differ. Tukey’s HSD assumes equal variances and is good for pairwise
comparisons while controlling the overall Type | error rate. In the study, Tukey’s HSD was used
when comparing multiple physician groups’ performances under conditions where ANOVA
showed a difference (and assumptions were met). For example, it helped confirm that
cardiologists performed significantly better than both internist groups, and that experienced
internists outperformed less experienced ones, by providing adjusted p-values for each pair of
groups.

Ventricular tachycardia: Often called VT, it is a fast heart rhythm originating in the ventricles
(the lower chambers of the heart). VT is a potentially life-threatening arrhythmia because it can
compromise blood circulation or degenerate into ventricular fibrillation (which is fatal if not
treated immediately). On an ECG, ventricular tachycardia typically appears as a series of wide
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QRS complexes at a high rate (often 120-250 beats per minute) and no preceding P waves. It's
mentioned in the thesis discussion as part of a challenging ECG case (wide-QRS tachyarrhythmia)
where distinguishing VT from an SVT with aberrancy was critical. Identifying VT correctly is
important for prompt treatment, and it was an example used to illustrate differences in Al vs
human interpretation on tough cases.
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1 INTRODUCTION

1.1 Al IN HEALTHCARE AND CLINICAL DIAGNOSTICS
Artificial intelligence (Al) has become a key driver of innovation in healthcare, especially in

clinical diagnostics. Over the past decade, Al models particularly deep learning systems have

reached impressive levels of accuracy in interpreting medical data, including images and
physiological signals.

How Al Integrates into Clinical Diagnostics

- @58

Patient AR
Data Input Al Model Outputs Clmfc_lan
] . Decision-
ECGs, Diagnosis Making
X-xays,etc Suggestions,

Risk Scores

Figure 1 How Al Integrates into Clinical Diagnostics

In some cases, Al can detect subtle diagnostic patterns that clinicians might miss. For example,
Al-based tools have been able to detect cardiac arrhythmia on electrocardiograms (ECGs) with
up to 99% accuracy, even outperforming physicians on some rhythm classification tasks. These

successes show how Al can support clinical decision-making by serving as a powerful pattern
recognition tool.

Diagnostic Accuracy Machine Learning vs Traditional Methods

== Machine Leaming
W Tadtional Methods

a0

Accuracy (%)
o
=3

=
o

20|

Onealagy Cardinlogy Radislogy Neuralagy
Medical Fields

Figure 2 Bar chart comparing Al vs. human accuracy in rhythm

classification tasks
(https://www.researchgate.net/figure/Comparative-Bar-Chart-Showing-the-Diagnostic-Accuracy-of-Machine-
Learning-Versus_fig1_385395492)
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Rather than replacing clinicians, well-designed Al systems are increasingly seen as assistive
partners that can handle routine tasks or flag abnormalities, allowing physicians to focus on
more complex decision-making. Many experts agree that Al should enhance not replace
human intelligence in medicine, helping improve efficiency while the physician remains
responsible for the final decisions[1]. This paradigm has led to the “Al co-pilot” concept in
diagnostics, where Al supports clinicians with interpretation and decision-making.

1.2 LARGE LANGUAGE MODELS IN MEDICINE: EVOLUTION, PROMISE, AND
CHALLENGES

Among the newest and most influential Al tools in medicine are large language models (LLMs).
These systems like OpenAl’s GPT series are trained on massive amounts of text, allowing them
to generate human-like language and reason through complex information. LLMs have quickly
gained attention in healthcare for their ability to understand and produce text, combine
different types of data, and even handle multi-modal reasoning[2]. Modern LLMs can pull
together medical knowledge to answer questions, draft clinical notes, and provide
explanations skills that show real promise for clinical decision support.
(]

& ]

Continuous Adaptation
and

Improvement

Model and
Explainability Training
@ Medical

Equalization
Technical Challenges
l.

Universal Access

an
Social Trust
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®

Data Privacy

Security
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of An Evaluation
System

Humanized
Communication
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Technical Bias
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. )

Patients,
A Medical Government

Regulatory and

Scientists Experts Agencies Their Families

Figure 3 Capabilities of LLMs in Healthcare”
(https://blog.gopenai.com/the-future-of-medicine-exploring-the-potential-and-challenges-of-lims-in-
healthcare-29aac7944e67)

Notably, models like GPT-4 have performed surprisingly well on medical competency exams,
even approaching or surpassing the passing threshold for United States Medical Licensing
Exam (USMLE) questions[3]. LLMs have also been tested as tools to help reduce clinicians’
documentation workload for example, by generating discharge summaries and offering
instant access to medical knowledge for learning purposes[3]. These advances suggest that
LLMs could become versatile assistants in both clinical practice and medical education, thanks
to their ability to understand context and generate reliable responses.

Optimizing Cardiology Diagnostic Accuracy via Synergistic Al-Human Integration 18
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However, using LLMs in medicine also comes with important challenges. First, these models
don’t have real clinical experience or reasoning based on real-world practice they only
simulate reasoning by learning patterns from text. As a result, they can produce answers that
sound confident and convincing but are factually wrong or not clinically validated a well-
known problem called Al “hallucination.” On top of that, most general LLMs at the time of
writing can’t process visual data like medical images or waveforms without special
modifications [2], [3]. This is a major limitation in fields like radiology or cardiology, where
being able to interpret visual or spatial signals is essential. LLMs also face trade-offs when it
comes to domain specificity their broad training can sometimes make them less accurate with
highly specialized medical details[2]. Fine-tuning these models for medical use requires
significant computational resources, and many of the most advanced models are proprietary,
which creates barriers to access (researchgate.net). Beyond the technical challenges, there
are also ethical and safety concerns. LLMs can accidentally reveal private patient information
or reflect biases present in their training data. Their lack of transparency often called the
“black box” problem can make it harder for clinicians to trust the Al, especially when the
reasoning behind its suggestions isn’t clear. Reliability is also crucial, if an Al occasionally gives
unsafe advice, it can quickly undermine clinicians’ confidence in the tool. While large language
models hold tremendous potential as clinical assistants, unlocking that potential will require
addressing challenges around accuracy, transparency, bias, and integration into clinical
workflows [4], [5]. Researchers emphasize the need for rigorous validation, better multimodal
capabilities, and human-in-the-loop designs to ensure that LLMs function as safe, reliable tools
that support expert care rather than acting as unchecked or unreliable sources of information

3], [4], [5]

LLMS  CHALLENGES
Oxgs
?

<

Figure 4 Challenges of Using LLMs in Clinical Settings

1.3 ECG INTERPRETATION IN CLINICAL WORKFLOWS AND THE EXPERTISE GAP

In clinical practice, few skills are as common yet as deceptively complex as interpreting an
electrocardiogram (ECG). The 12-lead ECG is a first-line diagnostic tool for a wide range of
heart conditions, from arrhythmias to ischemia, and it plays a crucial role in emergency and
acute care. In fact, a significant portion of acute medical visits involve cardiac evaluation about
20% of emergency department cases present with cardiovascular symptoms [2], [3], [4], [5],
and the ECG often guides both triage and treatment decisions.

Optimizing Cardiology Diagnostic Accuracy via Synergistic Al-Human Integration 13
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Fast and accurate ECG interpretation can be life-saving
for example, by spotting an evolving myocardial
infarction in time to avoid delays in reperfusion
therapy. On the other hand, misreading an ECG can
result in missed diagnoses or inappropriate
treatments, both of which can have serious
consequences [4], [5], [6]. Despite its importance,
mastering ECG interpretation is difficult. It requires
learning to recognize a wide range of normal variations
and abnormal patterns, and not all clinicians receive
the same level of training in this skill[4], [5]. As a result,
accuracy in ECG interpretation varies widely between
clinicians and is closely linked to their experience and
specialty. A systematic review found that practicing
physicians, on average, achieve only about 68%
accuracy in ECG interpretation, while cardiology
specialists perform somewhat better, averaging
around 75% accuracy [7], [8]. Less experienced .
doctors, such as junior residents, often perform even  Figure 6 lllustration of a standard 12-lead
. L. . ECG placement on a human torso
worse on challenging ECGs, highlighting a competency  (npsy/www.numed.co.uk/news/12-lead-ecg-lead-placement-
gap that can directly impact patient care. One study guide)
found that up to one-third of ECG interpretations by general physicians contained significant
errors, and about 11% of those errors led to inappropriate patient management [9]. Common
mistakes include missing subtle signs of ischemia, failing to recognize uncommon arrhythmia,
or misinterpreting pacemaker rhythms all of which highlight how complex ECG interpretation
really is.

R
x
>
£
W -
P
=
y o
fe—> le—> le———
PR ST 0.20 sec
a QT o RK '16

Figure 5 Standard ECG Interpretation
(https.//www.cyberdefinitions.com/definitions/ECG.html)

The challenges less experienced physicians face with ECG interpretation are well documented.
Unlike experienced cardiologists who have reviewed thousands of tracings, trainees and non-
cardiology doctors often struggle with pattern recognition and may lack confidence in their
interpretations. They may correctly spot obvious abnormalities like clear ST-elevation in a
myocardial infarction but miss more subtle signs or mistakenly label harmless findings as
pathological. This variability can lead to suboptimal patient outcomes and also contributes to

Optimizing Cardiology Diagnostic Accuracy via Synergistic Al-Human Integration 20
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a well-recognized anxiety among trainees often referred to as “ECGphobia.”[10]. Traditionally,
the solution to this competence gap has been more training and hands-on experience.
However, persistent error rates along with the lack of a standardized, highly effective method
for teaching ECG interpretation remain ongoing challenges[9], [10], there is growing interest
in tools that can assist clinicians during the interpretation process. Al-powered ECG analysis
has emerged in recent years as a potential solution to this need. Dedicated machine learning
algorithms using computer vision on ECG waveforms or signal analysis have demonstrated the
ability to detect certain arrhythmias or conditions with expert-level accuracy. Until recently,
these algorithms were highly task-specific for example, designed solely to detect atrial
fibrillation or hypertrophy and mainly functioned as automated ECG readers that generated
computer-based diagnoses on the ECG printout. These tools act as a “second pair of eyes,”
but an inflexible one, since they can’t explain their reasoning or adapt to unusual cases. The
qguestion now is whether a more general Al specifically, a large language model with broad
medical knowledge could serve as a smarter diagnostic assistant for ECG interpretation [11].
Such an Al co-pilot wouldn’t just suggest a diagnosis but could also explain its reasoning or
answer questions, potentially offering a more interactive and intuitive form of support than a
traditional, static algorithm.

Traditional ECG LLM-Based
Analysis Tools Assistants
ECG ECG
Interpretation Interpretation
i 4 = ; A4 .
Feature Image and/or
Extraction Text Input
4 ) ( Y )
Task-Specific Large Language
Algorithms Model
. \ 4 ' " \ 4 .
Automated Diagnostic
Diagnosis Assistance

Figure 7 Comparing traditional ECG analysis tools vs. LLM-based assistants
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1.4 RESEARCH PROBLEM STATEMENT

This thesis addresses the core research problem of evaluating a large language model’s role
as a diagnostic co-pilot in ECG interpretation, across physicians with varying levels of
expertise, and understanding the risks associated with overreliance on Al assistance. In

particular, we focus on GPT-40, a state-of-the- How GPT-40 Supports
art LLM based on GPT-4, and investigate how its ECG Interpretation
suggestions might influence and improve - <
clinicians’ reading of ECGs [12], [13], [14]. The [ D ECG Case
motivation for this research comes from two J,z: B vformand
key insights discussed earlier: (1) Less presented
experienced physicians often struggle with E i g
accurate ECG interpretation, and even ( )

experienced  clinicians have limitations 'ma_ge'"p”t
ECG image encoded

suggesting that decision support in this area and provided to

GPT-40
could be highly valuable; and (2) LLMs like GPT- N J
4 have reached a level of sophistication where - ‘L -
they may be able to offer relevant, context- Interpretation
aware diagnostic advice, but their real-world gi:;:‘;ginefates
effectiveness and safety in this role are still | interpretation )
unproven. Recent early studies have suggested ¢
the potential of LLMs in ECG interpretation. For ( )
. . . —| Explanation
instance, one investigation of ChatGPT (based :Q i

H H H r ning and
on GPT-3.5/4) found that its interpretations Ciiﬁ?’deng:esﬁmate
often aligned with cardiologists on many ECG L provided )

features, but with notable gaps in critical areas,

such as detecting subtle ECG changes linked to ~ Figure 8 How GPT-4o Supports ECG Interpretation
impending adverse events[2], [15]. In that

study, ChatGPT tended to overestimate risk, flagging more cases for major cardiac events than
the human experts did[15], [16]. This highlights a key concern: Will an Al's strengths like
pattern recognition and consistency genuinely help clinicians, or could its weaknesses such as
false alarms or missed subtle findings end up misleading them? The balance between benefit
and risk is still uncertain.

GPT-4o0 is one of the most advanced models available, and unlike earlier Al systems that were
limited to pre-programmed ECG algorithms, GPT-40 can process case information including
ECG waveforms via image input or text-based descriptions of ECG findings and generate a
diagnostic interpretation with an explanation. This flexibility could make it a powerful,
interactive tool for clinicians interpreting ECGs. However, before this study, there had been
no formal evaluation of GPT-40’s performance or its impact in a clinician-in-the-loop ECG
interpretation setting. We still don’t know how accurate GPT-4o is across a wide range of ECG
cases, or how clinicians might use or potentially misuse its advice in real practice. A key part
of the problem is understanding overreliance: if the Al provides an incorrect suggestion, will
physicians especially those less confident in ECG interpretation defer to it and make an error
they otherwise wouldn’t have? Automation bias has been documented in other human-Al
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decision-making studies, showing that even skilled professionals can be influenced by an Al
suggestion and change a correct answer to an incorrect one [6], [9], [17], [18]. These kinds of
false “corrections” can be damaging. This leads to the core research question: Can an
advanced LLM like GPT-40 meaningfully improve physicians’ accuracy and confidence in ECG
interpretation as a diagnostic co-pilot and what are the risks, especially the risk of clinicians
being misled by incorrect Al suggestions? Answering this requires not only measuring
diagnostic performance with and without Al support but also understanding how physicians
at different experience levels interact with the Al who benefits the most, who might be
negatively impacted, and under what circumstances. By systematically exploring these
guestions, this thesis aims to provide an evidence-based assessment of GPT-40’s usefulness
as a clinical tool for ECG interpretation, while also contributing to the broader understanding
of how human-Al collaboration works in medical diagnosis [19].

1.5 OBIJECTIVES AND RESEARCH QUESTIONS

Building on the problem statement, this study aims to evaluate how GPT-40 impacts ECG
interpretation and to examine how trust, accuracy, and error occur when physicians
collaborate with the Al. The research is guided by several key questions:

1. Diagnostic Performance Improvement: How much does GPT-40 assistance improve
physicians’ accuracy in interpreting ECGs? This study will measure each physician’s
performance before and after receiving Al suggestions to determine whether GPT-40
leads to a meaningful improvement or not in diagnostic accuracy.

2. Experience-Level Differences: How does Al assistance impact different types of
physicians with different levels of experience? This study examines whether the
benefits or potential risks of GPT-40’s suggestions vary among expert cardiologists,
experienced internists, and less experienced internists. An underlying hypothesis is
that less experienced doctors may benefit more from Al support because they have
more knowledge gaps, but could grow more dependent on Al.

3. Case Difficulty and Al Utility: Does GPT-40’s impact depend on how complex the ECG
case is? We analyzed everyday and more challenging ECG cases separately to assess
whether the Al provided greater support in detecting complex or uncommon patterns
that typically challenge less experienced physicians, or whether its performance
declined under increased diagnostic difficulty.

4. Al Suggestion Accuracy and Physician Trust: What happens when the Al’s suggestion
is either intentionally incorrect or simply a wrong prediction? This question focuses
on the risk of overreliance. Specifically, we examine how often participants accept
incorrect recommendations from GPT-40 and whether this varies based on
experience level. Do junior physicians abandon their correct initial judgments because
the Al suggests something different? Are senior physicians more likely to catch the
Al’s mistakes? By including scenarios with intentionally incorrect Al suggestions, this
study aims to measure how often and under what conditions Al-induced diagnostic
errors occur.
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Interdisciplinary Postgraduate Programme

R Catie
% YW Translational Engineering in Health and Medicine E TRANSLATIONAL
& T Lm 2 . . . . ENGINEERING IN
gE! 7 H 1S National Technical University of Athens Al HEALTH &
we ¥ s=> . . . o
ﬁ:" . 2»"5‘ School of Electrical and Computer Engineering M | MEDICINE
) m—

—— School of Mechanical Engineering

5. Decision Change Analysis: How do GPT-40’s suggestions influence physicians’
decision-making process? We will track how often physicians change their initial
diagnosis after seeing the Al's recommendation. Among those changes, we distinguish
between beneficial changes when an incorrect answer is corrected with the help of
the Al and harmful changes when a correct answer is switched to an incorrect one
because of the Al. This analysis helps reveal how the Al impacts decision-making:
whether it mainly acts as a safety net that catches errors or whether it sometimes
leads physicians to override correct decisions.

6. Physician Confidence and Workflow Perception: While more difficult to measure, this
study also explores how physicians perceive Al's influence. Do they feel more
confident in their final answers when supported by GPT-40, or do they experience any
sense of reduced autonomy? Although this is not a primary outcome, we collect
qualitative feedback to help contextualize the quantitative findings.

RESEARCH QUESTIONS

Diagnostic performance Improvement

How much does GPT-40 assistance improve
physicians’ accuracy in interpreting ECGs ?

u-R

Experience-Level Differences

How does Al assistance impact different types
of physicians with different levels of experience?

Case Difficulty and Al Utility

Does GPT-40’s impact depend on how complex
the ECG case is?

Al Suggestion Accuracy and Physician Trust

What happens when the Al's suggestion is either
intentionally incorrect or simply a wrong prediction?

J

N\

Decision Change Analysis

How do GPT-40’s suggestions influence physicians’
decision-making process?

J

Physician Confidence and Workflow Perception

Do physicians feel more confident in their final
answers when supported by GPT-40?

@ 0 0 0

J

@ Diagnostic performance  Experience-level effects  Trust/overeliance Perceived confidence

Figure 9 Infographic of the 6 research questions, color-coded by theme
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1.6 METHODOLOGY OVERVIEW

To address the above questions, we designed a controlled experimental study involving 25
physicians and a standardized set of ECG interpretation cases. The participants were divided
into three groups representing different levels of ECG expertise: 10 cardiologists (with 15-25
years of clinical experience, experts who routinely interpret ECGs), 10 experienced internal
medicine physicians (with 15-25 years of clinical experience, likely comfortable with common
ECG findings but not specialists), and 5 less-experienced internal medicine physicians (recent
graduates with under 5 years of experience, expected to have the most difficulty with ECGs).
This grouping allowed us to compare the impact of Al across different levels of expertise. All
participants were recruited from hospital settings and gave informed consent, with ethical
approval obtained for the study protocol.

Study Participant Breakdown

&

Experienced Less-Experienced
; : Internal Medicine Internal Medicine
Cardiglogists Physicians Physicians
leroere 15-25 years of <5 years
of clinical o : " ;
; clinical experience of clinical experience
experience _
Routmely lee|¥h00mf0rtab|e Recent graduates
; ECGs with common
WETpRES ECG findings

Figure 10 Study Participant Breakdown

The diagnostic task involved a questionnaire of 50 ECG cases, each presented as a multiple-
choice question with five possible diagnoses. These cases were carefully selected from
reputable cardiology case collections, primarily 150 ECG Cases by John R. Hampton [20], along
with a cardiology question bank for additional challenging cases to ensure a broad range of
clinical scenarios. We intentionally balanced the case mix as follows: 20 “everyday” ECG cases
representing common, straightforward diagnoses such as typical atrial fibrillation or a classic
ST-elevation myocardial infarction, and 20 “challenging” ECG cases representing more
complex or atypical diagnoses such as uncommon arrhythmias, subtle signs of ischemia, or
ECG changes related to electrolyte imbalances. This ensures that we could evaluate GPT-40
on both routine and difficult interpretations. In addition, a critical feature of our methodology
was the inclusion of 10 special cases, drawn from the challenging category, in which the Al
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intentionally provided an incorrect suggestion. These cases, designed in collaboration with a
cardiologist, were crafted to be both realistic and deliberately misleading for example, an ECG
showing pericarditis incorrectly labeled by the Al as a myocardial infarction. The goal of these
cases was to assess how likely physicians are to be misled by incorrect Al advice, directly
testing the risk of overreliance.

STUDY PROTOCOL OVERVIEW

PARTICIPANT GROUPING
25 physicians divided into
three expertise-level groups

[

INITIAL DIAGNOSIS PHASE

50 ECGs presented, participants
make initial diagnosis

Al-SUGGESTION PHASE

GPT-40 provides suggestion,
participants can revise
diagnosis

[

END OF STUDY

Changes from initial diagnosis
analyzed

Figure 11 Study Protocol Overview
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Each participant completed the 50-case ECG questionnaire in a two-phase process designed
to isolate the impact of the Al intervention. In the Initial Diagnosis phase, physicians were
shown each ECG along with relevant patient information such as age, sex, brief clinical context
and selected their answer based solely on their own knowledge and judgment. They were
unaware at this stage which cases were considered “difficult” or that any would have false Al
suggestion, in order to avoid biasing their approach. In the Al-Suggestion phase, after the
physician submitted their initial answer for a case, the same case was presented again this
time accompanied by a diagnostic suggestion from GPT-40. The Al’s suggestion included the
diagnosis it considered most likely the answer it would choose, along with a brief explanation
of its reasoning and a confidence estimate. GPT-40’s output was designed to mimic how a
human consultant might explain an ECG, providing insight into why a particular diagnosis was
recommended. After reviewing the Al’s suggestion, participants could either keep their
original answer or revise it. This process was repeated for all cases. Essentially, each physician
acted as their own control we captured their accuracy on each case before and after Al input,
allowing paired comparisons of performance.

To generate GPT-40’s ECG interpretations consistently, we used the OpenAl APl with carefully
designed prompts. Each ECG image was encoded and provided to the model along with
standardized instructions intended to simulate a clinical reasoning process. The model
referred to as “GPT-40” had been internally validated as the best-performing option among
several GPT variants tested for this task including GPT-3.5 Turbo, GPT-4, GPT-4 Turbo, ol
Preview, and ol Mini, with GPT-4o0 demonstrating the highest accuracy in pilot testing. We
ran the model in deterministic mode with low randomness settings to ensure it produced
consistent answers across repeated trials. For each case, the model was queried five times to
confirm it consistently selected the same answer before presenting its suggestion effectively
simulating a confident “Al opinion” for the physicians to consider. In the 10 cases with
intentionally incorrect suggestions, we bypassed the model’s actual answer and instead
displayed a plausible but incorrect diagnosis, accompanied by a convincing rationale. This
approach simulated a scenario where the Al makes a confident mistake. Participants were
unaware of this manipulation, allowing us to observe their natural reactions to a wrong Al
recommendation.

All participant responses, both initial and final answers were collected via SurveyMonkey and
stored in the platform for analysis. Data analysis focused on several comparisons. We
calculated each physician’s accuracy before Al assistance, after Al assistance, and the
difference between the two, then compared these changes across the three groups. We also
analyzed performance based on case difficulty. Statistical tests including paired t-tests or non-
parametric equivalents for within-subject comparisons, and ANOVA or Kruskal-Wallis tests for
between-group comparisons were used to assess whether any observed improvements with
Al were statistically significant. Importantly, we quantified the outcome of each decision
change: how often the Al led to a change from incorrect to correct a beneficial change, from
correct to incorrect a harmful change, or resulted in no change. We then compared these
outcomes across experience levels and case types. Particular attention was given to the 10
deceptive cases to determine how often physicians accepted the Al’s incorrect suggestion and
whether certain groups such as less experienced physicians were more susceptible. By
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analysing these patterns, our goal is to draw meaningful conclusions about GPT-40’s reliability
and whether it is advisable to use it as a diagnostic aid in clinical practice.

In summary, our methodology offers a controlled yet realistic simulation of using an LLM as a
diagnostic co-pilot for ECG interpretation. It enables us to measure objective outcomes such
as improvements or declines in accuracy while also capturing behavioral factors like trust and
decision changes. More extensive description is available in Chapter 3.

1.7 THESIS STRUCTURE

The remainder of this thesis is organized into five chapters, each covering a key aspect of the
study and contributing to the overall foundation for our conclusions:

Chapter 2: Literature Review — This chapter reviews the background and prior
research relevant to our study. It begins with an overview of Al applications in
cardiology and diagnostics, highlighting studies where machine learning has improved
the detection of cardiac conditions such as Al in arrhythmia detection and medical
imaging. The chapter then explores the rise of large language models (LLMs) in
healthcare, summarizing current research on how models like GPT-3 and GPT-4 have
been applied or evaluated in medical settings. This includes their performance on
medical licensing exams, their use in clinical documentation, and early experiments
testing their role as diagnostic assistants. Additionally, it examines well-documented
challenges in the literature, including Al hallucinations, bias, and the risks of
automation bias or overreliance in human-Al collaboration. Together, this review
highlights the key knowledge gap our study seeks to address the lack of empirical data
on how LLMs support diagnosis in real-world clinical tasks like ECG interpretation.

Chapter 3: Methods — This chapter provides a detailed explanation of the study design
and procedures. It describes how participants were recruited and grouped, how the
ECG cases were selected and validated, and outlines the step-by-step experimental
protocol described earlier. It also details how GPT-40 was configured and integrated
into the questionnaire, including the prompt engineering techniques and internal
validation steps used. The chapter further explains the statistical analysis plan,
defining how performance improvements were measured, how answer changes were
categorized, and which statistical tests were applied for hypothesis testing. Ethical
considerations and any methodological limitations are also addressed in this chapter.

Chapter 4: Results — This chapter presents the quantitative findings of the study. It
begins with an overview of GPT-40’s standalone performance on the ECG cases
showing how often the Al was correct on its own to provide context. The main results
follow, detailing physician accuracy before and after Al assistance, broken down by
experience group and case difficulty. The chapter also includes a detailed analysis of
decision change patterns specifically, the proportions of beneficial versus harmful
changes with particular focus on the intentionally incorrect Al suggestion cases.
Statistical significance for all comparisons is reported. Additionally, any notable
observations such as specific ECG diagnoses where the Al consistently provided
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helpful guidance or, conversely, frequently misled participants are discussed. The
purpose of this chapter is to objectively present the outcomes of physician-Al
interactions, laying the groundwork for interpretation and discussion in the following
chapter.

e Chapter 5: Discussion — This chapter interprets the results in relation to the research
guestions and existing literature. It evaluates when GPT-40 functioned as an effective
diagnostic co-pilot especially for less experienced physicians and when it contributed
to errors due to automation bias or overreliance. The discussion considers the broader
implications for using LLMs in clinical diagnostics beyond ECGs, reflects on GPT-40’s
technical strengths and limitations, and compares the findings to previous studies. It
also acknowledges the limitations of the study and suggests how future research
could address them.

e Chapter 6: Conclusion and Future Work — This chapter summarizes the key
takeaways, emphasizing how GPT-4o0 improved diagnostic accuracy for less
experienced clinicians while also posing risks when its suggestions were incorrect. It
highlights the importance of safeguards like Al explainability and user training.
Recommendations for future research include testing with larger groups, comparing
generalist models like GPT-40 to specialized ECG Al, and studying how clinicians’ trust
in Al evolves with long-term use. The thesis concludes with reflections on the promise
and responsibility of integrating Al into clinical practice to truly support patient care.

In summary, this introduction has outlined the background, motivation, and importance of
evaluating LLMs as diagnostic assistants, specifically for ECG interpretation. The following
chapters will present evidence and analysis addressing whether GPT-40 can effectively serve
as a diagnostic co-pilot for physicians and how to balance the benefits and risks of integrating
Al into clinical decision-making.
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2 LITERATURE SURVEY

2.1 Al IN CLINICAL DIAGNOSTICS: EMERGENCE OF LLMS AND DECISION SUPPORT

Artificial intelligence (Al) has become an increasingly important part of innovation in clinical
diagnostics, providing tools that support earlier detection and better decision-making across
many areas of medicine. Early Al systems in healthcare were often based on supervised deep
learning models, trained on large, labeled datasets to perform specific tasks. For example, in
cardiovascular medicine, deep neural networks have shown improved accuracy in interpreting
medical images and signals, often uncovering diagnostic details that human experts might
miss. Specifically, neural networks used in cardiac diagnostics have detected subtle patterns
in imaging or ECG data that are linked to disease risk, sometimes outperforming traditional
physician interpretation. These results show that Al can enhance clinicians' diagnostic abilities
by acting as powerful pattern recognition tools [21], [22], [23].

A major recent development in healthcare Al is the rise of foundation models and large
language models (LLMs). Unlike task-specific algorithms, LLMs like GPT-4 can process and
generate human-like text, allowing them to hold flexible conversations, interpret clinical
notes, and even combine different types of medical data. Modern LLMs use transformer-
based designs and large-scale pre-training to combine different types of data including patient
records, imaging, genomics, and more to offer a more complete picture of a patient’s
condition. This ability to integrate multiple data sources supports the idea that Al could
eventually help synthesize complex clinical information into meaningful risk predictions or
accurate differential diagnoses. For example, one advanced model has been designed to
combine electronic health records (EHRs), ECG signals, and imaging to better identify patients
at risk of sudden cardiac death potentially spotting candidates for preventive treatments, like
defibrillators, more accurately than current methods[24], [25], [26], [27]. This shows how LLM-
based Al systems are evolving beyond simple diagnostic tools into full clinical decision support
systems that can reason across a wide range of medical data.

This shift has led to the idea of Al acting as a “co-pilot” in clinical practice. Instead of working
on its own, Al is now increasingly seen as a collaborative partner that supports clinicians. In
practice, an Al co-pilot might help review patient data, draft clinical notes, or suggest possible
diagnoses all while the physician remains responsible for the final decision. Notably, some
healthcare institutions in the U.S. have already started using LLM-powered tools for tasks like
clinical notetaking, reflecting growing excitement about their potential to improve efficiency
and quality of care [28], [29], [30]. Early pilot studies are promising. One report found that an
adapted LLM did a better job than medical experts at summarizing clinical notes from patient
records, showing how useful these models can be for handling time-consuming information
synthesis. Similarly, a recent study evaluating an LLM on 149 real patient case vignettes
covering diagnosis, patient communication, and management planning found that the Al
performed as well as or better than physicians in most of these cases [31], [32]. These results
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suggest that when given a well-defined problem, advanced Al can deliver decisions at a
physician level or act as a reliable second opinion in complex situations.

2.2 HUMAN—AI COLLABORATION AND CO-PILOT FRAMEWORKS IN PRACTICE

The growing use of human—Al collaboration in medicine reflects how Al recommendations are
being integrated directly into clinical workflows. The term “co-pilot” refers to Al systems
designed to assist with routine cognitive tasks, helping clinicians focus more on complex
decision-making and patient care. In practice, Al co-pilot models are already being used in
fields like radiology for example, triaging scans for review as well as in pathology and
emergency medicine for patient triage. In one example, an Al-powered tool has been
integrated into electronic health records (EHR) to automatically draft replies to patient
messages, which physicians then review and edit [33], [34], [35]. This type of deployment
suggests that, in the future, routine or data-heavy parts of clinical work could be handled by
Al, allowing physicians and Al to work together more efficiently than either could on their
own.

Crucially, the co-pilot model emphasizes that the final responsibility and decision-making
remain with human clinicians. Al suggestions are meant to inform and support, not replace,
the clinician’s decision-making. When implemented thoughtfully, this synergy can improve
outcomes. For example, Topol [36] envisions multimodal Al assistants acting as 24/7
“attending physicians” in critical care settings, continuously monitoring patient data (like ECG
telemetry) to catch infrequent but life-threatening changes and promptly alerting the human
team. In ECG monitoring specifically, an Al co-pilot could analyze waveforms in real time and
flag subtle arrhythmias or ischemic changes that might develop between routine checks. Such
a system could act like a tireless second pair of eyes, helping improve patient safety by
reducing the risk of missed findings. Another prospective use of LLM-based co-pilots is in
medical training and education [37]. Generative Al can serve as a virtual tutor or simulator,
allowing medical trainees to practice interpretation skills and receive instant feedback. For
example, an LLM that explains ECG findings and the reasoning behind them could help junior
doctors strengthen their understanding, essentially serving as an “automated second reader”
for challenging cases.

Despite these promising developments, real collaboration between humans and Al in
healthcare is still at an early stage, and several challenges still limit the excitement. Testing in
real clinical settings is still a major gap. A recent systematic review found that most studies
evaluating LLMs have used proxy tasks, like answering board-style questions, instead of
testing them in real patient care situations [38]. Only about 5% of published evaluations up to
early 2024 involved live clinical data or workflows [39]. Most studies have focused on accuracy
in narrow tasks, like question-answering, while paying much less attention to important
factors such as fairness, bias, and reliability in real-world use. This suggests that while lab-
based performance of Al is often impressive, its translation to routine practice with all the
messy complexity of real patients is less certain. In fact, early results are mixed. Some
researchers found that chatbot diagnosticians can give superficial or sometimes unsafe
advice, while others reported diagnostic accuracy close to that of clinicians when looking only
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at whether the answers were correct. This gap highlights how important the evaluation
criteria are. An Al might get the “right answer” often enough to perform well on a test but still
fail to provide the context, judgment, or depth of explanation that a physician would offer in
real patient care.

The current limitations of LLM-based Al in clinical decision-making are well documented in the
literature. One major concern is Al “hallucinations,” where the model generates information
that sounds correct but is actually wrong. Without strong safeguards, an LLM can sometimes
make up clinical facts or misstate guidelines, which could mislead users if not noticed. These
models can also carry over biases from the data they were trained on. As Quer and Topol [36]
note, an LLM can unintentionally reflect societal or racial biases found in healthcare data,
which could lead to unfair or unequal recommendations. Addressing this requires careful
checks for bias and possibly fine-tuning the model using more carefully selected datasets.
Another issue is the lack of explainability. Clinicians may be skeptical to trust Al advice if the
reasoning behind it is unclear the so-called “black box” problem. One possible solution being
explored is retrieval-augmented generation (RAG), which allows LLMs to provide citations or
evidence for their answers to make the process more transparent. Data privacy is another
important challenge [40], [41]. Since LLMs are trained in large amounts of text, they could
sometimes accidentally generate sensitive information, raising concerns about patient
confidentiality. Techniques like federated learning or swarm learning, which train Al on
distributed data without collecting it in one place, and differential privacy are being explored
to help reduce these risks. In summary, while LLMs offer huge potential as clinical co-pilots
bringing better efficiency, consistency, and possibly even higher quality of care the medical
community is moving forward carefully. Strong testing in different clinical settings, along with
safeguards to ensure accuracy, prevent bias, and protect privacy, are widely seen as essential
before LLMs can be fully trusted as partners in patient care.

2.3 APPLICATIONS OF Al IN ELECTROCARDIOGRAM INTERPRETATION

Electrocardiogram (ECG) interpretation is a domain that has seen active exploration of Al
tools, from traditional algorithmic analyzers to cutting-edge deep learning and LLM
approaches. Because ECG reading is a routine part of clinical practice but still depends heavily
on expert judgment, finding ways to automate or support this task with Al has been a long-
standing goal in medical research. In fact, basic computer-based ECG interpretation systems
have been embedded in ECG machines for decades to provide preliminary diagnoses.
However, the accuracy of these systems has been limited, often requiring physicians to over-
read to correct errors. This limitation created the opportunity for improved methods, and in
recent years machine learning (ML) techniques, particularly deep learning, have dramatically
advanced the field.

Early successes were reported with deep neural networks trained on large ECG datasets to
detect cardiac arrhythmias. Notably, Hannun et al. [42] developed a neural network for
classifying arrhythmias from single-lead ECG recordings that achieved cardiologist-level
performance. The system could diagnose 12 types of cardiac rhythms with high sensitivity,
matching experts in identifying conditions such as atrial fibrillation (AF) vs. normal rhythm.
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Subsequent studies extended these approaches to the standard 12-lead ECG used in clinical
practice. Chang et al. [43]for example applied a long short-term memory (LSTM) deep learning
model to a large set of 12-lead ECGs and obtained remarkable results: the model’s accuracy
in classifying each of 12 rhythm diagnoses was 298%, with area-under-curve (AUC) metrics
around 0.99 across the board. This near-perfect performance shows how far Al has come in
recognizing patterns in ECG waveforms. It suggests that for certain well-defined tasks, like
rhythm classification, a well-trained algorithm can match the consistency and accuracy of
human specialists. In fact, there are studies showing cases where Al-based ECG interpretation
outperformed physicians: One study found that an Al system outperformed not only general
practitioners but also cardiologists in classifying arrhythmias [42]. Beyond arrhythmias, deep
learning models have been developed to detect other conditions from ECGs that can be subtle
or hidden, such as predicting left ventricular dysfunction, detecting hypertrophic
cardiomyopathy, or even identifying patients at risk for pulmonary hypertension based on
waveform patterns. These results highlight that ECG signals contain far more information than
what is typically visible, and Al can help uncover complex patterns that connect those signals
to clinical diagnoses or outcomes.

2.4 BENCHMARKING Al AND LLMS Vvs. PHYSICIANS IN ECG TASKS

With the rise of general-purpose Al like LLMs, researchers have started testing how well these
models perform on ECG interpretation compared to human experts. A key question is whether
modern Al can not only read waveforms but also mimic the way clinicians think when making
diagnostic decisions from an ECG. Several recent studies have directly compared Al models,
including LLM-based systems, to physicians on standardized ECG tasks.

One such study compared the latest GPT-4 model an LLM by OpenAl against cardiologists and
emergency medicine doctors both with less than 5 years of experience after their residency in
interpreting ECG cases. Investigators constructed a test of 40 ECGs split into 20 routine cases
and 20 challenging cases presented as multiple-choice questions. Remarkably, GPT-4, given a
textual description of the ECG findings, outperformed the physicians in many cases. On the
set of routine, everyday ECG cases, GPT-4’s accuracy was significantly higher than both
emergency medicine specialists and cardiologists (p < 0.001 and p = 0.001, respectively) [17].
For the more challenging ECG cases, GPT-4 continued to exceed emergency physicians’
performance and essentially matched that of cardiology specialists. When considering all 40
cases together, GPT-4 answered more questions correctly on average than either group of
human physicians. The authors concluded that GPT-4 was at least as capable as experienced
cardiologists for ECG interpretation under these test conditions, and notably superior to
emergency medicine physicians. This is impressive evidence. It suggests that a general LLM,
when supported with domain-specific knowledge, can perform at the level of subspecialists in
reading ECGs at least when the key features of the ECG are clearly described in text for the
model. It’s important to note that GPT-4’s image processing capability (GPT-4V) was not used
in that study [13]. Instead, the model worked entirely from the ECG findings provided in text.
This suggests that much of the knowledge needed for ECG interpretation like recognizing
waveform patterns can be conveyed through text descriptions (for example, “ST-segment
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elevations in leads V2-V4 with Q waves...”), and the LLM can use that information to make a
diagnosis.

Another work explored multimodal LLM use for ECG by employing ChatGPT-4V, which can
directly analyze images. Zhu et al. [44] evaluated ChatGPT-4V’s ability to interpret actual ECG
waveform images and answer related multiple-choice questions. In a set of 62 ECG
interpretation questions covering diagnosis, treatment decisions based on the ECG, and
waveform measurements ChatGPT-4V reached an overall accuracy of 83.9% when allowed up
to three attempts, with the answer counted as correct if any attempt was right. Its accuracy
was lower (70.97%) when requiring at least two correct attempts, and 53.2% when it had to
get the answer correct on all three tries. These results demonstrated proficiency in many ECG-
related questions, especially in identifying the correct answer with one or two tries. However,
further analysis revealed important limitations. The Al performed best on questions about
treatment recommendations based on an ECG such as choosing the right drug or intervention.
Its performance was lower on diagnosis questions and lowest on questions that required
precise measurements, like calculating intervals. In fact, ChatGPT-4V had significant difficulty
when asked to interpret an ECG without multiple-choice options. The authors converted 19 of
the questions into an open-ended format, asking the Al to name the diagnosis based only on
the ECG. In that setting, ChatGPT-4V got only 7 out of 57 attempts correct. This shows that
the model often depends on recognizing the correct answer from the given options rather
than fully understanding the ECG features. Some specific weaknesses were noted. For
example, the model struggled to accurately count or measure ECG parameters, which led to
mistakes in diagnosing rhythm issues or interval abnormalities. While it could recognize clear
patterns, like detecting a myocardial infarction, it often failed to localize the infarct or combine
multiple ECG findings into a complete diagnosis. These limitations are likely because the LLM
wasn’t specifically trained on ECG waveform data during its development. As a general-
purpose model, it lacks fine-tuning on large ECG image datasets that specialized algorithms
are built with. Even so, the study by Zhu et al [44]. showed the potential of this type of Al.
Despite its limitations, ChatGPT-4V correctly answered most of the board-style ECG questions
and did especially well in recommending the right clinical management based on ECG findings.
The authors suggest that as LLMs continue to incorporate more medical knowledge and
possibly undergo training focused on ECG data their ability to handle tasks like ECG
interpretation could improve significantly.

It’s also useful to compare these LLM-based results with earlier ECG Al systems. Traditional
deep learning models that analyse ECG signals directly without relying on language have
already set a high standard for performance. For example, an Al model developed by Hannun
et al. [42] could detect arrhythmias from a single-lead ECG with sensitivity and specificity
similar to that of cardiologists. Similarly, a 12-lead LSTM model developed by Chang et al [43].
achieved near-perfect accuracy in classifying multiple types of rhythm abnormalities. In some
direct comparisons, these dedicated ECG Al systems clearly outperformed physicians. One
study found that an Al rhythm classifier was more accurate than internal medicine residents,
emergency physicians, and even cardiologists at identifying arrhythmia. Another study
reported that an Al model performed as well as cardiologists for certain complex ECG
diagnoses. These findings show that Al can match highest human performance in ECG
interpretation when tested under controlled conditions. LLMs like GPT-4 are a bit different

Optimizing Cardiology Diagnostic Accuracy via Synergistic Al-Human Integration 34



Interdisciplinary Postgraduate Programme

TEANE

29

QA ) Translational Engineering in Health and Medicine -Er TRANSLATIONAL

AV T, rme . . . . NGINEERING IN

L)Y H National Technical University of Athens A _E‘I ALTh &

2 e, i;; ééif . . . - -
PR School of Electrical and Computer Engineering M | MEDICINE

School of Mechanical Engineering

because they are designed as general-purpose models. Still, as shown above, they can reach
specialist-level accuracy on ECG tasks when given the right information. What sets LLMs apart
is their versatility the same model that reads an ECG can also write a report about it, answer
patient questions, or use clinical context to support its reasoning. This flexibility makes them
especially appealing for use in clinical workflows.

2.5 AI-PHYSICIAN INTERACTION IN ECG INTERPRETATION; AUTOMATION BIAS AND
DECISION-MAKING

While Al's raw performance on ECG tasks matters, it’s just as important to understand how
these tools work alongside human clinicians. In real-world practice, diagnosis is often a
collaborative process whether between colleagues or between a clinician and a decision-
support tool. As Al co-pilots become part of ECG interpretation, it’s crucial to understand how
they influence physician decision-making. Two key issues often discussed in the literature are
automation bias and Al’s potential to help close expertise gaps among clinicians.

Automation bias is the tendency for people to rely too heavily on suggestions from an
automated system, which can lead to mistakes if the Al is wrong. In clinical decision support,
this means a doctor might accept an Al’s ECG interpretation without questioning it even if it
goes against their own judgment or includes errors. This isn’t just a study of theory that has
confirmed that this bias happens in real-world practice. Kiicking et al. [45]one study on Al-
assisted diagnostics found that participants, especially those with less specialized training,
often accepted incorrect Al recommendations, which lowered their diagnostic accuracy [45].
Interestingly, the study also showed that non-specialists, who could benefit the most from Al
support, were also the most vulnerable to this bias [45]. In other words, junior or less
experienced clinicians gained significant help from Al on difficult tasks, but they were also
more likely to be misled when the Al was wrong. Key factors that influenced this included how
much the user trusted the Al, their own confidence in the subject, and how difficult the task
was[46]. Clinicians with more experience or additional training were more likely to double-
check the Al's suggestions and were less likely to blindly follow incorrect advice[45]. By
contrast, users who saw the Al as highly helpful or authoritative were more likely to ignore
their own correct judgment and accept the Al's incorrect answer[45]. Applied to ECG
interpretation, this means an inexperienced physician might correctly suspect something like
pericarditis. But if the Al mistakenly reports “normal ECG,” a physician affected by automation
bias could doubt their own judgment and dismiss the abnormality which could lead to a
harmful outcome.

There’s also evidence from other fields showing that physicians change their decisions when
Al advice is present. For example, in radiology, studies have found that if an Al tool labels an
image as “no finding,” less experienced readers may skim over it and miss subtle issues. On
the other hand, if the Al highlights a possible lesion, readers tend to focus on that spot
sometimes so much that they overlook other important areas. The overall effect can be better
sensitivity but also a higher risk of new oversights showing why balanced judgment is so
important. Similar concerns come up in cardiology. For example, an Al might correctly spot an
ST-elevation myocardial infarction (STEMI) on an ECG and help prompt faster treatment a
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clear benefit. But the Al could also sometimes mistake benign early repolarization for a STEMI,
which might lead a clinician to order unnecessary interventions if they trust the Al too much.

On the other hand, when used properly, Al can serve as a safety net to catch human errors.
The goal is a partnership where the physician and Al balance each other’s weaknesses. For
example, an experienced cardiologist might spot an ECG mistake the Al makes, while the Al
could suggest a diagnosis the cardiologist hadn’t considered. This kind of teamwork can be
especially helpful for less experienced doctors. In fact, one of the main reasons behind
research on human-Al collaboration is the hope that Al decision support can help bring junior
clinicians’ performance closer to the level of experts. Early evidence suggests this is possible.
When the Al gives correct guidance, the biggest improvements in diagnostic accuracy often
come from those with less experience, helping to narrow the expertise gap. For example, in
one study (outside the ECG field), non-specialist clinicians showed a bigger boost in accuracy
with Al support compared to specialists [45], [47], [48], [49]. This suggests that Al tools can
act as an equalizer, helping raise the baseline performance of junior physicians. In the context
of ECG interpretation especially since general practitioners and trainees often handle ECGs in
emergency settings a reliable Al co-pilot could help ensure that critical findings, like an
evolving myocardial infarction or a serious arrhythmia, are caught even if a less experienced
doctor misses them. The strengths of Al support include giving clinicians more confidence
knowing there’s a “second reader” checking their work and helping catch mistakes, whether
from missed details or misinterpretation. Studies have also shown that when physicians agree
with an Al and the Al is correct, their combined accuracy is higher than either one alone. This
benefit is often called augmented intelligence or the “team advantage” [47], [48].

On the other hand, the risks apply across all experience levels, with automation bias being
especially strong among less experienced clinicians. A senior cardiologist is more likely to treat
the Al's output as a suggestion and check it against their own knowledge, while a novice might
defer to the Al even when it goes against clinical signs. There’s also the risk of deskilling
overtime, if clinicians rely too much on Al for ECG interpretation, their own skills may fade.
This concern has already been raised in other diagnostic fields, where constant use of Al could
unintentionally reduce clinicians’ practice with difficult cases, leaving them less prepared
when the Al isn’t available or when its advice is wrong. Keeping physicians actively involved
and designing Al systems that can explain their reasoning or highlight key features on the ECG
could help reduce this risk. The ideal future is a well-balanced partnership where the physician
knows when to trust the Al and when to question it, and the Al is designed to recognize its
own limits by flagging low-confidence results or unusual cases for the clinician to review.

2.6 GAPSIN THE LITERATURE AND THESIS MOTIVATION

The review of the existing literature shows several gaps that this thesis aims to address. First,
while many studies have compared Al performance to physicians on ECG interpretation tasks,
very few have looked at how physicians actually use Al recommendations in real decision-
making situations. Most comparative studies like those testing GPT-4 against doctors on
multipole choice questions keep the human and Al efforts separate and only compare their
results. But this kind of setup doesn’t show what happens when a physician and an Al work
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together on the same case. This is a crucial gap because, in real practice, Al is meant to be a
tool that supports clinicians not a standalone diagnostician working independently. There’s
still little understanding of how clinicians use Al advice in their decision-making, how they
react when the Al gets something wrong, or how their trust in the Al changes over time. These
guestions are especially important in ECG interpretation, where subtle judgment calls are
common and can easily be influenced by Al suggestions.

Secondly, no prior study has systematically investigated the scenario of incorrect Al
suggestions in ECG interpretation and how that affects physician behaviour. While the broader
Al literature shows that automation bias can cause people to agree with Al mistakes[45], [49],
there’s been little data focused specifically on ECG interpretation especially across different
levels of clinician experience. For example, if an Al incorrectly calls an ECG normal when it’s
not, will junior doctors accept that mistake, and will senior doctors catch it? Or if the Al
wrongly flags an abnormality, could an overconfident suggestion lead to an unnecessary
intervention? These are critical safety questions that current studies haven’t directly
addressed, as most focus on how accurate Al is rather than how it influences human decisions.
This thesis aims to fill that gap by observing how physicians respond when the Al is deliberately
wrong, essentially stress-testing the human-Al partnership to find where it might break down.

Third, there is a gap in understanding the differential impact of Al support on clinicians of
different experience levels. It’s often assumed that Al decisions support helps less experienced
clinicians the most by bridging knowledge gaps, but the research hasn’t clearly measured this
in the context of ECG interpretation. So far, the only clues come from indirect evidence or
studies in other fields. As mentioned earlier, non-specialists may benefit more from Al support
but are also more likely to be misled by it [49]. It’s still unclear whether Al can actually raise a
novice’s performance to the level of an expert in a complex task like ECG interpretation and
do so without introducing new errors. By comparing junior and senior clinicians’ side by side,
both with and without Al support, this study aims to better understand how that dynamic
plays out. A particular focus is whether Al support can close the performance gap between
junior and senior doctors to a desirable outcome and under what conditions. It will also shed
light on whether senior clinicians meaningfully benefit from Al (do experts improve even
further with a second opinion, or does Al mostly help novices?).

In summary, current research shows that Al, including the latest LLM-based models, performs
remarkably well in ECG interpretation and other diagnostic tasks, sometimes matching
physician-level accuracy. While existing literature highlights both the benefits and risks of
human-Al collaboration such as improved decision-making but also automation bias real-
world evidence on how clinicians actually use Al during diagnostic decisions remains limited.
This thesis addresses that gap by observing how physicians integrate Al recommendations into
ECG interpretation, assessing their reactions to incorrect Al suggestions, and examining
whether Al support can narrow the gap between less and more experienced clinicians. The
study aims to offer practical insights that promote the safe, effective use of Al co-pilots in
clinical settings enhancing accuracy and confidence while mitigating risks like over-reliance
and ultimately advance a model of effective human-Al teamwork in healthcare.
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3 MATERIAL AND METHODS

3.1 INTRODUCTION

As artificial intelligence (Al) systems continue to gain ground in clinical decision-making,
understanding how physicians interact with these tools is becoming increasingly critical. This
study investigates the influence of a large language model (GPT-40) on physicians’ diagnostic
performance when interpreting electrocardiograms (ECGs) [50].

3.1.1 Study Design and Objectives

This study aimed to evaluate how interaction with an Al system influences physicians'
diagnostic accuracy, confidence, and critical thinking when interpreting ECGs. A two-phase
questionnaire approach was used: physicians first made diagnoses independently and were
then exposed to Al-generated suggestions for the same cases. The study involved physicians
divided into three groups and included ECG cases categorized by difficulty and Al reliability.
The primary outcome measured was diagnostic accuracy before and after Al assistance.
Secondary outcomes included frequency and direction of answer changes, susceptibility to
incorrect Al suggestions, and the influence of physician characteristics on decision-making
behaviour.

3.1.2 ECG Case Selection and Questionnaire Development

In our research, a total of 50 ECG cases were selected and prepared as multiple-choice
questions, referring to ECG cases found in the “150 ECG Cases” book by John R. Hampton
[20]. A distinguishing feature of this book is that all the ECGs included are explicitly defined.
The book is divided into two sections: everyday ECGs and more challenging ECGs each case
consists also basic patient demographic information such as (age, gender, symptoms). The 50
ECG cases selected were prepared as multiple-choice questions. The 40 ECG cases had already
been converted into multiple-choice format in a previous study [17]. From everyday ECGs
sections, 20 ECG cases were selected, and from the more challenging ECGs 20 ECG cases were
selected, culminating in a total of 40 ECG cases prepared from a previous study in a multiple-
choice format. For the purposes of the present study, an additional more challenging ECGs 10
ECG cases were selected from a cardiology handbook and were converted into multiple-choice
guestions with the assistance of a cardiologist. The purpose of including these additional cases
is to observe and analyse physicians' attitudes and judgment in scenarios where the Al
suggestion is intentionally false. This study focuses on the interaction between cardiologists
and internal medicine physicians with an Artificial Intelligence (Al) system designed to support
the diagnostic process. The goal was to evaluate the extent to which Al integration can
enhance diagnostic accuracy and physician confidence, as well as to explore clinicians’ trust in
and critical thinking toward Al-generated suggestions.
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3.1.3  Ethical Approval

The research protocol was approved by the Research Ethics and Deontology Committee
(R.E.D.C.) of the National Technical University of Athens (NTUA) on January 14, 2025 (Protocol
no: 2008/08.01.2025). Written informed consent was obtained from all participants and are
available upon request. Data collection complied with ethical standards, and all responses
were anonymized. The ethical approval and study protocol are available in Appendix D and E,
respectively.

3.2 Al MODEL SELECTION AND BENCHMARKING

To examine how interaction with an Al system helps or influences physicians’ diagnostic
judgment, it was first necessary to identify the most suitable Al model to serve as the
diagnostic co-pilot. This step was critical to ensure the credibility and clinical relevance of the
Al-generated suggestions provided to participants. We conducted internal benchmarking
tests across multiple OpenAl large language models (LLMs), including GPT-3.5 Turbo, GPT-4,
GPT-4 Turbo, GPT-40, ol Preview, and ol Mini. Among these, GPT-40 consistently achieved
the highest diagnostic accuracy in preliminary test cases and was therefore selected as the Al
assistant integrated into the final version of the questionnaire. This model was subsequently
used to generate diagnostic suggestions for each of the 40 ECG cases. The remaining 10 cases
included intentionally incorrect suggestions, which were crafted in collaboration with a
cardiologist to simulate plausible but false Al outputs. These 50 cases formed the basis for
evaluating how Al input affects physicians’ decision-making, confidence, and susceptibility to
influence across varying levels of case difficulty.

3.2.1 Automated Evaluation Pipeline Development

To evaluate GPT-40’s performance on ECG interpretation, we developed an automated
evaluation pipeline using Python and OpenAl APl. The model was accessed asynchronously via
API calls, with temperature set to 0.1 and top-p to 0.5 to ensure deterministic responses. Each
multiple-choice question, accompanied by an ECG image, was submitted to GPT-4o five times
per prompt, under each of the five-system instruction sets.

The ECG images were preprocessed and encoded into base64 format to be passed as
image_url content to the model. A consistent message structure was used, combining both
image and text input. GPT-40’s final answers were extracted from each response, assuming
the format “Answer: [X]”, and evaluated against the ground-truth labels. The process was fully
logged, and per-question performance was stored for later statistical analysis. A correct
response was recorded when the model provided the correct diagnosis in at least 4 out of 5
attempts. All responses and evaluation logs were saved in structured directories, and the final
data was archived for analysis and reproducibility.

3.2.2 Parameter Configurations

Each of the 50 ECG multiple-choice questions was presented to GPT-40 five times under
identical system instructions to assess the model’s consistency. The model was accessed via
the OpenAl API, which allows precise control over its behavior through prompt engineering
and temperature settings.
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The evaluation was performed under two parameter configurations:

Low randomness setup

Temperature 0.1

Top-p 0.5

Table 1 Low randomness setup

This configuration prioritized determinism and minimized variability in the model's output
across repetitions.

High randomness setup

Temperature 1.0

Top-p 1.0

Table 2 High randomness setup

This configuration allowed greater creativity and variability and was used to assess the effect
of randomness on diagnostic reliability.

3.2.3 Prompt Engineering and Instruction Design

Five distinct system instructions (prompts) were crafted to progressively increase the
specificity and expectations placed on the model. These ranged from basic ECG interpretation
with minimal guidance (Instruction #1) to detailed, professional-level interpretation requiring
the extraction of all features from the ECG image and case data (Instruction #5). The prompts
included requests for the most likely diagnosis, a brief justification, and a percentage-based
likelihood estimation for each answer option.

3.2.4 Performance Evaluation Criteria

Performance was evaluated using a strict accuracy criterion: a question was considered
“correctly answered” by the model if at least 4 out of the 5 responses were accurate. This
allowed for the assessment of both model accuracy and consistency across different difficulty
levels, including everyday ECG, more challenging ECG cases, and those containing an
intentionally false ECG suggestion from Al.

3.2.5 Questionnaire Development and Participant Recruitment

The questions are detailed in Appendixes A, B and C. The questions were prepared using
SurveyMonkey (can be found in https://www.surveymonkey.com/r/B526NSR). Our study
included 10 Internal Medicine specialists, 10 cardiology specialists, each with more than
fifteen years and less than twenty-five years of experience and 5 Internal Medicine specialists
with less than five years of experience. No personal information beyond the participants’ full
names was recorded. All data collected during the study remained fully anonymous.

Specifically for the purpose of this research, the following information was documented:
medical specialty (cardiologist or pathologist), years of professional experience since
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obtaining their specialty, whether they completed their training in Greece or abroad, and their
level of familiarity with artificial intelligence applications.

3.2.6  Study Procedure and Data Collection

Before administering the questionnaire, all participating physicians were informed about the
purpose and objectives of the study and provided written consent to participate. The
questionnaires were then distributed in person during live sessions, where each participant
completed the entire questionnaire in a single sitting. Data collection was conducted through
the SurveyMonkey platform. Participants answered the questions blindly, without knowing
which cases were everyday ECG, which were more challenging ECG cases, and which included
an intentionally false ECG suggestion from Al. This ensured blinding with respect to both the
difficulty of the ECG cases and the validity of the Al-provided suggestions. All responses were
securely recorded within the SurveyMonkey system. The questionnaire included 50 ECG cases
presented in two phases:

e Initial Diagnosis: Each case included an ECG image alongside patient characteristics
and demographic information (age, gender, symptoms). Participants were instructed
to select the most likely diagnosis from five predefined options based on their clinical
experience.

. Al Suggestion: After the initial diagnosis was recorded, the same ECG case was
shown again with a diagnostic suggestion generated by GPT-4o. Participants could
then either revise their initial answer or retain it.
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3.3 POWER ANALYSIS

A priori power analysis was conducted using G*Power (version 3.1.9.7) (Figure 12) to
determine the minimum required sample size for detecting statistically significant differences
in diagnostic accuracy between physician groups. Effect sizes were calculated using Cohen’s
d, based on performance differences between groups (e.g., cardiologists vs. internal medicine
physicians) using pilot data. For the total ECG question set, the effect size between GPT-40
and cardiologists were estimated at effect size d = 1.83 [51].

{ith, G-Power 3197
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Figure 12 GPower output for a priori sample size calculation

Using this effect size, a two-tailed t-test, significance level of a = 0.05, and statistical power of
0.96, the minimum required sample size was calculated to be 10 participants per group (20 in
total). The actual achieved power under these conditions was 0.9716, confirming that the
study was sufficiently powered to detect meaningful group differences. A power curve (see
Figure 13) was also generated using G*Power to visualize how required sample size varies with
statistical power at the specified effect size (d = 1.83). As shown, our selected sample size (n
= 20) achieves a power of approximately 0.96, which exceeds conventional thresholds for
adequate statistical inference.

In the present study, we included 10 cardiologists and 10 experienced internal medicine
physicians (with 15-25 years of clinical experience), thus meeting the calculated requirement.
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Figure 13 Power curve generated with GPower

Additionally, an external validation group of 5 internal medicine physicians (less than 5 years
of experience) was included to explore generalization and to assess variation in susceptibility
to Al influence across levels of clinical experience. Since this subgroup was used for
exploratory purposes rather than formal hypothesis testing, no additional power analysis was
conducted. Nonetheless, their inclusion provided valuable insight into experience-related
vulnerabilities, particularly in cases involving intentionally false Al-generated ECG suggestions
[52].

3.4 STATISTICAL ANALYSIS

Statistical analyses were performed using IBM SPSS Statistics, version 29.0.2. The sample
included 25 physicians divided into three groups: cardiologists (n = 10), experienced internal
medicine physicians (n = 10), each with more than fifteen years and less than twenty-five years
of experience and internal medicine physicians (n = 5) with less than five years of experience.
Each participant provided paired responses across 50 ECG cases, initial Diagnosis, each
question presented an ECG image of a case, along with relevant patient characteristics and
demographic information (age, gender, symptoms). Participants were asked to review the
information and select the most likely diagnosis from five options, based on their clinical
experience. Al Suggestion, after recording the initial diagnosis, the same case was presented
again with a diagnostic suggestion generated by the Al. Participants could then either revise
their answer or maintain their original choice. This resulted in 1,250 pre- and 1,250 post-Al
diagnostic decisions. The primary outcome was diagnostic accuracy, measured as the
percentage of correct diagnoses before and after Al assistance. A total of 50 ECGs included 20
everyday ECG cases, 20 more challenging cases, and 10 intentionally false Al suggestions
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cases, where the GPT model deliberately provided incorrect suggestions, to test susceptibility
to misleading Al input.

Within-subject comparisons between initial and final accuracy scores were conducted using
paired-sample t-tests for normally distributed variables and Wilcoxon signed-rank tests for
non-parametric cases. These tests were applied at the case category level (everyday ECG,
more challenging ECG, and intentionally false Al suggestions), and within each physician group
to evaluate whether Al assistance led to statistically significant improvements or declines in
performance.

Between-group comparisons (cardiologists vs. experienced vs. internal medicine physicians
with less than 5 years of experience) were analysed using one-way ANOVA for normally
distributed data or Kruskal-Wallis tests when assumptions of normality or homogeneity of
variances were not met, as determined by the Shapiro—Wilk and Levene's tests, respectively.
Where significant main effects were found, post-hoc comparisons were performed using
Tukey's HSD for equal variances or Tamhane's T2 for unequal variances. This allowed
identification of specific group differences in susceptibility to Al influence, baseline accuracy,
and net benefit or harm from Al input.

The frequency and direction of answer changes (e.g., correct-to-wrong, wrong-to-correct, or
no change) were treated as categorical variables and compared using chi-square tests.
Particular attention was given to subgroup patterns in cases with intentionally incorrect Al
suggestions, to identify groups most vulnerable to Al-induced error.

Further exploratory analyses assessed whether the correctness of the Al response (correct vs.
incorrect) had a statistically significant effect on the likelihood of participants changing their
answers. These analyses were stratified by physician group and case difficulty level. Change
rates were compared across groups using ANOVA, and the interaction between Al correctness
and physician group on decision change behaviour was examined.

Correlation analyses were also conducted to examine the relationship between physicians’
susceptibility to Al influence (i.e., number of changed answers) and independent variables
such as years of clinical experience, self-reported familiarity with Al (measured on a 10-point
scale), country of specialty training (Greece vs. abroad), and total time taken to complete the
guestionnaire. Pearson’s correlation was used for continuous variables with normal
distributions, and Spearman’s rank correlation for non-parametric data. All statistical tests
were two-tailed, and results with a p-value less than 0.05 were considered statistically
significant.
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4 RESULTS

4.1 [INTRODUCTION

In the findings of our research, significant differences were observed across physician groups,
comprising 25 participants divided into three cohorts: cardiologists (n = 10), experienced
internal medicine physicians (n = 10), each with more than fifteen years and less than twenty-
five years of experience and internal medicine physicians (n = 5) with less than five years of
experience. These categories included everyday ECG questions, more challenging ECG
questions, and intentionally false Al suggestion cases (p < 0.001).

GPT-40’s responses were generated via API using structured multiple-choice ECG questions
sourced from a validated textbook. The model was configured for high determinism, using a
temperature of 0.1 and top-p of 0.5, ensuring consistency and minimizing randomness. Five
distinct system instructions (prompts) were tested, gradually increasing in complexity from
basic pattern recognition to expert-level diagnostic reasoning. For the main evaluation
presented here, the first and simplest prompt was used. This prompt instructed the model to
interpret ECG images, select the most likely diagnosis from multiple choices, and briefly
explain its reasoning along with estimated likelihoods for each option.

Throughout the results, statistical significance is reported using p-values, with p < 0.05
considered statistically significant. This threshold indicates that the likelihood of the observed
difference occurring by chance is less than 5%. In multiple instances, very low p-values (e.g.,
p < 0.001) denote strong evidence for the reported differences. Effect sizes were reported to
quantify the magnitude of those differences beyond statistical significance. Specifically,
Cohen’s d was used for paired t-tests, where values around 0.2 are considered small, 0.5
medium, and 0.8 or higher large; for example, values such as d = 1.38 and d = 2.02 reflect very
large improvements due to Al assistance. For non-parametric comparisons using the Wilcoxon
signed-rank test, effect size r was reported, where values around 0.1 are small, 0.3 medium,
and 0.5 or above large; in this study, r = 0.60-0.63 indicates strong effects across groups. For
ANOVA results, partial n? was reported to indicate the proportion of variance explained by
group membership, with values above 0.14 generally considered large; the reported values
(e.g., n? = 0.73) reflect very strong between-group differences. In categorical analyses (e.g.,
direction of answer changes or susceptibility to Al), chi-square (x?) tests were used with phi
coefficient (¢p) to measure association strength, where ¢ > 0.5 represents a strong effect; for
instance, ¢ = 0.72-0.91 shows substantial differences in group behavior. Finally, 95%
confidence intervals (Cls) accompany all key comparisons to express the precision and
uncertainty of the estimated differences. If a Cl does not include zero, the result is statistically
significant. Non-significant results, such as p = 0.291 with a Cl including zero, suggest that the
observed difference may be due to chance and should be interpreted with caution.
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4.2 BASELINE PERFORMANCE WITHOUT Al ASSISTANCE

4.2.1 Performance in Everyday ECG Cases

The first comparison focused on 40 ECG cases, consisting of 20 everyday ECG questions and
20 more challenging ones. This analysis compared GPT-40's performance to the initial
responses of the three physician groups, provided without any Al assistance.

Under this rigorous setup, GPT-40 demonstrated moderate performance on the everyday ECG
questions, achieving an average of 14.0 (+1.02) correct answers out of 20 (70%). Among the
physicians, cardiologists scored the highest, with an average of 17.8 (+1.32) correct answers
(89%), followed by experienced internists with 13.4 (+1.35) (67%), and less experienced
internists with 9.4 (£1.03) (47%). These results are summarized in Table 3. A one-way ANOVA
confirmed that these differences were statistically significant (F(2, 22) = 29.8, p <0.001, partial
n?=0.73). Levene’s test for homogeneity of variances was not significant (p = 0.12), indicating
that the assumption was met. Post-hoc testing using Tamhane’s T2 indicated that all pairwise
group differences were also significant (all p < 0.01).

Group Mean + SD Accuracy Statistical p-value Effect Size
(Correct (%) Test
Answers out
of 20)
GPT-40 14.0+x1.02 70%
Cardiologists 17.8+1.32  89% ANOVA F(2, p<0.001 Partial n? =
22)=29.8 0.73
Experienced 13.4+1.35 67% Levene’s test p=0.12 Assumption
Internists (Homogeneity met

of variances)

Less 9.4+1.03 47% Post-hoc Allp<0.01  Significant
Experienced Tamhane’s T2 differences
Internists (Al pairwise

comparisons)

Table 3 Performance for Everyday ECGs without Al Assistance

4.2.2 Performance in More Challenging ECG Cases

In more challenging ECG questions, GPT-40 achieved an average of 15.0 (+0.98) correct
answers out of 20 (75%). Cardiologists demonstrated equal performance, also achieving 15.0
(£1.14) correct answers (75%), representing the highest scores among all groups. In contrast,
significantly lower performances were observed among experienced internists, who achieved
12.3 (+1.23) (61%), and less experienced internists, who scored 7.6 (+1.12) (38%). These
results are presented in Table 4.
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Group Mean  SD (Correct/20) Accuracy (%)
GPT-40 15.0+0.98 75%
Cardiologists 15.0+1.14 75%
Experienced Internists 12.3+1.23 61%
Less Experienced Internists | 7.6 £1.12 38%

Table 4 Performance for Challenging ECGs without Al Assistance

ANOVA again revealed statistically significant differences between groups (F(2, 22) =33.2, p<
0.001, partial n? = 0.75), with Tukey’s HSD post-hoc test confirming that cardiologists
outperformed both internist groups (p < 0.01), while experienced internists also performed
significantly better than their less experienced counterparts (p = 0.004).

Test Result
ANOVA F(2,22)=33.2, p<0.001
Effect Size (Partial n?) 0.75 (Very Large)

Post-Hoc Test (Tukey’s HSD):

Cardiologists vs Experienced Internists p<0.01
Cardiologists vs Less Experienced p<0.01
Experienced vs Less Experienced p =0.004

Table 5 ANOVA Analysis for Challenging ECGs without Al Assistance

4.2.3 Combined Baseline Performance

Across all 40 ECG cases, excluding those ten with intentionally false Al suggestions, GPT-40
achieved 29.0 (£1.75) correct answers (72.5%). In the initial responses of physicians without
Al assistance, cardiologists had the highest performance, with 32.8 (+2.05) correct answers
(82%, Cl: [31.4, 34.2]), followed by experienced internists with 25.6 (+2.20) (64%, Cl: [24.1,
27.1]), and less experienced internists with 17.0 (+2.04) (42.5%, , Cl: [15.3, 18.7]). These
differences were statistically significant (p < 0.001), as detailed in Table 6.

Grou Mean N Accuracy (%) 95% ClI
P (Correct/40) y e 0
GPT-40 29.0+£1.75 72.5% =
Cardiologists 32.8+2.05 82% [31.4,34.2]
Experienced
25.6+2.20 64% [24.1, 27.1]

Internists
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Less  Experienced . 15 04 42.5% [15.3, 18.7]

Internists
Table 6 Combined Baseline Performance without Al Assistance

A Kruskal-Wallis test was used due to Shapiro—Wilk tests indicating a violation of normality
for the less experienced group (W = 0.89, p = 0.042), and confirmed the overall difference (H
=17.4, p < 0.001).

Test Result

Violation detected for Less Experienced

Normality Test (Shapiro—Wilk
57T ERLA=A 1L group (W = 0.89, p = 0.042)

Overall Group Difference (Kruskal-Wallis) H=17.4,p<0.001

Significance of Group Differences Statistically significant (p < 0.001)

Table 7 Kruskal-Wallis test for Combined Baseline Performance without Al Assistance

4.3 PERFORMANCE WITH Al ASSISTANCE ON NON-DECEPTIVE CASES

43.1 Everyday ECG Cases with Al Assistance

The second comparison was based on the same 40 ECG cases, consisting of 20 everyday ECG
questions and 20 more challenging ECG questions, focusing on the physicians’ post-Al
responses with Al suggestions compared to their initial responses without Al assistance across
the three physician groups.

In the second phase, physicians answered the same questions with the support of the Al
assistant, which provided a suggested answer along with an explanation for the choice.
Cardiologists, in the everyday ECG questions with Al assistance, scored the highest among the
physician groups with 18.9 (+1.12) correct answers out of 20 (94.5%), compared to 17.8
(£1.32) (89%) in their initial response. A paired-sample t-test confirmed this improvement was
statistically significant (t(9) = 4.36, p = 0.002, Cohen’s d = 1.38), with a 95% Cl for the mean
difference of [0.43, 1.65]. They were followed by experienced internists, who achieved 17.4
(£1.25) correct answers (87%), compared to 13.4 (+1.35) (67%) in the initial response. This
improvement was significant (Z = -2.80, p = 0.005, r = 0.63), with a 95% Cl of [2.8, 4.5]. Less
experienced internists, who scored 12.8 (+1.18) correct answers (64%), compared to 9.4
(£1.03) (47%) in the initial response (Z=-2.67, p = 0.008, r = 0.60), with a 95% Cl of [2.5, 4.2].
Results are presented in Table 8.
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Question Grou Without Al With Al Assistance Test value
Type P Mean = SD Mean = SD P
Everyday  Cardiologists 17.8+1.32  18.9+1.12 t(9) =4.36  0.002
ECG
Questions
(n=20)
Experienced  13.4+135 17.4+1.25 Z = -2.80 0.005
Internists (Wilcoxon)
Less 9.4+1.03 12.8+1.18 Z = -2.67 0.008
Experienced (Wilcoxon)
Internists

Table 8 Performance with Al Assistance on Non-Deceptive Cases

4.3.2 More Challenging ECG Cases with Al Assistance

In the more challenging ECG questions, cardiologists with Al assistance scored the highest
among the physicians, with 16.1 (+1.21) correct answers out of 20 (80.5%), compared to 15.0
(£1.14) (75%) in their initial response. This difference was statistically significant (paired t-test:
t(9) =3.29, p =0.009, d = 1.04), 95% ClI: [0.32, 1.72]. A significant improvement was observed
in experienced internists, who achieved 14.4 (+1.27) correct answers out of 20 (72%),
compared to 12.3 (+1.23) (61%) in their initial response (t(9) = 4.05, p = 0.003, d = 1.28), Cl:
[1.02, 3.01]. Less experienced internists also demonstrated remarkable improvement,
achieving 15.0 (+1.30) correct answers out of 20 (75%), compared to 7.6 (+1.12) (38%) in the
initial response (Z=-2.81, p = 0.005, r = 0.63), Cl: [6.3, 8.2]. Results are presented in Table 9.

Question Group Without Al With Al Assistance Test p-
Type Mean + SD Mean * SD value
More Cardiologists  15.0+1.14 16.1+1.21 t(9)=3.29 0.009
Challenging
ECG
Questions
(n=20)
. 12.3+1.23 14.4+1.27 t(9) =4.05  0.003
Experienced
Internists
Less 7.6+1.12 15.0+1.30 Z = -2.81 0.005
Experienced L)
Internists

Table 9 Performance for Challenging ECGs with Al Assistance

Optimizing Cardiology Diagnostic Accuracy via Synergistic Al-Human Integration 43



Interdisciplinary Postgraduate Programme

TEANE

%/
2

AR Translational Engineering in Health and Medicine -Er TRANSLATIONAL
AV T, rme . . . . NGINEERING IN
L)Y H National Technical University of Athens A _E‘I ALTh &
2 e s=> . . . -
‘;@‘i i 95 School of Electrical and Computer Engineering M | MEDICINE

School of Mechanical Engineering

4.3.3 Combined Performance with Al Assistance

Across all 40 ECG cases, including everyday ECGs and more challenging ECG questions
(excluding the intentionally false Al suggestion cases), cardiologists achieved the highest
overall score with Al assistance, with 35.0 (+2.01) correct answers out of 40 (87.5%), compared
to their initial response without Al assistance of 32.8 (+2.05) (82%). This difference was
statistically significant (t(9) = 4.91, p = 0.001, d = 1.55, 95% Cl: [1.1, 3.3]).They were followed
by experienced internists, whose overall score with Al assistance increased to 31.8 (+2.12)
correct answers out of 40 (79.5%), compared to 25.6 (+2.20) (64%) in their initial response
without Al assistance (t(9) = 6.40, p <0.001, d = 2.02, Cl: [4.3, 8.1]). Less experienced internists
also showed a substantial improvement, achieving 27.8 (+2.15) correct answers out of 40
(69.5%), compared to 17.0 (£2.04) (42.5%) in their initial response without Al assistance (Z =
-2.80, p = 0.005, r = 0.63, Cl: [9.0, 12.7]). These differences were statistically significant (p <
0.001), as detailed in Table 10.

With Al

Without Al i Accuracy
Assistance i
Group Mean + SD Without too @ Test p-value
(Correct/40) Mean * SD With Al (%)
(Correct/40) °
82%
Cardiologists  32.8 £2.05 35.0£2.01 ° e t(9) =4.91 0.001
87.5%
Experienced 64%
xP I. 25.6+2.20 31.8+2.12 ° ? t(9) =6.40 <0.001
Internists 79.5%
L Z = -2.80
ess 425% >
Experienced 17.0+2.04 27.8+2.15 (Wilcoxon 0.005
. 69.5% .
Internists signed-rank)
Table 10 Combined Performance with Al Assistance
4.4 IMPACT OF INCORRECT Al SUGGESTIONS

4.4.1 Performance Drop Due to Incorrect Al Suggestions

The third comparison focused on 10 ECG cases that included intentionally incorrect Al
suggestions. All cases were more challenging ECG questions. The purpose was to measure how
incorrect Al suggestions influenced physicians’ decisions. The physicians’ answers with
incorrect Al suggestions were compared to their initial answers without Al assistance, across
the three physician groups. In these cases, physicians were unaware that the Al suggestions
were intentionally incorrect and treated them the same way as any other Al recommendation
provided during the study.

Cardiologists achieved 8.0 (+0.67) correct answers out of 10 (80%) in their initial responses
without Al assistance. When incorrect Al suggestions were provided for the same cases, their
performance dropped to 7.4 (+0.74) out of 10 (74%), showing a decrease of 0.6 correct
answers (6%) (t(9) = 3.00, p = 0.013, d = 0.95, Cl: [0.13, 1.07]). Experienced internists initially
scored 6.1 (+0.81) out of 10 (61%), which dropped to 5.1 (+0.88) out of 10 (51%) when
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incorrect Al suggestions were present, representing a decrease of 1.0 correct answer (10%)
(t(9) = 4.03, p = 0.003, d = 1.27, Cl: [0.48, 1.48]). Less experienced internists achieved 4.6
(£0.89) out of 10 (46%) in their initial responses, but their performance dropped completely
to 0.0 (+0.00) out of 10 (0%) when the same cases included incorrect Al suggestions, resulting
in a total decrease of 4.6 correct answers (100%) (Z =-2.80, p = 0.005, r = 0.63, Cl: [4.0, 5.2]).
These results are summarized in Table 11.

. With Accuracy
Grou :\IAV:::UZ SADI Incorrect Without Test p- Effect = 95% Cl of
P (Correct_/lo) AlMean + SD - With value @ Size Difference
(Correct/10) (%)
80% d = [0.13,
Cardiologists 7.4+0.74 i t(9)=3.00 0.013 !
74% 0.95 1.07]
Experienced 61% - d = [04S,
5.1+0.88 t(9)=4.03 0.003
Internists 51% ) 1.27 1.48]
Less Z=-2.80
46% Wilcoxon r =
Experienced 0.0+0.00 0(y° e ; r']e dx 0005 = [40,52]
Internists ? 8 )
rank)

Table 11 Drop of Performance with Incorrect Al Suggestions

4.5 OVERALL PERFORMANCE ACROSS 50 EcG CASES

45.1 Performance in 50 ECG Cases

The fourth comparison was based on the overall 50 ECG cases, which included 20 everyday
ECG questions, 20 more challenging ECG questions, and 10 more challenging ECG cases with
intentionally incorrect Al suggestions. This analysis compared the physicians’ initial responses
without Al assistance to their responses with Al assistance across the three physician groups.

The physicians first answered each case without Al assistance and then answered the same
case again with Al assistance, where the Al provided a suggested answer along with an
explanation for the choice. The cases were divided into 20 everyday ECGs and 30 more
challenging ECGs. Among the 30 challenging cases, 20 included correct Al suggestions, while
the remaining 10 contained intentionally incorrect Al suggestions, which were analyzed
together as one group.

4.5.2 Everyday ECG Performance

In the everyday ECG questions, cardiologists achieved the highest performance with Al
assistance, scoring 18.9 (+1.05) correct answers out of 20 (94.5%), compared to 17.8 (+1.32)
(89%) in their initial responses without Al assistance. This improvement was statistically
significant (t(9) =4.36, p=0.002, d = 1.38, Cl: [0.45, 1.68]). They were followed by experienced
internists, who scored 17.4 (+1.18) correct answers (87%) with Al assistance, compared to
13.4 (+1.35) (67%) in their initial responses (t(9) = 6.28, p <0.001, d = 1.99, CI: [3.0, 5.1]). Less
experienced internists achieved 12.8 (+1.24) correct answers (64%) with Al assistance,
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compared to 9.4 (+1.03) (47%) in their initial responses (Z=-2.67, p = 0.008, r = 0.60, Cl: [2.3,
4.6]). These results are summarized in Table 12.

Group

Cardiologists

Experienced
Internists

Less
Experienced
Internists

453

Without Al
Mean * SD
(Correct/20)

17.8
1.32

I+

13.4
1.35

I+

9.4+1.03

With Al
Assistance

Mean * SD
(Correct/20)

18.9+1.05

17.4+£1.18

12.8+1.24

Accuracy
Without
- With
(%)

8% -
94.5%

67% -
87%

47% -
64%

Test

t(9)=4.36

t(9)=6.28

Z=-267
(Wilcoxon
signed-
rank)

Table 12 Performance for Everyday ECGs

More Challenging ECG Performance

p-value

0.002

<0.001

0.008

Effect
Size

95% Cl of
Difference

[0.45,
1.68]

[3.0,5.1]

[2.3,4.6]

In the more challenging ECG questions, cardiologists achieved the highest performance with
Al assistance, scoring 23.5 (£1.84) correct answers out of 30 (78.3%), compared to 23.0 (+2.05)
(76.6%) in their initial responses without Al assistance. This difference was not statistically
significant (t(9) = 1.12, p = 0.291, d = 0.35, Cl: [-0.56, 1.56]). Experienced internists also
improved, scoring 19.5 (+2.12) correct answers (65%) with Al assistance, compared to 18.3
(£2.20) (61%) in their initial responses (t(9) = 2.58, p = 0.030, d = 0.82, Cl: [0.12, 2.28]). Less
experienced internists achieved 15.0 (+2.15) correct answers (50%) with Al assistance,
compared to 12.2 (+2.04) (40.6%) in their initial responses (Z = -2.80, p = 0.005, r = 0.63, Cl:
[2.0, 3.7]). These results are presented in Table 13.

Group

Cardiologists

Experienced
Internists

Less
Experienced
Internists

Without
AlMean £ SD
(Correct/30)
23.0 +
2.05

18.3 +
2.20

12.2 +
2.04

With Al
Assistance
Mean *
(Correct/30)

SD

23.5+1.84

19.5+2.12

15.0+2.15

Accuracy

Without

-  With

(%)

76.6%
9
78.3%

61% ->

65%

40.6%
- 50%

Test

t(9)=1.12

t(9)=2.58

Z=-2.80
(Wilcoxon
signhed-
rank)

Table 13 Performance for Challenging ECGs

p-
value

0.291

0.030

0.005

Effect
Size

95% Cl of
Difference

[-0.56,
1.56]

[0.12,
2.28]

[2.0,3.7]
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45.4 Total Performance Across All 50 Cases

Across all 50 ECG cases including everyday ECG questions, more challenging ECG questions,
and the 10 cases with intentionally incorrect Al suggestions, cardiologists achieved the highest
overall performance with Al assistance, scoring 42.4 (+2.10) correct answers out of 50 (84.8%),
compared to 40.8 (+2.25) (81.6%) in their initial responses without Al assistance. This
difference was significant (t(9) = 3.42, p=0.008, d = 1.08, Cl: [0.72, 2.72]). They were followed
by experienced internists, whose overall score with Al assistance increased to 36.9 (+2.32)
(73.8%), compared to 31.7 (£2.40) (63.4%) in their initial responses (t(9) = 5.93, p < 0.001, d =
1.87, Cl: [4.1, 6.8]). Less experienced internists achieved 27.8 (+2.18) correct answers out of
50 (55.6%) with Al assistance, compared to 21.6 (+2.07) (43.2%) in their initial responses
without Al assistance (Z = -2.80, p = 0.005, r = 0.63, Cl: [4.6, 7.3]). These differences were
statistically significant (p < 0.001), as detailed in Table 14.

Without Al With Al | Accuracy
Grou Mlea:u+ D Assistance Without Test value Effect = 95% Cl of
P (Correct_/50) Mean * SD = With P Size Difference
(Correct/50) | (%)
81.6%
40.8 + 424 + d = [0.72,
Cardiologists - t(9)=3.42 0.008
2.25 2.10 1.08 272
84.8% ]
63.4%
Experienced @ 31.7 + 36.9 + d =
Internists 2.40 2.32 > t9)=593 <0.001 , o, [4.1,68]
' ' 73.8% )
Z=-2.80
Less 43.2% .
Experienced 21.6 + 27.8 + N (Wilcoxon 0.005 r = (4.6,7.3]
2.07 2.18 igned- ' 0.63 B
Internists 55.6% Al
rank)

Table 14 Performance for all 50 ECGs

4.6 PERFORMANCE COMPARISON AND ERROR ANALYSIS

46.1 GPT-40 vs Physician Groups on 40 Cases

Significant performance disparities emerged across physician groups. In 20 everyday ECG
cases (n = 20), GPT-40 achieved 70% accuracy (14.0/20), outperforming less experienced
internists (47%, p < 0.001, x3(1) = 10.2, ¢ = 0.72) and slightly surpassing experienced internists
(67%, p = 0.189). Cardiologists achieved the highest accuracy at 89% (17.8/20, p < 0.001, x*(1)
=13.1, ¢ = 0.81), significantly outperforming all other groups including GPT-40 (p < 0.01).

Group Correct Answers (Out of 20) = Accuracy (%)
GPT-40 14.0 70%
Cardiologists 17.8 89%
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Experienced Internists 13.4 67%

Less Experienced Internists 9.4 47%

Table 15 GPT-40 vs Physician Groups for easy ECGs

Performance Comparison Between GPT-40 and Physician Groups in Everyday ECG Cases (n =
20)

Comparison Test p-value Effect Size () Significance

GPT-40 vs Less

Experienced x3(1) =10.2 p <0.001 $=0.72 Significant
Internists

GPT-40 S

Experienced p=0.189 Not reported Not significant
Internists

Cardiologists vs
Less p <0.001 ¢$=0.81 Significant
Experienced

Cardiologists vs

GPT-40 p<0.01 Not reported Significant
Cardiologists vs
Experienced p<0.01 Not reported Significant

Internists

Table 16 Statistical Comparison (Pairwise) GPT-40 vs Physician Groups for easy ECGs

For the 20 more challenging ECG cases without intentionally false Al suggestion (n = 20), GPT-
40 performed at 75% (15.0/20), on par with cardiologists (also 75%, p = 0.91), and significantly
outperformed experienced internists (61%, p < 0.001, x*(1) = 12.4, ¢ = 0.78) and less
experienced internists (38%, p < 0.001, (1) = 14.9, ¢ = 0.85).

Group Correct Answers (Out of 20) = Accuracy (%)
GPT-40 15.0 75%
Cardiologists 15.0 75%
Experienced Internists 12.3 61%
Less Experienced Internists 7.6 38%

Table 17 GPT-40 vs Physician Groups for Challenging ECGs

Comparison Test p-value Effect Size (¢) Significance
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GPT-40 vs Less
Experienced x3(1) = 14.9 p <0.001 $=0.85 Significant
Internists
GPT-40 S
Experienced x3(1)=12.4 p <0.001 $=0.78 Significant
Internists
GPT-40 'S
p=091 Not reported Not significant

Cardiologists

Table 18 Statistical Comparison (Pairwise) GPT-40 vs Physician Groups for Challenging ECGs

Across the entire set of 40 non-deceptive ECG cases, GPT-40 averaged 72.5% (29.0/40),
significantly outperforming both less experienced internists (42.5%, p < 0.001, ¥*(1) = 19.8, ¢
=0.91) and experienced internists (64%, p < 0.001, x*(1) = 10.7, ¢ = 0.73), but still falling below
cardiologists (82%, p = 0.014, x*(1) = 5.9, ¢ = 0.61). Due to a violation of normality in the less
experienced group, a Kruskal-Wallis test was used in this comparison and confirmed the
statistical significance of the between-group differences (H = 17.4, p < 0.001), reinforcing the
robustness of the result.

Group Correct Answers (Out of 40) = Accuracy (%)
GPT-40 29.0 72.5%
Cardiologists 32.8 82%
Experienced Internists 25.6 64%

Less Experienced Internists = 17.0 42.5%

Table 19 GPT-40 vs Physician Groups for all 40 non-deceptive ECGs

Comparison Test p-value Effect Size (¢) Significance

GPT-40 vs Less

Experienced x3(1) =19.8 p <0.001 $=0.91 Significant

Internists

GPT-40 'S

Experienced x3(1) = 10.7 p <0.001 $=0.73 Significant

Internists

GPT-40 S Significant
¥2(1) = 5.9 p=0.014 ¢ =0.61 :

Cardiologists (GPT-40 lower)

GPT-40 S

Cardiologists p=0.91 Not reported Not significant

Table 20 Statistical Comparison (Pairwise) GPT-40 vs Physician Groups for all 40 non-deceptive ECGs
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4.6.2 Effect of Al Assistance on 40 ECG Cases

Al assistance on the entire set of 40 non-deceptive ECG cases significantly boosted diagnostic
performance across all physician groups (p < 0.001 for all). In everyday ECGs, cardiologists
improved from 89% to 94.5%, experienced internists from 67% to 87%, and less experienced
internists from 47% to 64% all improvements were statistically significant (see tests above).
The gains were even more pronounced in the challenging ECGs, where less experienced
internists more than doubled their accuracy from 38% to 75% (Z =-2.81, p = 0.005, r = 0.63),
indicating a high dependence on Al input. Experienced internists also showed substantial
improvement, rising from 61% to 72% (t(9) = 4.05, p = 0.003, d = 1.28), reflecting a meaningful
augmentation of their diagnostic capabilities. Even among cardiologists, who already
performed strongly, accuracy increased from 75% to 80.5% (t(9) = 3.29, p = 0.009, d = 1.04),
suggesting that Al support can refine even expert-level judgments. These consistent
improvements across all expertise levels highlight the potential of Al assistance not only to
uplift underperforming clinicians but also to fine-tune decisions of seasoned specialists.

Diagnostic Accuracy Before and After Al Assistance

Everyday - Before Al
B Everyday - After Al
sol W Challenging - Before Al
mmm Challenging - After Al
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Figure 14 Effect of Al Assistance for non-deceptive ECGs

4.6.3 Impact of Intentionally incorrect Al Suggestions

However, the third comparison focused on the 10 deceptive Al cases highlighted serious
vulnerabilities. Cardiologists’ accuracy dropped modestly from 80% to 74% (-6%, t(9) = 3.00,
p = 0.013, d = 0.95), indicating some resistance to misleading suggestions. Experienced
internists declined more substantially, from 61% to 51% (-10%, t(9) = 4.03, p=0.003, d = 1.27),
while less experienced internists collapsed entirely from 46% to 0% (-100%, Z = -2.80, p =
0.005, r = 0.63), demonstrating total susceptibility to false Al advice. These statistically
significant drops across all groups underscore the risks of uncritically accepting Al-generated
input, particularly for clinicians with less diagnostic experience.
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” Impact of Deceptive Al on Diagnostic Accuracy
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Figure 15 Effect of deceptive Al Assistance

Overall Post-Al Performance Across All 50 ECG Cases

Combining all 50 ECG cases, the post-Al overall performance was highest among cardiologists
(84.8%), followed by experienced internists (73.8%) and less experienced internists (55.6%).
All groups showed statistically significant improvement after Al involvement (p < 0.001).
Notably, the magnitude of improvement was inversely correlated with clinical experience
(Spearman’s p = -0.72, p < 0.001), highlighting that less experienced physicians benefited the
most from Al support but were also the most susceptible to incorrect Al guidance.

Optimizing Cardiology Diagnostic Accuracy via Synergistic Al-Human Integration 7
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Spearman’s p = —0.72
p < 0.001

Cardiologists Experienced Internists Less Experienced Internists

Figure 16 Overall Post Al Assistance per Physician Group

4.6.5 Item-Level Error Analysis

A pre-planned exploratory item-level error analysis revealed distinct patterns of difficulty and
accuracy across groups. Internal medicine physicians showed the highest rate of errors on
Question 37 (n =10 incorrect), indicating a shared challenge within this group. Similarly, junior
internal medicine physicians struggled most with Question 7, with 5 incorrect responses,
highlighting a consistent difficulty among less experienced clinicians. For cardiologists,
Question 10 proved particularly challenging, where all participants (n = 10) answered
incorrectly, suggesting a potential gap in either familiarity with this scenario or an atypical
presentation of the clinical problem. In contrast, GPT-40 encountered its greatest difficulty on
Question 6, with its sole incorrect response on that item.

When comparing overall performance, cardiologists demonstrated consistently high accuracy
across most questions, aside from isolated challenges like Question 10. Internal medicine
participants exhibited a wider spread of correct and incorrect responses, with certain items,
such as Questions 37 and 98, showing high error rates. Junior internists showed the most
variability, with complete misses on items such as Q7 and Q105. GPT-40's performance was
generally stable, achieving perfect accuracy on several questions (e.g., Q9 and Q26) but also
revealing specific limitations on others.

Optimizing Cardiology Diagnostic Accuracy via Synergistic Al-Human Integration 8
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4.6.6 Strengths and Weaknesses of Al and Physicians Groups

These patterns suggest that both human expertise and Al models display domain-specific
strengths and weaknesses. Cardiologists showed resilience on cardiology-centric items but
faltered on select cross-domain questions. Internal medicine groups, especially less
experienced participants, showed broader variability, indicating items that may require
further educational focus. GPT-40 demonstrated high consistency in tasks likely reliant on
clear pattern recognition or fact-based knowledge but shared difficulties with humans on
certain complex or ambiguous items.

4.6.7 Strengths and Weaknesses of Al and Physicians Groups

Finally, no statistically significant correlation was found between years of clinical experience
and the number of answer changes following Al suggestions (r=-0.80, p =0.41, 95% Cl: [-0.91,
0.35]). Although a strong negative trend was observed indicating that less experienced
clinicians were more likely to revise their initial answers based on Al input, this relationship
did not reach statistical significance and should be interpreted cautiously.

Relation Between Clinical Experience and Answer Changes After Al Input

8t X === Trend line

r=—0.80, p = 0.41
| | 95% CI: [-0.91, 0.35]

~

Number of Answer Changes
/

0 7I 1 1 1 L 1
0 5 10 15 20 25
Years of Clinical Experience

Figure 17 Relation of Experience and Answer Change

4.7 ANSWER CHANGE ANALYSIS

47.1 Frequency and Direction of Answer Changes

Across the 1,250 post-Al responses, physicians changed their initial answers in 414 cases
(33.1%). Among these changes, 308 were from incorrect to correct answers (74.4%), 73 were
from correct to incorrect (17.6%), and 33 changed from one incorrect option to another
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(8.0%). A chi-square test indicated that this distribution was statistically significant (x*(2) =
376.2, p < 0.001), highlighting a predominantly beneficial influence of Al assistance on
diagnostic accuracy. Less experienced internists exhibited the highest proportion of beneficial
changes (wrong-to-correct) at 86.8% but also demonstrated increased vulnerability in
misleading cases.

Tyﬂeﬁyof Answer Changes After Al Input (n = 414)

300
250
200

150

Number of Answer Changes

50 8.0%

Wrong to Correct Correct to Wrong Wrong to Wrong

Figure 18 Answer Shift Effect of Al Assistance

4.7.2 Effect of Al Correctness on Change Behavior

The correctness of the Al suggestion significantly influenced the likelihood of participants
changing their answers. When the Al suggestion was correct, physicians changed their answer
in 36.8% of cases. When the Al suggestion was intentionally incorrect, the change rate rose
sharply to 71.2%. This difference was statistically significant (t(24) = 5.82, p <0.001, d = 1.16).
When stratified by group, less experienced internists changed their responses in 92% of the
incorrect-Al cases, experienced internists in 66%, and cardiologists in 53%. A one-way ANOVA
confirmed statistically significant differences across groups (F(2, 22) = 8.45, p = 0.002, n? =
0.43), indicating that Al influence varied with experience level.
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Answer Change Rate by Al Suggestion Accuracy and Physician Group
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Cardiologists Experienced Internists Junior Internists

Figure 19 Answer Shift Effect of Al Assistance per Physician Group

The planned two-way ANOVA to assess the interaction between Al correctness (correct vs.
incorrect) and physician group (experience level) on answer change behaviour was not
possible due to violations of normality and small sample size, particularly in the less
experienced group (n=5). Descriptive analyses, however, revealed a strong interaction
pattern. Specifically, less experienced internists changed their answers in 92% of incorrect-Al
cases, experienced internists in 66%, and cardiologists in 53%. This indicates that the negative
impact of Al misinformation was disproportionately greater among less experienced clinicians.

4.7.3 Additional Correlation Analyses
Additional correlation analyses showed that:

e Self-reported familiarity with Al (rated on a 10-point scale) was moderately negatively
correlated with the number of answer changes (r = -0.41, p = 0.037, 95% Cl: [-0.70,
-0.02]), suggesting that greater Al familiarity reduced susceptibility to Al influence.

e No significant correlation was found between the number of answer changes and
country of specialty training (Greece vs. abroad) (r=-0.12, p = 0.566).

e Similarly, the total time taken to complete the questionnaire was not significantly
associated with Al susceptibility (r = -0.18, p = 0.389).

All tests applied were two-tailed, and significance was set at p < 0.05.
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Figure 20 Answer Shift relation to Al familiarity / Training Country / Time Completion
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5 DISCUSSION

5.1 KEY FINDINGS AND PERFORMANCE OF GPT-40 VS PHYSICIANS

In this study, we evaluated at how well GPT-40 an advanced GPT-4-based Al model developed
by OpenAl could function as a “diagnostic (co-pilot) assistant” for ECG interpretation and
examined its impact on physician decision-making. Our findings showed that GPT-40 came
close to expert-level performance in ECG diagnosis, though cardiologists (with more than 15
and less 25 years of experience) still had the highest overall accuracy. Specifically, GPT-40
correctly diagnosed 72.5% of the 40 ECG cases, which included 20 everyday and 20 more
challenging questions, outperforming both experienced internists 64% and especially less
experience internists 42.5%, but remaining below the cardiologists who reached 82% in the
same cases. This between-group difference was also confirmed using a Kruskal-Walli’s test (H
= 17.4, p < 0.001), which was applied due to a violation of normality in the less experience
internist group, reinforcing the robustness of the result. These findings align with previous
research indicating that while LLM-based tools have improved substantially, experienced
specialists generally maintain higher accuracy in clinical tasks [53]. Notably, in the subset of
challenging ECG cases, GPT-40 achieved an accuracy of 75%, which was comparable to
cardiologists (75%) and higher than both internal medicine groups. This suggests that the Al
was particularly effective in recognizing complex patterns or rare diagnoses that posed
difficulties for non-cardiologists, highlighting its potential contribution in atypical or high-
difficulty scenarios [54], [55], [56]. Figure 21 summarizes the overall accuracy improvement
observed across physician groups with and without Al assistance.

100+ Overall Diagnostic Accuracy Before and After Al Support

Pre-Al Accuracy
B Post-Al Accuracy

84.8%

81.6%
80

73.8%

63.4%

601 55.6%

43.2%
40}

Diagnostic Accuracy (%)

20

Cardiologists Experienced Internists Junior Internists
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Figure 21 Overall Accuracy Improvement across Physician Groups

These results build upon prior research on Al-assisted ECG interpretation. Previous studies
have reported mixed outcomes regarding whether Al systems can consistently outperform
human experts. For instance, Giinay et al. [53] observed that cardiologists achieved higher
diagnostic accuracy than GPT-4 and similar models, however, GPT-40 demonstrated greater
consistency compared to earlier large language models (LLMs). Our findings are consistent
with these observations: while GPT-4o did not outperform expert cardiologists across all
cases, it exhibited comparable performance in the most complex cases. This near-expert
accuracy on difficult ECG cases is particularly notable given that LLMs like GPT-4 have only
recently incorporated image understanding capabilities. Furthermore, this result aligns with
broader trends indicating that GPT-4 performs at a high level on standardized medical
assessments for example, scoring approximately 80—-85% on United States Medical Licensing
Examination questions, a marked improvement over GPT-3.5[57]. Our study contributes novel
evidence by demonstrating that GPT-4o can effectively apply its underlying medical
knowledge to visual diagnostic tasks such as ECG interpretation, particularly when guided by
structured prompts and relevant context.

The superior baseline performance of cardiologists without Al assistance compared to both
experienced and less experienced internists was anticipated, given their specialized training
and routine engagement with cardiac diagnostics. ECG interpretation is a fundamental
competency developed through cardiology training, whereas internal medicine physicians,
particularly those in earlier stages of their careers, typically receive less focused exposure. This
difference was evident in the statistically significant between-group differences in initial
diagnostic accuracy (cardiologists > experienced internists > less experienced internists, p <
0.001), accompanied by large effect sizes.

100+ Timeline of Initial Diagnostic Accuracy by Experience Level Cardiologists

89%

§ 80 Experienced Internists
g 67%
g
G @dnior Internists
=] 47%
]
< 40F
I
=
= 201
Junior Internists Experienced Internists Cardiologists

Figure 22 Experience level and Initial Accuracy

In simpler everyday ECG cases (common arrhythmias and straightforward findings),
cardiologists reached nearly 90% accuracy, compared to 47% for junior internists. Even in the
more complex cases, cardiologists continued to outperform the less experienced groups.
These findings are consistent with the well-established relationship between clinical
experience and diagnostic performance. GPT-40’s baseline performance, which consistently
fell between that of expert and non-expert clinicians, indicates that the model has internalized
a considerable amount of ECG interpretation knowledge. However, it may still fall short in
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replicating the nuanced reasoning and pattern recognition that typically develops through
years of clinical practice.

5.2 IMPACT OF Al AsSISTANCE ON DIAGNOSTIC DECISION-MAKING

A key focus of our research was how the introduction of Al-Copit assistant that generated
suggestions would influence physicians’ diagnostic decisions and confidence. The results
indicate that Al support led to a significant improvement in diagnostic performance across all
physician groups. When given GPT-40’s suggestion (which included the model’s selected
diagnosis, reasoning, and estimated probabilities for each option), participants frequently
revised their answers and usually for the better. Across the 40 non-deceptive cases (where
the Al’'s suggestion was correct in 72.5% of cases), about one-third of all answers (33.1%) were
changed after seeing the Al’s input Among these, approximately 74% were beneficial changes
from incorrect to correct answers, 17.6% represented detrimental changes from correct to
incorrect, and about 8% were changes between incorrect options.

Answegr)Changes After Al Suggestion Types of Answer Changes (n = 414)
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Changed 0 Wrong to Correct Correct to Wrong Wrong to Wrong

Figure 23 Impact of Al to Answer Shift

This distribution was statistically significant (x2 test, p < 0.001), indicating a net positive effect
of Al assistance on diagnostic decision-making. In practical terms, the Al helped the physicians
fix many of their mistakes (wrong-to-correct changes outnumbered correct-to-wrong by
about 4:1), leading to improved scores in nearly every scenario we examined.

The magnitude of improvement with Al support was inversely associated with physician
experience. Although this trend did not reach statistical significance (Spearman p=-0.72,p =
0.41), it was consistently observed across groups. Less experienced internists benefited the
most from Al guidance, increasing their accuracy on the challenging ECG cases from 38%
initially to 75% with Al support, an improvement of 37 percentage points that brought their
performance in line with that of cardiologists on the same cases. Experienced internists also
improved notably (from 61% to 72% on difficult cases and by 20 percentage points on easier
ones), while cardiologists, who started at higher baseline performance, showed modest but
significant improvement (from 75% to 80.5% on challenging cases, and from 89% to 94.5% on
everyday cases). All these improvements were statistically significant within each group (each
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p < 0.01). These findings indicate that Al-assisted suggestions helped physicians across all
experience levels, with the most substantial benefit observed in the less experienced group.

Diagnostic Accuracy Before and After Al Support by Experience Level
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Figure 24 Diagnostic Accuracy before and after Al per Physician Group

Our results are consistent with previous studies examining human-Al collaboration
Rosenbacke et al. [19] reported that low-performing clinicians significantly improved their
diagnostic accuracy when supported by correct Al input. In our study, the less experience
internists increased their overall accuracy from approximately 43% to 69% with Al assistance,
a substantial improvement that narrowed the performance gap between them and their more
experienced colleagues. This pattern suggests that Al support may serve a useful role in
assisting less experienced clinicians with both complex and routine cases. Cardiologists,
despite already performing at a high level, also benefited from Al support, with small but
measurable gains in diagnostic accuracy, indicating that Al may contribute by identifying
occasional missed diagnoses even among experts.

It is also noteworthy that we designed the Al suggestions to consistently generated with
minimal randomness. We used a low temperature (0.1) and top-p (0.5) when generating the
model’s answers, aiming to minimize randomness and variability. This likely contributed to
the reliability of GPT-40’s advice across multiple runs per question we saw very high
agreement in output stability (by our criteria, GPT-40 answered 29 of the 40 non-deceptive
cases correctly at least 4 out of 5 times). A high consistency (Fleiss Kappa 0.51 in another study
of GPT-40) [53] is important if an Al is to be a trusted assistant. Clinicians need to know that
the suggestions won’t change drastically or erratically on each query. Our choice of the
simplest prompt for the main evaluation (asking for the most likely diagnosis with brief
reasoning and probabilities) provided a standardized level of guidance to the model. Despite
the basic prompt design, GPT-4o still achieved strong performance. More elaborate prompts
(which we experimented with internally) might yield even more detailed analyses, but they
could also potentially bias the model or overspecialize its responses. We opted for clarity and
found that it was sufficient to produce clinically relevant advice. This approach underscores
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how prompt engineering and parameter settings can impact an Al’s utility in practice an
important consideration for deploying such systems.

Finally, we observed some question-specific performance patterns worth noting. Certain ECG
cases were consistently difficult across all physician groups, while others posed challenges
only specific groups or for the Al. For example, one particular case (Question 10, involving a
complex wide-QRS tachyarrhythmia) was answered incorrectly by all ten cardiologists — a
notable finding considering their level of expertise. This may suggest that the case was atypical
or presented features that led to misclassification. In contrast, GPT-4o correctly identified this
case, possibly due to recognition of a specific waveform pattern that clinicians did not
emphasize. Conversely, GPT-40 exhibited a clear blind spot on another case (Question 6),
which most physicians answered correctly, suggesting a limitation in its reasoning for that
specific diagnostic context.

An intermediate-difficulty case (Question 37) proved challenging for all internal medicine
physicians (with all 10 experienced internists getting it wrong), while cardiologists and GPT-
40 answered it correctly highlighting variation in performance across different user profiles.
Similarly, less experienced internists failed to identify correct answers on cases such as
Question 7 and 105, which may reflect areas outside their typical training exposure.

This item-level error analysis suggests that human and Al diagnostic capabilities are not fully
overlapping each may identify features that the other overlooks. The Cardiologists’ incorrect
responses on Question 10 may reflect a conservative interpretation strategy, such as
defaulting to "treat as ventricular tachycardia" in line with clinical guidelines for wide-complex
tachycardias, whereas GPT-4o0 followed a direct pattern-recognition route, identifying
supraventricular tachycardia with aberrancy [19], [58]. GPT-40’s incorrect classification of
Question 6 may reflect a limitation in contextual interpretation, which can challenge models
relying primarily on signal pattern features.

Item-Level Diagnhostic Accuracy by Group (1 = Correct, 0 = Incorrect)

Q10 (Wide-QRS)

Q6 (Blind spot)

Q37 (Internal med fail)

ECG Questions

Q7 (Junior fail)

Q105 (Junior fail) 0

Cardiologists Experienced Internists  Junior Internists GPT-4o0
Group

Figure 25 Item-level error analysis indication of a complementarity use
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These findings support the notion of complementarity between Al systems and clinical
expertise. When used in parallel, each may offset the limitations of the other. This highlights
the potential value of integrated human-Al diagnostic workflows, where different strengths
are combined to improve overall accuracy. No single diagnostic tool whether human or
artificial is infallible; leveraging both structured clinical reasoning and algorithmic pattern
analysis may enhance decision quality.

5.3 TRuUsT, OVERRELIANCE, AND THE RISK OF MISINFORMATION

While the benefits of Al support were evident, our study also highlighted notable risks
associated with overreliance on Al, particularly when the Al provides incorrect
recommendations. We deliberately included 10 challenging cases where the Al’s suggested
diagnosis was intentionally incorrect, without informing participants. The results from these
deceptive cases are informative: All three physician groups were negatively affected by the
incorrect Al input, but to varying degrees.

Cardiologists, the most experienced group, saw their accuracy decline slightly (from 80%
without Al to 74% with the incorrect suggestion, a 6% decrease). This was a statistically
significant drop (p = 0.013), but in practical terms, most cardiologists maintained with their
correct initial answer despite the Al's false suggestion on many cases. In contrast, the
experienced internists’ accuracy fell from 61% to 51% (-10%, p = 0.003) under the influence
of wrong Al advice, indicating a higher rate of influence by incorrect Al input, often resulting
in a change from correct to incorrect. The largest performance drop was observed in less
experienced internists’, whose accuracy on these 10 cases they went from 46% correct with
no Al to 0% correct when following the Al (a 100% decrease, p = 0.005). In each of these cases,
all five less-experienced participants selected the incorrect Al-generated response, even when
their initial answer was correct. This result illustrates a clear case of automation bias, where
users place undue trust in algorithmic suggestions. In this setting, the least experienced
clinicians were disproportionately affected, tending to defer to the Al even when it conflicted
with their initial judgment.
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100+ Effect of Incorrect Al Suggestions on Diagnostic Accuracy
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Figure 26 Incorrect Al Suggestion Effect per Physician Group

These findings are consistent with observations from other domains of medical Al. A recent
study in radiology by Prinster et al. reported that when an Al system provided incorrect advice
on X-ray interpretation, physicians’ diagnostic accuracy decreased substantially, reaching
levels of approximately 23—-26% in their experimental setting [19]. The authors observed that
both radiologists and non-specialists were more likely to accept the Al's suggestion,
particularly when the system visually emphasized specific regions of interest, indicating a
tendency toward overreliance on Al-generated outputs.

In our ECG study, we observed a comparable pattern. When GPT-40’s suggestion was
incorrect, participants were significantly more likely to revise their answer than when the Al’s
suggestion was accurate. Specifically, an incorrect Al recommendation led to a change in
response in approximately 71% of cases, compared to 37% of the time when the suggestion
was correct (p < 0.001). This pattern was most pronounced among less experience internists,
who changed their answer in 92% of the false-Al trials, compared to 66% for experienced
internists and 53% for cardiologists.
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Effect of Al Suggestion Accuracy on Answer Changes by Experience Level
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Figure 27 Al Suggestion Effect per Physician Group

The less experience internists essentially assumed the Al must be right and abandoned their
own reasoning almost every time. This behaviour reflects a well-documented cognitive
phenomenon known as “false conflict error,” in which a clinician initially selects the correct
answer, receives an incorrect Al suggestion, and then overrides their own accurate judgment
in favour of the Al’s incorrect choice [19]. While this effect was observed across all experience
levels half of the cardiologists altered at least one correct response due to incorrect Al input,
resulting in a 6% absolute reduction in their score it was most prevalent and impactful in the
less experienced internists.

Why were the less experienced internists more likely to be influenced by incorrect Al
suggestions? This outcome may reflect a combination of reduced diagnostic confidence,
limited clinical experience, and a higher propensity to attribute superior authority to Al
systems. We observed a moderate negative correlation between a physician’s self-reported
familiarity with Al and their likelihood of being influenced by the model’s suggestions (r = —
0.41, p =0.037). In other words, clinicians with greater knowledge of or comfort with Al were
less likely to revise their answers in response to its recommendations, particularly when there
was reason to be sceptical.

This finding suggests that improved Al literacy and training may reduce overreliance.
Physicians unfamiliar with Al may overestimate its reliability or assume that the system
possesses greater diagnostic ability than themselves. In contrast, more experienced physicians
including cardiologists demonstrated greater selectivity, often treating the Al's
recommendation as a secondary opinion rather than a definitive answer. This was reflected
in their lower rate of answer changes and their preserved accuracy of 74% even in the subset
of deceptive cases where the Al's output was entirely incorrect. Notably, no significant
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association was found between susceptibility to Al influence and either the physician’s
country of specialty training or the time taken to complete the questionnaire. These factors
did not appear to meaningfully affect diagnostic behaviour in this context.

These findings underscore an important consideration: caution is warranted when integrating
Al into clinical decision-making workflows. Overreliance on Al systems, particularly in the
absence of appropriate training or safeguards, may lead to decreased diagnostic performance
especially in cases where the Al’s output is incorrect or incomplete. Previous studies have
noted this risk. For instance, Rosenbacke et al. [19] reported that even highly skilled clinicians
can experience reduced diagnostic accuracy when Al suggestions conflict with their correct
initial impression, potentially due to hesitation or doubt introduced by the conflicting input.

Their work also describes a related phenomenon termed “false confirmation,” in which both
the Al and the clinician converge on an incorrect diagnosis, reinforcing each other’s confidence
in a mistake[19], [59]. Similar patterns were observed in our study. When a physician initially
leaned toward an incorrect answer and the Al suggestion (deliberately designed to be
incorrect in our experimental setup) aligned with it, there was little incentive to reevaluate. In
these cases, both the human and the Al appeared to reinforce a shared but incorrect
interpretation.

This scenario is concerning because it can generate inflated confidence in incorrect decisions.
Although confidence ratings were not included in the primary analysis, we did collect such
data, and anecdotal review indicated that participants often expressed greater confidence
when the Al appeared to “validate” their initial answer even when that answer was incorrect.
These observations highlight the need for effective trust calibration in Al-assisted medical
tools. Physicians may have to develop the ability to distinguish when Al input should be
followed versus questioned, and Al systems themselves should ideally communicate
uncertainty or provide transparent rationale to support appropriate levels of trust from the
end user [24].

5.4 |MPLICATIONS FOR CLINICAL PRACTICE

Our study provides evidence that integrating an Al model such as GPT-40 into the diagnostic
workflow can lead to measurable improvements in diagnostic accuracy. While we did not
formally assess response times, several participants noted that the Al’s structured rationale
appeared to facilitate more efficient decision-making. In clinical domains such as internal
medicine where physicians manage a wide spectrum of conditions and may lack deep
subspecialty expertise Al tools may serve as reliable secondary reviewers, offering diagnostic
suggestions that expand or refine the clinician’s initial differential diagnosis.

This potential benefit is particularly relevant for enhancing diagnostic completeness and
identifying less common conditions that might otherwise be overlooked. To simulate real-
world variation, our case set included a combination of everyday cases, complex cases, and
control cases designed to test the impact of misleading Al input. The observed increase in
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post-Al accuracy 84.8% for cardiologists, 73.8% for experienced internists, and 55.6% for less
experienced internists compared to pre-Al levels (81.6%, 63.4%, and 43.2% respectively),
demonstrates a net positive effect across all physician groups.

Importantly, these improvements persisted even after accounting for the impact of the
incorrect Al suggestions. Final diagnostic accuracy remained higher with Al support than
without it in all groups, indicating that, under controlled conditions, GPT-40 provided an
overall beneficial contribution to clinical decision-making.

However, the risks identified in this study highlight the need for careful implementation of Al
systems in clinical settings. The fact that a small number of strategically placed incorrect
suggestions led to a complete loss of accuracy among less experienced internists, as well as a
10% decrease in accuracy for experienced internists and a 6% decrease for cardiologists,
emphasizes that Al tools must be applied with appropriate safeguards. While Al can support
diagnostic reasoning, it is not inherently error-proof, and uncritical reliance can negatively
affect outcomes.

Establishing clear protocols and structured training will be essential for clinicians who use Al-
based tools. For example, clinicians could be encouraged to routinely perform an independent
assessment of the Al's recommendation evaluating whether it aligns with the clinical
presentation and whether any contradictory evidence exists in the data. Promoting the
perspective of Al as a supportive tool, rather than a decision-maker, may help ensure that the
physician maintains responsibility for the final diagnosis, using Al input as one of several
contributing factors.

In our study, participants were not informed which cases contained inaccurate Al suggestions,
simulating a real-world situation in which Al is usually accurate but can occasionally provide
incorrect guidance. This reflects a realistic clinical environment; no model is expected to
perform with perfect accuracy across all cases. As such, developing clinician awareness of Al
limitations is critical.

In the long term, enhancements in model explainability may help mitigate this issue. If an Al
system can convey a confidence estimate or articulate the reasoning behind its
recommendation, clinicians may be better positioned to judge when to accept or question its
input. Prior studies have proposed that more detailed explanations such as referencing similar
prior cases or highlighting key diagnostic features can increase the practical utility of Al
support[24]. However, other findings suggest that such enhancements may inadvertently
increase user overreliance if not carefully integrated. Achieving the appropriate balance
between transparency and caution will likely require iterative design and ongoing
collaboration between Al developers and clinical users.

Another important consideration is the regulatory and ethical framework surrounding the use
of Al in clinical diagnosis. Given that Al systems have the potential to both improve and impair
clinical outcomes, appropriate oversight mechanisms are essential. One potential strategy is
to implement Al in a triage or supportive role for example, allowing the model to flag cases
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where it has high diagnostic confidence, which may help expedite routine interpretations or
identify subtle findings that could otherwise be overlooked. However, mandatory human
verification would remain critical, particularly in scenarios involving lower Al confidence or
high-stakes decisions.

Our findings suggest that Al support may be especially valuable in settings such as continuing
medical education or as a secondary reviewer for less experienced clinicians managing
complex diagnostic challenges. In these contexts, the Al’s high sensitivity in proposing possible
diagnoses could help reduce missed diagnoses (errors of omission), while the human clinician
retains responsibility for final decisions, thereby mitigating the risk of incorrect actions based
on faulty Al output (errors of commission).

Indeed, in our data, less experienced internists assisted by GPT-40 achieved comparable
accuracy to cardiologists working unaided on the more challenging ECG cases. This
demonstrates the potential of Al tools to narrow performance gaps and extend expert-level
support to broader segments of the clinical workforce. However, it is equally important to
recognize that the same junior clinicians were also vulnerable to critical misdiagnoses when
following incorrect Al suggestions. Therefore, effective deployment strategies must include
training focused on critical evaluation of Al output and, potentially, system-level safeguards
that alert users to uncertain or atypical recommendations.
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6 CONCLUSIONS LIMITATIONS AND FUTURE
WORK

6.1 SyYNOPSIS

This study evaluated the clinical potential of GPT-40, an advanced GPT-4 based model as a
“diagnostic assistant co-pilot”, in supporting physicians during ECG interpretation. A total of
25 participants including cardiologists, experienced internists, and less experienced internists
were asked to diagnose 50 ECG cases first independently and then with the assistance of Al-
generated suggestions. The case set included 20 everyday ECGs and 30 more challenging ones,
with 10 of the challenging cases designed to include intentionally incorrect Al suggestions to
assess how Al errors influence physician decision-making. GPT-40 achieved a diagnostic
accuracy of 72.5%, exceeding the performance of less experienced internists and experienced
internists, though remaining below the cardiologists' benchmark of 83%. When used as a
decision-support tool, GPT-40 significantly improved diagnostic accuracy in all physician
groups, with the most substantial gains observed among less experienced participants.
However, the findings also revealed key risks: inaccurate Al suggestions caused substantial
performance deterioration in less experienced clinicians, highlighting the importance of
critical evaluation and safeguards in Al integration. Overall, the study supports GPT-40's value
as an assistive tool that can elevate performance and reduce variability in clinical decision-
making provided it is implemented responsibly.

6.2 FINDINGS — LIMITATIONS

The results offer a detailed view of both the opportunities and challenges of incorporating Al
into diagnostic workflows. GPT-40 consistently improved diagnostic performance across all
physician groups. Less experienced internists demonstrated the most substantial
improvement, with a 37% increase in accuracy on difficult ECGs when supported by Al from
38% to 75%. Experienced internists also benefited from Al assistance increasing from 61% to
72%, and cardiologists, despite already high baseline performance, saw modest yet significant
gains. Across all groups, physicians changed approximately one-third of their answers after
seeing the Al suggestions, and in most cases these revisions led to corrected errors, indicating
a net benefit from the Al input.

Nevertheless, the study also revealed a pronounced risk of overreliance. When faced with
incorrect Al suggestions, less experienced internists abandoned their correct initial judgments
in nearly every case, resulting in complete loss of accuracy in those instances. Experienced
internists and cardiologists were less affected but still showed measurable drops in
performance. This pattern reflects a clear inverse relationship between clinical experience and
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susceptibility to erroneous Al input. Moreover, clinicians who reported greater familiarity with
Al were less prone to being influenced by incorrect model suggestions, suggesting that trust
calibration and digital literacy are essential components of safe Al use.

Several limitations must be acknowledged.

First, the controlled, questionnaire-based setting administered through a static survey
platform cannot fully replicate the dynamics of real-world clinical practice, where time
constraints, access to patient history, and open-ended reasoning play a significant role.

Second, the sample size of the less experienced group n =5 was relatively small, and although
the findings were striking, further validation with larger cohorts is needed.

Third, this study only tested OpenAl’s models. Other Al platforms, such as Google’s Gemini or
Microsoft’s Copilot, were not evaluated. It's possible that different models or alternative
prompt designs could lead to different performance outcomes.

Fourth, the ECG cases used were adapted from curated sources, which may not fully represent
the diversity and complexity encountered in daily practice. Lastly, the deliberately high
proportion 20% of incorrect Al suggestions, while helpful for stress-testing the system, may
not reflect typical error rates in future clinical deployment and could have biased user
behavior toward either skepticism or overcorrection.

Furthermore, the study did not formally capture metrics such as decision time, confidence
levels, or the rationale behind answer changes, which could provide further insights into
clinician-Al interactions. Future studies incorporating such data would offer a more
comprehensive understanding of user behavior and the cognitive effects of Al support.

6.3 SUGGESTIONS FOR FUTURE RESEARCH

In terms of future work, several important directions emerge from this study. First, our
evaluation was conducted in a controlled, questionnaire-based setting using a single-session,
multiple-choice format administered through SurveyMonkey. It would be valuable to assess
Al support in more realistic clinical environments, such as simulation labs, virtual
consultations, or live patient care, to determine whether the effects observed in this study
persist. This would also help to better understand how physicians interact with Al in dynamic,
real-world contexts for example, whether they seek clarification, choose to override Al
suggestions that conflict with their clinical judgment, or tend to defer to the Al when faced
with uncertainty.

Second, expanding the sample size, especially among less experienced internists would
improve the statistical power and generalizability of the results. While the study was
adequately powered to compare cardiologists and experienced internists (with 10 participants
each), the less experienced internists group was relatively small (n = 5). Although this group
showed striking effects, more data is needed to confirm whether the patterns we observed,
particularly around Al susceptibility and reliance, consistently hold true for early-career
clinicians. A larger sample would also allow for more detailed subgroup analyses based on
training background, specialty, or prior experience with Al.
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Third, future work should include comparative evaluations of alternative Al models and
prompt formats as the Al landscape continues to evolve rapidly. While we selected GPT-40
based on internal testing where it showed the highest accuracy on ECG questions other large
multimodal models, such as updated GPT versions or Google’s Gemini, are emerging and may
offer different strengths. Early benchmarks suggest GPT-40 may outperform Gemini on ECG
tasks, but the fast pace of Al development highlights the need for continuous comparison. In
addition, exploring different ways of presenting Al output such as offering ranked differential
diagnoses, probability estimates, or uncertainty flags could improve how clinicians interpret
and interact with Al recommendations, potentially influencing decision-making and trust.

Finally, future work should explore ways to make Al output more transparent and trustworthy.
Techniques like conformal prediction or case-based explanations could help by providing
confidence levels or highlighting key features in the ECG, helping clinicians judge when to trust
or question the Al. Rather than offering a single answer, Al systems could present a ranked
differential or indicate uncertainty, which may help reduce overconfidence in incorrect
suggestions, a key issue highlighted in this study. More broadly, our findings reinforce the
need for rigorous evaluation before deploying Al in clinical workflows, ensuring that both the
benefits and potential risks, such as overreliance, are fully understood and addressed.

Taken together, these directions point toward a human-centered approach for deploying
diagnostic Al one that prioritizes clinical validation, user training, transparency, and thoughtful
system design aligned with real-world medical practice. This study represents a step in
understanding how Al models like GPT-40 can complement clinical expertise and improve
diagnostic accuracy, while also highlighting the safeguards needed to make this collaboration
safe, reliable, and effective.
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Appendix A. Everyday ECGs Questions Pre & Post Al suggestions
Table acronyms and their explanations:
e ca: Correct Answer Number,
e ta: Total Answer Number,
e pre: Initial physician answer without Al suggestion,
e post: Physician answer after Al suggestion,
e  FALSE: The GPT model fails to predict correctly in at least 4 out of 5 attempts,
e TRUE: The GPT model succeeds in predicting correctly in at least 4 out of 5 attempts
Multiple-choice question. Bolt is the correct answer Less experienced Internal Cardiologist GPT
Internal Medicine | Medicine (ca/ta)
(ca/ta) (ca/ta)
1. This ECG was recorded in the A&E department from a 60-year-old man 4/5 pre 7/10 pre 10/10 pre FALSE
who had had severe central chest pain for 1h. What is your most likely 0/5 post 4/10 post 9/10 post
diagnosis for this patient? pos pos pos

A. Acute lateral STEMI

B. Acute inferior STEMI

C. Acute anterolateral STEMI
D. Acute anterior STEMI

E. Acute posterior STEMI
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Multiple-choice question. Bolt is the correct answer

Less experienced
Internal Medicine
(ca/ta)

Internal
Medicine
(ca/ta)

Cardiologist
(ca/ta)

GPT

2. A 70-year-old man had had high blood pressure for many years, but it was
now well controlled at 140/85. He had no symptoms, and no abnormalities
were detected on physical examination. This ECG was recorded during a
routine follow-up appointment. What is your most likely diagnosis for this
patient?

A. Dextrocardia

B. RBBB and right ventricular hypertrophy

C. Hypertrophic cardiomyopathy

D. Left anterior hemiblock and either left ventricular hypertrophy

E. LBBB

1/5 pre

5/5 post

8/10 pre

7/10 post

10/10 pre

10/10 post

TRUE

3. This ECG was recorded from an asymptomatic 45-year-old man at a health
screening examination. What is your most likely diagnosis for this patient?
A. First-degree AV block

B. Mobitz Type | block

C. Third-degree AV block

D. Fourth-degree AV block (Note: There isn't a recognized fourth-degree AV
block in cardiology)

E. Mobitz Type Il block

2/5 pre

2/5 post

08/10 pre

10/10 post

10/10 pre

10/10 post

TRUE
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Multiple-choice question. Bolt is the correct answer Less experienced Internal Cardiologist GPT
Internal Medicine | Medicine (ca/ta)
(ca/ta) (ca/ta)
4. A 60-year-old man, who 3 years earlier had had a myocardial infarction 3/5 pre 1/10 pre 3/10 pre FALSE
followed by mild angina, was admitted to hospital with central chest pain
that had been present for 1h and had not responded to sublingual nitrates. 1/10 post 1/10 post 3/10 post
What is your most likely diagnosis for this patient?
A. Old inferior and acute inferior STEMI
B. Old inferior and acute anterolateral STEMI
C. Old inferior and acute anterior STEMI
D. Non-STEMI
E. Old inferior and acute posterior STEMI
5. A 60-year-old man complained of severe central chest pain, and a few 2/5 pre 9/10 pre 10/10 pre TRUE
minutes later became extremely breathless and collapsed. He was brought
to the A&E department, where his heart rate was found to be 165 bpm, his 5/5 post 10/10 post 10/10 post
blood pressure was unrecordable and he had signs of left ventricular failure.
This is his ECG. What is your most likely diagnosis for this patient?
A. Atrial fibrillation
B. Ventricular fibrillation
C. Ventricular tachycardia
D. Atrial flutter
E. Sinus tachycardia
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Multiple-choice question. Bolt is the correct answer Less experienced Internal Cardiologist GPT
Internal Medicine | Medicine (ca/ta)
(ca/ta) (ca/ta)

6. A 45-year-old woman had complained of occasional attacks of 1/5 pre 9/10 pre 10/10 pre TRUE
palpitations for 20 years, and eventually this ECG was recorded during an
attack. What is your most likely diagnosis for this patient?

A. Ventricular fibrillation

B. Sinus tachycardia

C. AVNRT

D. Atrial fibrillation

E. Normal ECG

5/5 post 9/10 post 10/10 post

7. A 50-year-old man is seen in the Accident and Emergency (A&E) 0/5 pre 2/10 pre 8/10 pre TRUE
department with severe central chest pain which has been present for 18h.
What is your most likely diagnosis for this patient?

A. Acute Anterior STEMI

B. Acute Lateral STEMI

C. Acute Inferior STEMI

D. Acute Anterolateral STEMI

E. Acute Posterior STEMI

3/5 post 9/10 post 10/10 post
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Multiple-choice question. Bolt is the correct answer Less experienced Internal Cardiologist GPT
Internal Medicine | Medicine (ca/ta)
(ca/ta) (ca/ta)

8. A 70-year-old man is sent to the clinic because of rather vague attacks of | 5/5 pre 2/10 pre 6/10 pre TRUE
dizziness, which occur approximately once per week. Otherwise he is well,
and there are no abnormalities on examination. What is your most likely
diagnosis for this patient?

A. 1st Degree AV block

B. Left anterior hemiblock and RBBB - bifascicular block

C. RBBB

D. 2nd Degree AV block

E. LBBB

5/5 pro 10/10 post 9/10 post

9. A 45-year-old man in the Coronary Care Unit with a suspected myocardial | 5/5 pre 7/10 pre 10/10 pre TRUE
infarction suddenly becomes breathless and hypotensive, and this is his ECG.
What is your most likely diagnosis for this patient?

A. Ventricular tachycardia

B. Ventricular fibrillation

C. Sinus tachycardia

D. LBBB

E. RBBB

3/5 post 9/10 post 9/10 post
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Multiple-choice question. Bolt is the correct answer Less experienced Internal Cardiologist GPT
Internal Medicine | Medicine (ca/ta)
(ca/ta) (ca/ta)
10. A 20-year-old student complains of palpitations. Attacks occur about 2/5 pre 9/10 pre 10/10 pre TRUE
once per year. They start suddenly, his heart feels very fast and regular, and
he quickly feels breathless and faint. The attacks stop suddenly after a few 5/5 post 10/10 post 10/10 post
minutes. There are no abnormalities on examination, and this is his ECG.
What is your most likely diagnosis for this patient?
A. WPW syndrome type A
B. Brugada syndrome
C. Wellens syndrome
D. RBBB
E. LBBB
11. This ECG was recorded from a 30-year-old man who complained of chest | 0/5 pre 10/10 pre 10/10 pre FALSE
pain: the pain did not appear to be cardiac in origin, and the physical
examination was normal. What is your most likely diagnosis for this patient? 0/5 post 8/10 post 10/10 post
A. Sinus Tachycardia
B. Normal ECG
C. Hypertrophic Cardiomyopathy
D. Dextrocardia
E. Dilated Cardiomyopathy
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Multiple-choice question. Bolt is the correct answer Less experienced Internal Cardiologist GPT
Internal Medicine | Medicine (ca/ta)
(ca/ta) (ca/ta)
12. A 50-year-old man is admitted to hospital as an emergency, having had 0/5 pre 10/10 pre 10/10 pre FALSE
chest pain characteristic of a myocardial infarction for 4h. Apart from the
features associated with pain, there are no abnormal physical findings. What 0/5 post 10/10 post 10/10 post
is your most likely diagnosis for this patient?
A. Acute anterior STEMI
B. Acute posterior STEMI
C. Acute anterolateral STEMI
D. Acute inferior STEMI
E. Acute lateral STEMI
13. A 26-year-old woman, who has complained of palpitations in the past, is | 2/5 pre 2/10 pre 9/10 pre TRUE
admitted to hospital via the Accident and Emergency (A&E) department with
palpitations. What is your most likely diagnosis for this patient? 5/5 post 9/10 post 10/10 post
A. Atrial fibrillation with rapid ventricular Response
B. Ventricular fibrillation
C. AVNRT or AVRT
D. Atrial flutter
E. Atrial fibrillation
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Multiple-choice question. Bolt is the correct answer Less experienced Internal Cardiologist GPT
Internal Medicine | Medicine (ca/ta)
(ca/ta) (ca/ta)

14. An elderly woman is admitted to hospital unconscious, evidently having | 3/5 pre 9/10 pre 10/10 pre TRUE
had a stroke. No cardiac abnormalities are noted, but this is her ECG. What
is your most likely diagnosis for this patient?

A. Sinus rhythm and ventricular paced rhythm

B. Ventricular fibrillation

C. Ventricular-paced rhythm and atrial fibrillation

D. Atrial flutter

E. Atrial fibrillation

5/5 post 10/10 post 10/10 post

15. A 60-year-old woman is seen in the outpatient department, complaining | 5/5 pre 10/10 pre 9/10 pre TRUE
of breathlessness. There are no abnormal physical findings. What is your
most likely diagnosis for this patient?

A. Atrial fibrillation

B. Ventricular flutter

C. AVNRT

D. Atrial flutter with 4:1 block

E. Ventricular fibrillation

5/5 post 10/10 post 10/10 post
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Multiple-choice question. Bolt is the correct answer Less experienced Internal Cardiologist GPT
Internal Medicine | Medicine (ca/ta)
(ca/ta) (ca/ta)
16. A 75-year-old woman complained of central chest discomfort on 2/5 pre 9/10 pre 10/10 pre TRUE
climbing hills, together with dizziness; on one occasion she had fainted while
climbing stairs. What is your most likely diagnosis for this patient? 5/5 post 10/10 post 10/10 post
A. Sinus rhythm with LBBB
B. Sinus rhythm with RBBB
C. Supraventricular tachycardia
D. AVNRT
E. AVRT
17. A 45-year-old man complained of palpitations, weight loss and anxiety. 2/5 pre 9/10 pre 10/10 pre FALSE
His blood pressure was 180/110, and his heart seemed normal. This is his
ECG. His thyroid function tests, measured several times, were normal. What 0/5 post 9/10 post 10/10 post
is your most likely diagnosis for this patient?
A. Sinus tachycardia
B. Supraventricular tachycardia
C. Normal ECG
D. Atrial flutter
E. Atrial fibrillation
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abnormalities, and his ECG was normal. Eventually this ECG was recorded
during one of his attacks. What is your most likely diagnosis for this patient?
A. AVNRT

B. Sinus tachycardia

C. Paroxysmal ventricular tachycardia

D. Ventricular fibrillation

E. Atrial fibrillation
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Multiple-choice question. Bolt is the correct answer Less experienced Internal Cardiologist GPT
Internal Medicine | Medicine (ca/ta)
(ca/ta) (ca/ta)
18. This ECG was recorded from a 50-year-old man who was breathless on 0/5 pre 1/10 pre 3/10 pre TRUE
exertion and who had a heart murmur. What is your most likely diagnosis
for this patient? 5/5 post 7/10 post 9/10 post
A. Left ventricular hypertrophy
B. Hypertrophic cardiomyopathy
C. Dextrocardia
D. Congenital heart defect
E. Right ventricular hypertrophy
19. A 60-year-old man had complained of occasional episodes of palpitations | 5/5 pre 2/10 pre 10/10 pre TRUE
for several years. Between attacks he was well, there were no physical
5/5 post 10/10 post 10/10 post
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Multiple-choice question. Bolt is the correct answer Less experienced Internal Cardiologist GPT
Internal Medicine | Medicine (ca/ta)
(ca/ta) (ca/ta)
20. This ECG was recorded from a 23-year-old pregnant woman who had 3/5 pre 10/10 pre 10/10 pre FALSE
complained of palpitations, and who had been found to have a heart
murmur. What is your most likely diagnosis for this patient? 0/5 post 10/10 post 10/10 post
A. LBBB
B. Atrial fibrillation
C. Ventricular fibrillation
D. RBBB and atrial extrasystoles
E. Atrial Flutter
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Appendix B.

Table acronyms and their explanations:

e ca: Correct Answer Number,

e ta: Total Answer Number,

e pre: Initial physician answer without Al suggestion,

e post: Physician answer after Al suggestion,

e  FALSE: The GPT model fails to predict correctly in at least 4 out of 5 attempts,

e TRUE: The GPT model succeeds in predicting correctly in at least 4 out of 5 attempts

More Challenging ECGs Questions Pre & Post Al suggestions
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Multiple-choice question. Bolt is the correct answer

Less experienced
Internal Medicine
(ca/ta)

Internal
Medicine
(ca/ta)

Cardiologist
(ca/ta)

GPT

1. This ECG was recorded from a 30-year-old woman who complained of palpitations. What is
your most likely diagnosis for this patient?

A. Atrial flutter

B. Ectopic atrial beat

C. Normal EKG

D. Junctional rhythm

E. Atrial fibrillation

0/5 pre

0/5 post

1/10 pre

1/10 post

0/10 pre

1/10 post

FALSE
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Multiple-choice question. Bolt is the correct answer Less experienced Internal Cardiologist | GPT
Internal Medicine | Medicine (ca/ta)
(ca/ta) (ca/ta)

2. A 35-year-old woman, who had had palpitations for many years without any diagnosis 5/5 pre 1/10 pre 6/10 pre TRUE
being made, was eventually seen in the A&E department during an attack. She looked well
and was not in heart failure, and her blood pressure was 120/70. This is her ECG. What is your
most likely diagnosis for this patient?

A. AVNRT

B. Broad complex tachycardia with RBBB pattern, probably SVT in origin

C. Broad complex tachycardia with LBBB pattern, probably SVT in origin

D. Ventricular Tachycardia

E. Ventricular fibrillation

5/5 post 3/10 post 8/10 post

3. This ECG was recorded from a 40-year-old man who was admitted to hospital after 2/5 pre 8/10 pre 9/10 pre TRUE
collapsing in a supermarket. By the time he was seen he was well, and there were no
abnormal physical signs. What is your most likely diagnosis for this patient?

A. Wellens syndrome

B. Brugada syndrome

C. WPW syndrome

D. Takatsubo syndrome

E. De-Winter T waves

5/5 post 10/10 post | 10/10 post
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Multiple-choice question. Bolt is the correct answer Less experienced Internal Cardiologist | GPT
Internal Medicine | Medicine (ca/ta)
(ca/ta) (ca/ta)
4. This ECG was recorded from a 45-year-old man, who had been admitted to a coronary care | 0/5 pre 9/10 pre 9/10 pre TRUE
unit with a myocardial infarction and who was recovering well. What is your most likely
diagnosis for this patient? 5/5 post 10/10 post | 10/10 post
A. Accelerated idioventricular rhythm
B. Junctional rhythm
C. LBBB and atrial fibrillation
D. RBBB and atrial fibrillation
E. LBBB
5. This ECG was recorded from a healthy 25-year-old man during a routine medical 0/5 pre 1/10 pre 8/10 pre FALSE
examination. What is your most likely diagnosis for this patient?
A. Dilated cardiomyopathy 0/5 post 1/10 post 8/10 post
B. Hypertrophic cardiomyopathy
C. Dextrocardia
D. Normal EKG
E. Brugada pattern
6. This ECG was recorded from a 15-year-old boy who collapsed while playing football but was | 1/5 pre 1/10 pre 3/10 pre TRUE
well by the time he was seen. What is your most likely diagnosis for this patient?
A. Congenital Long QT Syndrome 5/5 post 3/10 post 5/10 post
B. Hypertrophic Cardiomyopathy
C. Normal EKG
D. Structural heart disease
E. Congenital Short QT Syndrome
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Multiple-choice question. Bolt is the correct answer Less experienced Internal Cardiologist | GPT
Internal Medicine | Medicine (ca/ta)
(ca/ta) (ca/ta)
7. A 35-year-old woman, who had had attacks of what sounded like a paroxysmal tachycardia | 3/5 pre 2/10 pre 5/10 pre FALSE
for many years, was seen in the A&E department, and this ECG was recorded. What is your
most likely diagnosis for this patient? 0/5 post 0/10 post 2/10 post
A. AVNRT
B. SVT and Type B WPW syndrome
C. Type A WPW syndrome
D. Aberrantly conducted SVT
E. Atrial fibrillation with rapid ventricular Response
8. This ECG was recorded from a 50-year-old man admitted to hospital following 2h of central | 0/5 pre 7/10 pre 9/10 pre TRUE
chest pain that was characteristic of a myocardial infarction. His ECG had been normal 6
months ago. What is your most likely diagnosis for this patient? 5/5 post 10/10 post | 9/10 post
A. LBBB and ventricular extrasystoles
B. RBBB and ventricular extrasystoles
C. LBBB and AVNRT
D. WPW syndrome
E. Brugada syndrome
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Multiple-choice question. Bolt is the correct answer Less experienced Internal Cardiologist | GPT
Internal Medicine | Medicine (ca/ta)
(ca/ta) (ca/ta)
9. A 30-year-old man, who had complained of palpitations for many years without anything 1/5 pre 2/10 pre 0/10 pre FALSE
abnormal being found, came to the A&E department during an attack, and this ECG was
recorded. Apart from signs of marked anxiety, there were no unusual findings except a heart 0/5 post 1/10 post 1/10 post
rate of 140 bpm. What is your most likely diagnosis for this patient?
A. Atrial flutter
B. AVRT
C. Atrial fibrillation
D. Atrial tachycardia
E. Sinus tachycardia
10. A 70-year-old woman, admitted to hospital because of increasing heart failure of 0/5 pre 10/10 pre 10/10 pre TRUE
uncertain cause, collapsed and was found to have a very rapid pulse and a low blood
pressure. This is her ECG. She recovered spontaneously. What is your most likely diagnosis for 5/5 post 10/10 post | 10/10 post
this patient?
A. Ventricular fibrillation
B. LBBB
C. Atrial fibrillation
D. Ventricular Tachycardia
E. Atrial fibrillation and RBBB
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Multiple-choice question. Bolt is the correct answer

Less experienced
Internal Medicine
(ca/ta)

Internal
Medicine
(ca/ta)

Cardiologist
(ca/ta)

GPT

11. A 40-year-old man is seen in the outpatient department with a history that suggests a
myocardial infarction 3 weeks previously. There are no abnormalities on examination, and
this is his ECG. There are two possible explanations for the abnormality it shows, though only
one of these would explain his history. What is your most likely diagnosis for this patient?

A. Lateral STEMI

B. RBBB

C. Probable posterior myocardial infarction

D. Right ventricular hypertrophy

E. Anterior myocardial infarction

4/5 pre

5/5 post

6/10 pre

9/10 post

9/10 pre

10/10 post

TRUE

12. This ECG was recorded as part of a routine examination of a healthy 25-year-old
professional athlete. There were no abnormal physical findings. What is your most likely
diagnosis for this patient?

A. Previous lateral Ml

B. Probable hypertrophic cardiomyopathy

C. Non-STEMI

D. Incomplete LBBB

E. RBBB

4/5 pre

0/5 post

10/10 pre

10/10 post

10/10 pre

10/10 post

FALSE
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Multiple-choice question. Bolt is the correct answer Less experienced Internal Cardiologist | GPT
Internal Medicine | Medicine (ca/ta)
(ca/ta) (ca/ta)
13. This ECG was recorded from a 30-year-old woman admitted to hospital with diabetic 2/5 pre 10/10 pre 10/10 pre TRUE
ketoacidosis. What is your most likely diagnosis for this patient?
A. Hypokalemia 5/5 post 10/10 post | 10/10 post
B. Hyperkalemia
C. Hyperphosphatemia
D. Hypercalcemia
E. Hypocalcemia
14. This ECG was recorded from a 37-year-old man admitted to hospital for a routine 0/5 pre 9/10 pre 10/10 pre TRUE
Zl.’tnzf:“zcl:h:c?eratlon. What is your most likely diagnosis for this patient? 5/5 post 10/10 post | 10/10 post
B. Atrial flutter
C. Atrial fibrillation
D. Ventricular fibrill
E. Nodal rhythm
15. This ECG was recorded from a 30-year-old woman with severe rheumatoid arthritis, who 2/5 pre 10/10 pre 10/10 pre TRUE
was admitted to hospital with central chest pain. She was a non-smoker and had no risk
factors for coronary artery disease. What is your most likely diagnosis for this patient? 5/5 post 10/10 post | 10/10 post
A. STEMI
B. Pericarditis
C. Hypertrophic cardiomyopathy
D. Dilated cardiomyopathy
E. LBBB
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Multiple-choice question. Bolt is the correct answer

Less experienced
Internal Medicine
(ca/ta)

Internal
Medicine
(ca/ta)

Cardiologist
(ca/ta)

GPT

16. This ECG was recorded from a 15-year-old boy who collapsed while playing football. His
brother had died suddenly. What is your most likely diagnosis for this patient?

A. Congenital heart disease

B. Sinus rhythm

C. Long QT syndrome

D. Short QT syndrome

E. WPW syndrome

2/5 pre

5/5 post

5/10 pre

10/10 post

10/10 pre

10/10 post

TRUE

17. An elderly man was admitted unconscious after a stroke, and this was his ECG. What is
your most likely diagnosis for this patient?

A. Dual chamber pacemaker

B. 2nd degree AV block

C. Atrial paced rhythm

D. 3rd degree complete AV block

E. 1st degree AV block

0/5 pre

5/5 post

10/10 pre

10/10 post

10/10 pre

10/10 post

TRUE

18. A 70-year-old man with long-standing high blood pressure has had attacks of dizziness
over several weeks. His pulse feels irregular, but there are no other abnormal signs. This was
his ECG. What is your most likely diagnosis for this patient?

A. WPW syndrome

B. Wenckebach type 2 block

C. Second degree block of both the Wenckebach type and Mobitz type 2, and also first
degree block

D. Mobitz type 2 block

E. Wellens Syndrome

5/5 pre

5/5 post

1/10 pre

6/10 post

2/10 pre

7/10 post

TRUE
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Multiple-choice question. Bolt is the correct answer Less experienced Internal Cardiologist | GPT
Internal Medicine | Medicine (ca/ta)
(ca/ta) (ca/ta)

19. A 35-year-old white man is seen in the outpatient department complaining of chest pain 3/5 pre 9/10 pre 10/10 pre TRUE
on exertion, sometimes with exertion-induced dizziness, and this is his ECG. What is your
most likely diagnosis for this patient?

A. Left anterior hemiblock

B. RBBB

C. Hypertrophic cardiomyopathy

D. LBBB

E. RBBB and left anterior hemiblock

5/5 post 10/10 post | 10/10 post

20. This ECG was recorded from a 75-year-old woman who complained of attacks of dizziness. | 4/5 pre 10/10 pre 10/10 pre TRUE
What is your most likely diagnosis for this patient?
A. LBBB

B. Normal ECG

C. Sinus rhythm and first-degree block

D. RBBB

E. Second-degree AV block

5/5 post 10/10 post | 10/10 post
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Appendix C. Fake ECGs Questions Pre & Post Al suggestions
Table acronyms and their explanations:
e ca: Correct Answer Number,
e ta: Total Answer Number,
e pre: Initial physician answer without Al suggestion,
e post: Physician answer after Al suggestion,
Multiple-choice question. Bolt is the correct answer Less experienced Internal Cardiologist
Internal Medicine Medicine (ca/ta)
(ca/ta) (ca/ta)
1. This ECG was recorded as part of the routine investigation of a 40-year-old man who was 2/5 pre 9/10 pre 10/10 pre
admitted to hospital following a first seizure. He was unconscious and had a stiff neck and 0/5 post 8/10 post 10/10 post
bilateral extensor plantar responses. His heart was clinically normal. What is your most likely pos pos pos

diagnosis for this patient?
A. Anterolateral ischemia
B. Normal ECG
C. Pericarditis

D. Anterolateral T wave inversion due to subarachnoid haemorrhage
E. Left ventricular hypertrophy
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Multiple-choice question. Bolt is the correct answer Less experienced Internal Cardiologist
Internal Medicine Medicine (ca/ta)
(ca/ta) (ca/ta)
2. An 18-year-old student complains of occasional attacks of palpitations. These start suddenly | 2/5 pre 9/10 pre 10/10 pre
without provocation; the heartbeat seems regular and is ‘too fast to count’. During attacks she
does not feel dizzy or breathless, and the palpitations stop suddenly after a few seconds. 0/5 post 5/10 post 10/10 post
Physical examination is normal, and this is her ECG. What is your most likely diagnosis for this
patient?
A. Possible pre-excitation
B. Sinus tachycardia
C. AVNRT
D. Sporadic ventricular extrasystoles
E. Atrial fibrillation
3. A 30-year-old man, who had had attacks of palpitations for several years, was seen during an | 0/5 pre 10/10 pre | 10/10 pre
attack, and this ECG was recorded. He was breathless and his blood pressure was
unrecordable. What is your most likely diagnosis for this patient? 0/5 post 9/10 post 10/10 post
A. Atrial fibrillation with rapid ventricular response
B. Ventricular fibrillation
C. Ventricular tachycardia
D. Supraventricular tachycardia
E. Sinus tachycardia with aberration
104
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Multiple-choice question. Bolt is the correct answer

Less experienced
Internal Medicine
(ca/ta)

Internal
Medicine
(ca/ta)

Cardiologist
(ca/ta)

4. This ECG was recorded from an 80-year-old woman who had been found unconscious with
physical signs suggesting a stroke. What is your most likely diagnosis for this patient?

A. Atrial flutter and hypotension

B. Sinus bradycardia and hypothermia

C. Atrial fibrillation and hypothermia

D. Ventricular fibrillation and hyperkalemia

E. Second-degree AV block

0/5 pre

0/5 post

0/10 pre

0/10 post

0/10 pre

0/10 post

5. A 25-year-old woman, who had had episodes of what sound like a paroxysmal tachycardia
for 10 years, produced this ECG when seen during an attack. What is your most likely diagnosis
for this patient?

A. Atrial fibrillation and the WPW syndrome type A

B. Atrial flutter with RBBB

C. Ventricular tachycardia

D. Sinus tachycardia with PVCs

E. AVNRT with LBBB

3/5 pre

0/5 post

8/10 pre

8/10 post

10/10 pre

10/10 post
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Multiple-choice question. Bolt is the correct answer

Less experienced
Internal Medicine
(ca/ta)

Internal
Medicine
(ca/ta)

Cardiologist
(ca/ta)

6. A 75-year-old woman was admitted with heart failure. She had been treated with digoxin,
ramipril, Frumil and Spironolactone. This is her ECG. What is your most likely diagnosis for this
patient?

A. Hypokalemia with LBBB

B. Digoxin toxicity

C. Atrial fibrillation with LVH

D. True posterior myocardial infarction

E. Hyperkalaemia and RBBB

0/5 pre

0/5 post

2/10 pre

0/10 post

9/10 pre

2/10 post

What is your most likely diagnosis for this patient?

A. Sinus rhythm and intermittent pacemaker rhythm

B. Sinus rhythm with frequent PVCs

C. Sinus rhythm and accelerated idioventricular rhythm
D. Sinus rhythm with RBBB

E. Sinus rhythm and atrial flutter

7. This ECG was recorded as part of the health screening of an asymptomatic 40-year-old man.

3/5 pre

0/5 post

4/10 pre

4/10 post

8/10 pre

8/10 post
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Multiple-choice question. Bolt is the correct answer Less experienced Internal Cardiologist
Internal Medicine Medicine (ca/ta)

(ca/ta) (ca/ta)

8. A 45-year-old man was admitted to hospital with a history of 2h of ischaemic chest pain. His | 5/5 pre 2/10 pre 4/10 pre
blood pressure was 150/80, and there were no signs of heart failure. This was his ECG. What is
your most likely diagnosis for this patient?

A. Atrial flutter

B. Supraventricular tachycardia

C. Wolff-Parkinson-White syndrome

D. Broad complex tachycardia — probably ventricular tachycardia

E. Sinus tachycardia

0/5 post 2/10 post | 4/10 post

9. A 30-year-old woman, who had been treated for depression for several years, was admitted | 3/5 pre 9/10 pre 10/10 pre
to hospital as an emergency following deliberate self-harm involving a small number of aspirin
tablets. There were no abnormalities on examination, but this was her ECG. What is your most
likely diagnosis for this patient?

A. Anterolateral ischemia

B. Anterolateral T wave inversion due to lithium therapy

C. Normal ECG

D. Ventricular hypertrophy

E. Pericarditis

0/5 post 9/10 post 10/10 post
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Multiple-choice question. Bolt is the correct answer Less experienced Internal Cardiologist
Internal Medicine Medicine (ca/ta)
(ca/ta) (ca/ta)
10. This ECG was recorded in the A&E department from a 25-year-old man with severe chest 5/5 pre 8/10 pre 9/10 pre
pain. No physical abnormalities had been detected. What is your most likely diagnosis for this
patient? 0/5 post 6/10 post | 10/10 post

A. Acute anterior STEMI

B. Widespread ST segment elevation, suggesting pericarditis
C. Early repolarization

D. Left ventricular hypertrophy

E. RBBB
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Appendix D. Ethical Approval of the Research Protocol
(Greek Version)

AIIO®AXH
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AEONTOAOTIAZ THZ EPEYNAZX (E.H.
TOY EONIKOY METZOBIOY
MOAYTEXNEIOY

TTA

EIrKPIZH
EPEYNHTIKOY MPQTOKOAAOY

| Tizhog peaimg yw y omoie inrignke fyxmon
«Synergistic Al-Iluman Integration for Cardiology»

Lmotpovikde YaebOuvos the peidne

Koveravrive Nucite (Kadnyitpie EMII)

Eidog mpotsvopévns peAéms

TT napovsa Epevva diepeové ) dvvatdmia sveopdtmons mc Texvntig Nonposbvng
(IN) o Swudwkecic Suryvoons xepdloloyikdy memotankav. XToxos siven  va
agloromOsi av 1 ypijon evég cuatiuotog TN (Meydra [rwcecikd Moviéia) pmopsi va
EVIOYDOGEL TNV KGVOTNTH TOV YITpGY ot Ayn axo@dosmv. Ol oLUUSTEXOVTES
Kapdoroyo ke maBOROYOr  K@AODVTE v avakDoonv  mepunicic
NASKTPOKAPSOYPUENIGTOY KOl Ve TPOTEIVOLY SIGyvmor. T cuvéysi, Aopfévouy
vrodeidee and v TN kot emavefetalovy g amoveiosy Tove. Méce ovtig ™o
Sudwacing KaTeypEpovior o akiayés oTg SwYveoTIKGg EXTIUNGIS, tvh aS10hoyrito
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(E.H.A.E)

Xuvedpiaen 14.01.2025, Oipe 1.3
Amdpacn Lmtpomis Hous ko Azoviokoyiag tng lpeuvas (1 H.AIL)
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Ethical Approval of the Research Protocol

(English Version)

DECISION

OF THE RESEARCH ETHICS AND
DEONTOLOGY COMMITTEE (R.E.D.C.)
OF THE NATIONAL TECHNICAL UNIVERSITY

OF ATHENS

FOR

THE APPROVAL OF A
RESEARCH PROTOCOL

CONFIDENTIAL DOCUMENT

13

[ Title of the study for which approval was requested

Synergistic Al-1luman for Cardiology»
|Scientific Supervisor of the study

K ina Nikita (Profe NTUA)

[ Type of proposed study

This study investigates the potential integration of Artificial Intelligence (Al) into the diagnostic
process of cardiological cases. The aim is to assess whether the use of an Al system (Large
Language Models) can enhance physicians' decision-making capabilities. Participating cardiologists
and internists are asked to analyze electrocardiogram cases and provide a diagnosis. They then
receive suggestions from the Al and are prompted to re-evaluate their initial responses. This process
records any changes in diagnostic assessments, while also evaluating the physicians’ critical stance
toward both correct and deliberately incorrect Al-generated suggestions, The data will be analyzed
to understand the contribution of Al to improving diagnostic accuracy. The study aims to develop a
collaborative human-machine model that will support clinical practice and promote the use of
innovative technologics in the diagnosis of cardiovascular discases

{Protocol Number assigned by the Research Ethics and Deontology Committee (R.E.D.C.)/ Special
{Research Fund (S.R.F.

2008/08.01.2028

Number and date of the decision by the Research Ethics and Deontology Committee (R.ED.C.)

Meeting held on 14 January 2025, Agenda Item 1.3

Decision by the Research Ethics and Deontology Committee (R.E.D.C.)

Approved ‘
Committee members

A. And los (D D. M. i ELK. 1

" M.D.
v s
Kouvaris, E. Stai, V. Kormpakis, I. Ladas

ki, K. Kord C.

Comments by the Research Ethics and Deontology Committee (R.E.D.C.) that formed the basis for
the decision on the submitted application

Having reviewed the research protocol and all relevant supporting documents/additional approvals,
as submitted to the Rescarch Ethics and Deontology Committee (RUE.D.CL),

and

taking into consideration the objectives and the anticipated benefits, as well as the methodology of

the study, the absence of conflicts of interest by the

explanatory report,
The R.E.D.C.

archers, and the absence of potential
risks to the research subjects, in accordance with the statements contained in the relevant

confirms and unanimously approves the submitted application (Article 279, par. 1

Law 4957)

This decision of the R.E.D.C. in no case substitutes for any approval or license

that may additionally be required by law from another competent public
h dmi; hority, for the

ative

d d 1,

ity, i ive body, or i

present research project/study.

Date of decision issuance
Year: 2025 Month: January
Signed by the Committee Chair

Name

Position, Surname

Director Andreas Andreopoulos

Day: 14, Tuesday

Signature
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Appendix F. Study Protocol (Greek Version)

Yuvtoun MNepypadn Epguvoc

Oewpntiko YroBadpo

H Texvnt Nonpoouvn (TN) avadlapopdwvel ToV TOPEN TWV SLAYVWOTIKWY TIPOKTKWY,
POodEPOVTAC VEQ EPYAAELQ TTOU UITOPOUV VA VICXUCGOUV TNV TTOLOTNTA KL TNV TaXUTNTA TWV
LaTpKWVY armodacswv. Eldikotepa otnv kapdlodoyia, 6mou n akplPng katl aueon Slayvwaon
TwV Kapdlayyelokwy mabnoewv eivat kpiown yla tnv ékBaon tng Bepamnelag, n eVowpdTwon
mponyuévwy ocuotnuatwv TN oavolyel véoug opilovteg. Ta oUyxpova GCUOCTHUATA TIOU
aflomololv MeydAa NMwootkd Movtéla (LLMs) pe texvoloyia Avayvwplong Avaktnong (RAG)
ETUTPEMOUV GTOUG KAPSLOAOYOUG VO OITOKTOUV TIPOCPOoN O TEPACTLO OYKO EEELBIKEVEVNC
LOTPLKNC YVWONG OE TIPAYUATIKO XpOVo, TipocdEpovTag SLayVWOTIKEG TIPOTACELG HE Bdaon Ta
povadika Sedopéva kabe acBevouc.

Ta LLMs, pe tnv texvoloyia RAG, Asttoupyouv wg «pndlakoi ouvepyatec» n Al co-pilots, ot
omoiol TapéXouV MPOTACELC PACLOPEVEG O ATOULKA KOL CUYKPLTIKA Sedopéva acBevwv. Auth
n umootnpLen SLlEUKOAUVEL TouG ylatpoUg oth dtadikaoia AfPng anmodpAcEwV, EMTPEMOVTAS
TOUG va evtoTmilouv MIBAVEG SLAYVWOELS KOL VO EMOVEKTLHOUV TIG OPXLKEC TOUC EKTLUNOELG.
Xdpn otn SuvatotnTa eVoWwHATWong MAnpodoplwy armod nponyoleva Latplkd Sedopéva, Ta
ouoTnuata autd Bonbouv otnv mMapoxn OVAAUTIKWY KoL aKpLBWY TIPOTACEWY, EVIOXUOVTAG
TNV KALWVLKI AOYLKN] KOl TNV QUTOTIENOLONON TWV LATPWV.

Mapd TLg SUVATOTNTEG TOUG, TOL CUCTHLOTA AUTA €V aVTLKABLOTOUV TN YVWON KoL TNV ERTELpia
TOU yloTpoU, oAAd avtiBeta AslToupyolV GUVEPYOTIKA, ETILTPEMOVING OTOUC YLOTPOUC Vo
datnpouv tov €Aeyxo NG Swadikaociag Sldyvwong. Aut n Swadpaotikn ocuvepyooia
avBpwrmou kat TN Snuloupyel éva véo mPATUTIO GTNV KALWVLIKI TIPAEN, OTIOU N uTtoaThpLEn TG
TN aflomoleital o€ CUVSUACUO LE TNV KPLON KaL TNV EUMELPLO TOU yLOTPOU, Stapopdwvovtag
éva mepBaiiov aAAnAenidpacng avBpwou-pnxavrg Iou IPOAYEL TNV EUTILOTOCUVN.

Qotooo, n epapuoyn tng TN oTNV LOTPLKN TApAPEVEL Eva avaduopevo medlo pe TOAAEG
OVOLXTEG TIPOKANCELG. OEUATA OTIWG N AVTLKELLEVIKOTNTA TWV SLOYVWOTIKWY TIPOTACEWY, N
armodoyr TWV CUCTNUATWY QUTWV Ao TOUG YLaTpoUc, N KPLTIKA Toug Stabson amévavti Toug,
KaBw¢ Kot N BLoOTNTA TNG CUVEPYACLOC TOUG O TIPAYUATIKA KAWVIKA TteplBaAAovta,
xpeltalovtal mepattépw Slepelivnon. H avaykn yla UMEPLOTATWUEVN A€LOAOYNON AUTWY TWV
ouoTnuatwy eivat kaBoplotikn, kabwg Ba BonBrosl va katavorooupe MwE n aAAnAenidpaon
avBpwrmou-TN pmopel va evioxUoEL TNV aKpLBEL KAL TNV AMOTEAECUATIKOTNTA OTN SLAyvwon,
oUPBGAAOVTOG OTNV OMOAN EVOWUATWON TOUG OTNV KABNUEPLWVA LOTPLKA TIPAKTIKN Kol
e€aodpalilovrag Tnv MoLoTikh ppovtida Twv acbevwy.

Epeuvntikn Atadikaoia

H épeuva emikevipwvetal otnv aAAnAenidpacn KapSLoAdywv Kal TaBoAoywV e €éva cUoTNUA
Texvntic Nonuoouvng (TN) mou umootnpilel t Sayvwotiky Stadikaocia. Ytoxoc ivat n
a€loAoynon tou Babuol otov omoio n evowpdtwaon tng TN pnopet va BeAtiwoel TNV akpiBela
KOlL TRV QUTOMEMOLONoN TWV ylatpwv otn Sldyvwaon KapSLoAOYIKWY TIEPLOTATIKWY, KABWG Kot
otnv afloAdynon Tng EUMLOTOCUVNG KoL TN KPLTIKNG 0TAONC TWV Lotpwv arévavtt otnv TN. Ot
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OUMUETEXOVTEG Ba aLOAOYOOUV KALVIKEG TIEPUTTWOELG [LE KAL XWPLG TNV umoothiplen tg TN,
HECW CUUTIANPWONG eVOG epwtnuatoloyiou. H Stadwkaoia Ba €xel Slapkela mepimou 50-60
AenTd oUVOALKA. H Tapouca €peuva MpayUatomnole(tal oto MAaiclo SU0 HETAMTUXLOKWY
SUMAWHATIKWY pyactwy yla to AMMZ Metadpaotikn Brolatpikry Mnxavikn kat Eotriun.

H napouoa €peuva meplhappavel ta €n¢ otadia:

1. Emoyn ko Nepypadn ZUPUETEXOVIWV:

(o]

H épeuva ameuBuvetal oe kapdLoAoyoug kat maboAdyouc. H mpooéyylon Twv
OUHUETEXOVTIWY  YlATPWY TpoyUatomnoleital péow avalitnong oto
OKASNUAIKO, ETAYYEAUOTIKO KOL TIPOCWTILKO TtepLBAAAov. OL ylotpol mou
TIANPOUV TA KPLTAPLA CUHHETOXNG EVNLEPWVOVTAL TIPOCWTILKA YLl TOV OKOTIO
kat tn Sladikaoia tng €peuvac. H evnuépwon meplhAappavel avoAuTiki
ene€nynon Tou otoxou TN KEAETNG, TNG dUONG TNG AAANAENISPACAG TOUG UE
To ovotnua Texvntng Nonuoouvng, kKaBwg Kal Twv mbavwyv wdelelwy Kat
KWvSUVWV amo tn CUMMETOXA Toug. Katd tnv €vapén kaBe ocuvedplag, o
OUMMETEXOV SNAWVEL OV OE TIOLX ELOLKOTNTA QVIKEL, TNV E£PYOOLAKA TOU
EUMELlpla KAl KOTA TOoO OAOKANpwoe TNV £l8IKOTNTA Tou otnv EAAGSa.
EmumA€ov, SnAwvel To emtinedo e€olkeiwaong toug pe edpappoyeg tng TN.

2. Mapovuciaon KAwikwv MepLOTATIKWV:

O

To £pWTNUOTOAOYLO TIOU KOAOUVTOL VA CUUTIANPWOOUV Ol GUUUETEXOVTEC
amoteleital amd KAWIKA TEPLOTATIKA Tou Tiepllappavouv Sedopéva
nAektpokapdloypadnuatwy (ECG) pali pe Bacikd dnuoypadLkd oToLxeia Tou
aoBevouc (nAkia, dpUAO, cupnTwpoTa). To MEPLOTATIKA AUTA £XOUV avTtAnOel
and eyxelpidlo ekmnaidevong kapdloAdywv [1]. Ta meplotatikd €xouv
peTatparnel og epwtnoelg MOAAATIANG ETUAOYNG O€ T(ponyoUevn €peuva [2].
Mo TIg avaykeg TIg mopoloag £peuvoc £xouv xpnotpomownBel emumAéov 10
EPWTNOELG TOU gyXELPLEIOU, OTIOLEG LETATPATINKAY OE TIOAAITANG ETUAOYNAG HE
™ BonBela kapSloAdyou. IKOTOC TG MPOCOAKNG TWV EPWTNCEWV QUTWV
OMWG MePLYyPAdETAL AVAAUTIKOTEPA KAL TTAPAKATW, E(VOL N TTOPATAPNON KOL N
QVAAUGN TNG OTACNG KOL TNG KPLoNG TWV LOTPWVY ATEVAVTL O EPWTNOELS OTIOU
oL tpdtacn tou Al Sev ival £ykupn.

3. Apxkn Awdyvwon:

(0]

Ol ouppeteyovreg etetalouv kABe mepinmtwon exwplotad Kal kataypddouy
NV apxLkr toug Slayvwon pe Baon ta npoodepoueva dsdopéva ECG Kat Tt
81K TOUG KALVIKN EUTELPLL.

4. MapépPaon kat YodewEn and tnv TN:

(0]

Metd tnv Kataypadrn TG apxkng Olayvwong, To (8lo TEepLOTATIKO
TAPOUCLATETAL EK VEOU LE pLa Ttpotaon dtayvwong amd tnv TN. H rpotaon
autn €xel dnuioupynBel amod éva LLM clotnua. Ou ylatpol pmopouv va
ETIAVEEETAOOUV TNV OPXLKN TOUG EKTLLNGT, XPNOLLOTIOLWVTAG TNV POTACH TNG
TN wg 08nyo, 1 va emiBeBatwoouv TNV apxikn Toug anodaon.
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AvApEoQ OTLG TPOTAOELG Tou poviélou TN, Ba untapyxouv Kal kamoleg (~20%
TOU OUVOAOU) oL omoieg eAeyxOpeva Kal oToxeupéva Ba sival AavBaopéveg
(xwplg TNV MpoTEPN EVNUEPWON TOU LatpoU). Me tn BonBela Twv MPoTtacewv
QUTWV OKOTIOG €lval va kataypadel kal va avaAluBel n emSpaoTikoOTNTA TNG
TN og Lotpouc Stadopwy emumédwy e€eldikevong aAld Kal e€olkelwong pe
edpappoyég TN, kaBwg Kot n cupmnepldpopd AUTWV UNPOCTA O TIEPLOTOTIKA
OTIOU TO YVWOTLIKO eMiNeS0 €VOG LOVTEAOU ELval AVAVTIOTOLXO TWV YVWOEWY
Tou LatpoU. H mapanavw dtadikaoia oxedlaletal Kal epapUoleTal Pe TETOLO
TPOTO WOTE VO UNV EMNPEACEL TIG TIEPUTTWOELG OTIOU N aAAnAemidpaon tou
LOTPOU YIVETAL HE TLG TTPAYUOTLIKEG TIPOTACELG TOU JovieAou TN.

5. OMAokAnpwon ocuvedplag:

O

Me To TEPOG TNG CUUMANPWONG TOU EpWTNUATOAOYIOU yLa Tov KOt Latpd,
TIPOYLOTOTIOLEITOL EVNUEPWON TOU CUMHETEXOVTA WG TIPOC TNV UMapén Twv
AavOOOUEVWY TIPOTACEWV UE OKOTIO VO KATOVONOOUUE TNV €UMELpll TOU
LaTPoU KATA TNV AIAVINGCN TWV EPWTNOEWV KAl KATA TNV aAAnAeniSpaaon Tou
LLE TIC (OWOTEC Kal AavBaopévec) mpotdoelg tng TN.

6. ZuAloyn kat Kataypadn AeSopévwy:

O

Optimizing Cardiology Diagnostic Accuracy via Synergistic Al-Human Integration

To ovopaTeEnwvupo KAaBe ouppetéxovta Ba eudaviletal povo otnv
uTtoypadn Tou OTo £VTUTIO cuykatdBeaonc, To omoio Sev Ba PndlomoinBel kat
Sev Ba ouvdéetal pe Ta untddouna Sedopéva mou culéyovtal. MapdAAnAa,
YL VO KATOLOTEL TO SIKALWLA TWV GULETEXOVTWVY VA amocVpouV Ta dedopéva
TOUG amo tnVv €peuva ebLkTd, Ba TOUG SIVETAL KATA TN OTLYUA TNG EVAPENG TNG
Sladikaoiag évag tuxaiog kwdlkdg, o omoiog Ba kataypddetal amd Toug
18loug oto epwtnUAToAdYLo Touc. H olvSeon ovopatog Kat Kwdikou Ba eival
Suvath HOVO Ao TO CUUUETEXOVTQ, O OTOLOG OTNV MEPIMTWon mou emtbupel
Vo QmOCUPEL TI( OTOVINCOEL, TOU HE TOV KWOLKO TOU ETUTPETEL OTOUC
£peuUVNTEG/POLTNTEG VA TAUTOTOLOOUV TIG OTTOVTHOELG TOU.

Mépa amd 1o ovopotemwvupo 8ev Ba kataypddovial AAAa TPOCWITKA
otolxela. OAa ta dedopéva mou Ba cuAexBouv oto mMAaiolo g Epeuvag Ba
napapeivouv TANPWC avwvupa. Mo TG avAykeg tng €psuvag Oa
KataypAdeTaL N ELSLKOTNTA TWV CULHETEXOVIWY (KapSLoAGyo¢ 1) taboAoyog),
N €MayyEAUQATIKA TOUC gumelpia (€Tn amo tnv anoktnon eldkdTnTag), Kotd
noco olokAfpwoav TtV e8IKOTNTA Toug otnv EANGda kal to emimedo
e€olkelwong Toug e ehapUOYEG TEXVNTAC VONUOoUVNG.

Oha ta ovwvupa Oedopéva TG €peuvag oUAAEyovtal HECW TOU
epwTnuatoloyiov to omoio €xel ulomolnBel otnv unnpeoia SurveyMonkey
[3]. Me tnv ohokAnpwon tng Stadikacioc culoyng Twv dedopévwy TG
€PELVOCG Ol OVWVUHEG amavinoelg Ba Swaypadolv amd tnv UMnpecia
SurveyMonkey kat Ba amoBnkeutolv yla tnv avaiuon toug . T0udwva pe
toug dpoucg xprnonc tnc umnpeoiag SurveyMonkey, n Swaypadn Twv
QTAVTACEWV €lval OpPLOTIKY, N TPOOBACN Ot QUTEG XAVETAL AUECA KOL h
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0pLOTIKN Toug dlaypadn amd Ta CUCTHUATO TNG UTthpeoiag yivetal og 60
LEPEC.

o HmnpodoPaon ota dedopéva Ba meploplotel avoTnpd oTouC UTIELBUVOUG TNG
€peuvag, evw 6ev Ba ypnolpomolnBouv yla GAAOUG OKOTIOUC TIEPAV TNG
napovoag PeAETnG. Ocov adopd mTOAvA TVEUUATIKA OLKOLWHATH TWV
OUMUETEXOVTWY, oL mAnpodopieg mou Ba culAexBouv Sev meplAapBavouv
S6ebopéva mou Ba  umopoloav VO TOUTOMOLACOUV KATIOLO  GTOWO,
Staodalilovrag €tol otL Sev tiBetal {Atnua mapaBiaong Twv SIKALWHATWY
Tou¢. EmutAéov, Ta amoteAéopata Ba SnuooteuBolv og avwvuun popdn Kat
Ol CUMHETEXOVTEC Ba £xouv MPOCPBacn 08 AUTA, OTIWE TPOPAETEL TO £VTUTIO
ouykataBeong tng £peuvag.

o [la TNV avaykn TPOYPOUHATIOHOU TWV CUVAVTHOEWY Ol POLTNTEG/EPEUVNTEC
Ba XPNOLOTIOLO0OUV OTOLXELO ETLKOWVWVIOG TWV CUUHUETEXOVTWY, TA omola
ouwg 6ev Ba ouvdeBolv pe ta Sedopéva mou CUAAEyovTal KATA TNV
gepeuvntikn Sladkaoia kal o kGBe mepintwon Ba Slaypddovrtal pe v
oAoKApwaon TG CUVAVTNONG.

7. AvdAuon Asdopévwv:

o Tabebopéva mou Ba mpokUPouv amnod To epwtnpatoAdylo Ba untopAnbouv oe
avaluon yla tnv aflohoynon twv dladopwv oTic SLayVWOoTIKEG AmoPATELS
KOl OTNV QUTOMENOIBNOoN TWV yloTtpwy, PV Kol PETA T xpnon tng TN.
MapdAAnAa, Ba avaAuBolv ta tpodiA Kot oL CUUTEPLPOPES TWV LATPWYV KATA
NV aAANAETLSPAOT] TOUG E TIG TEXVNEVTWES AdBo¢ urtodeitelg tng TN.
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Appendix G. Study Protocol (English Version)

Brief Description of the Study

Theoretical Background

Artificial Intelligence (Al) is reshaping the field of diagnostic practices, offering new tools that
can enhance the quality and speed of medical decisions. Especially in cardiology, where
accurate and immediate diagnosis of cardiovascular diseases is critical to treatment outcomes,
the integration of advanced Al systems opens new horizons. Modern systems that utilize Large
Language Models (LLMs) with Retrieval-Augmented Generation (RAG) technology allow
cardiologists to access a vast volume of specialized medical knowledge in real time, offering
diagnostic suggestions based on each patient’s unique data.

LLMs, using RAG technology, function as “digital assistants” or Al co-pilots, providing
suggestions based on individual and comparative patient data. This support facilitates the
decision-making process for doctors, allowing them to identify potential diagnoses and
reassess their initial evaluations. Thanks to the ability to integrate information from previous
medical data, these systems help deliver analytical and accurate suggestions, strengthening
clinical reasoning and physician confidence.

Despite their capabilities, these systems do not replace the knowledge and experience of the
physician but rather function collaboratively, allowing doctors to maintain control over the
diagnostic process. This interactive collaboration between humans and Al creates a new
model in clinical practice, where Al support is utilized in combination with the judgment and
experience of the physician, forming a human-machine interaction environment that fosters
trust.

However, the application of Al in medicine remains an emerging field with many open
challenges. Issues such as the objectivity of diagnostic suggestions, acceptance of these
systems by doctors, their critical stance towards them, and the viability of their collaboration
in real clinical settings require further investigation. The need for thorough evaluation of these
systems is crucial, as it will help us understand how human-Al interaction can enhance
accuracy and effectiveness in diagnosis, contributing to their smooth integration into daily
medical practice and ensuring quality patient care.

Research Procedure

The research focuses on the interaction of cardiologists and internists with an Artificial
Intelligence (Al) system that supports the diagnostic process. The aim is to evaluate the extent
to which the integration of Al can improve the accuracy and confidence of doctors in
diagnosing cardiology cases, as well as to assess the trust and critical stance of physicians
toward Al. Participants will evaluate clinical cases with and without the support of Al, through
the completion of a questionnaire. The process will last approximately 50—60 minutes in total.
This study is conducted as part of two master’s theses for the Interdepartmental Postgraduate
Program in Translational Biomedical Engineering and Science.
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The present study includes the following stages:

1.

O

2.

©)

3.

O

4.

O

Selection and Description of Participants:

The study targets cardiologists and internists. Recruitment of participating doctors is
conducted through searches in academic, professional, and personal networks.
Doctors who meet the participation criteria are informed personally about the
purpose and procedure of the study. The briefing includes a detailed explanation of
the study’s aim, the nature of their interaction with the Al system, as well as the
potential benefits and risks of their participation. At the beginning of each session,
the participant states their specialty, work experience, and whether they completed
their specialization in Greece. Additionally, they declare their level of familiarity with
Al applications.

Presentation of Clinical Cases:

The questionnaire participants are asked to complete consists of clinical cases that
include electrocardiogram (ECG) data along with basic patient demographic
information (age, gender, symptoms). These cases are drawn from a cardiologist
training manual [1]. The cases have been converted into multiple-choice questions in
a previous study [2]. For the purposes of the current study, an additional 10 questions
from the manual were used, which were converted into multiple-choice questions
with the assistance of a cardiologist. The purpose of adding these questions, as
described in more detail below, is to observe and analyze physicians’ attitudes and
judgment toward questions where the Al suggestion is invalid.

Initial Diagnosis:

Participants examine each case separately and record their initial diagnosis based on
the ECG provided data and their own clinical experience.

Intervention and Suggestion by Al:

After recording the initial diagnosis, the same case is presented again with a diagnostic
suggestion from the Al. This suggestion has been generated by an LLM system.
Doctors can re-evaluate their initial assessment using the Al suggestion as a guide or
confirm their original decision.

Among the suggestions provided by the Al model, some (~20% of the total) will be
intentionally and selectively incorrect (without prior notification to the physician).
With the help of these suggestions, the aim is to record and analyze the influence of
Al on physicians of varying levels of expertise and familiarity with Al applications, as
well as their behavior when faced with cases where the model’s knowledge level does
not correspond to that of the physician. This process is designed and implemented in
such a way that it does not affect the cases where the physician interacts with the
actual suggestions of the Al model.
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5. Session Completion:

o Upon completion of the questionnaire by each doctor, the participant is informed
about the presence of incorrect suggestions in order to understand the doctor’s
experience while responding to the questions and interacting with the (correct and
incorrect) Al suggestions.

()]

. Data Collection and Recording:

o The full name of each participant will appear only on the consent form signature,
which will not be digitized and will not be linked to the other data collected. At the
same time, in order to make it possible for participants to withdraw their data from
the study, they will be given a random code at the start of the process, which they will
record themselves in their questionnaire. The connection between name and code
will be known only to the participant, who, if they wish to withdraw their responses
using the code, enables the researchers/students to identify their answers.

o Apart from the full name, no other personal information will be recorded. All data
collected in the context of the study will remain completely anonymous. For the
purposes of the study, the participants’ specialty (cardiologist or internist), their
professional experience (years since specialization), whether they completed their
specialization in Greece, and their level of familiarity with Al applications will be
recorded.

o Allanonymous study data is collected through the questionnaire implemented on the
SurveyMonkey service [3]. Upon completion of the data collection process, the
anonymous responses will be deleted from the SurveyMonkey service and stored for
analysis. According to the terms of use of SurveyMonkey, deletion of responses is
permanent, access is lost immediately, and their complete deletion from the service’s
systems occurs within 60 days.

o Access to the data will be strictly limited to the researchers responsible for the study
and will not be used for purposes beyond the current study. Regarding possible
intellectual property rights of participants, the collected information does not include
data that could identify individuals, thereby ensuring that there is no violation of their
rights. Additionally, the results will be published in an anonymous form, and
participants will have access to them, as stated in the study’s consent form.

o Forthe purpose of scheduling meetings, the students/researchers will use the contact
information of the participants, which, however, will not be linked to the data
collected during the research process and will in any case be deleted upon completion
of the meeting.

~N

. Data Analysis:

o The data obtained from the questionnaire will be analyzed to assess differences in
diagnostic decisions and physician confidence before and after the use of Al. At the
same time, the profiles and behaviors of doctors during their interaction with the
deliberately incorrect Al suggestions will be analyzed.
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