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Abstract

Quantum machine learning (QML) is an emerging field combining quantum computing
and artificial intelligence, with promising applications in medicine and healthcare. This
survey reviews more than 60 studies published between 2018 and 2025, highlighting
a sharp increase in research activity, especially in the last three years. We address seven core
research questions related to publication trends, the use of real quantum hardware versus
simulators, quantum architectures overview, dataset types, medical domains, algorithmic
frameworks, and reported results. Our analysis shows that most QML research in healthcare
is conducted on simulators due to limited hardware access, and it relies on small datasets.
Quantum convolutional neural network (QCNN) architectures dominate image-based
medical tasks such as tumor detection, pneumonia diagnosis, and ECG interpretation,
while feature-based datasets are mainly analyzed with variational quantum classifiers and
quantum support vector machines. Despite hardware constraints, QML models often match
or surpass classical machine learning approaches in accuracy, frequently reaching 95–99%.
However, these performance statements should be qualified to recognize experimental
limitations and avoid excessive optimism and should not be interpreted as definitive proof
of quantum superiority at this stage. Additionally, issues with reproducibility and reporting
of hardware details persist, which is a significant research gap. This review emphasizes
the need for standardized benchmarks, more real hardware testing, and architecture-
aware algorithm design. With the potential for accelerated diagnostics and personalized
healthcare, QML represents a strategic direction for future medical research.

Keywords: quantum computing; machine learning; healthcare; quantum neural network;
deep learning

1. Introduction
Recently, there has been a significant increase in interest in artificial intelligence (AI),

accompanied by a growing demand for computational resources. Possible solutions for this
challenge lie in quantum computing—a field currently experiencing rapid technological
development. The non-standard representation of information in qubit may be an essential
key to acceleration of algorithms based on quantum machine learning (QML) [1]. However,
the era of quantum computing is currently in its infancy, a stage of development that
researchers call Noisy Intermediate-Scale Quantum (NISQ). This makes it possible to create
the first works on quantum topics, but their practical application is limited due to hardware
capabilities [2]. This fact is consistent with the conclusion from an initial review of existing
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studies—particularly surveys and comparative works—that most QML experiments are
conducted on quantum simulators rather than real quantum hardware. This tendency
comes from the early development stage of quantum hardware and the limited accessibility
of quantum processors [3].

A growing body of literature reports diverse applications of QML across various
scientific and engineering domains such as 6G communication networks [4], chemistry and
physics [5], and medicine and healthcare [6,7]. One of the more interesting applications is
the medical field, as with the current workload of medical workers, there is a real need to
support them in assessing medical data in order to classify disease entities.

While recent surveys have explored QML in broad contexts [8] or focused on specific
medical niches like drug discovery [9], there remains a lack of comprehensive analysis
regarding the practical viability of these models on current hardware. Unlike previous
reviews that primarily categorize algorithms theoretically, this study specifically differen-
tiates itself by critically evaluating the gap between simulated results and real hardware
execution. We provide a granular analysis of the architectures employed relative to spe-
cific data modalities and assess the actual scale of quantum circuits used in the literature,
offering a more realistic perspective on the state of QML in healthcare during the NISQ era.

The primary objective of this paper is to analyze the evolution of the usage of real
quantum hardware in QML-based studies, with a particular focus on the types of quantum
architectures employed. To our knowledge, no comprehensive overview of this kind exists
in the literature. In many articles, information on the hardware used is vague or difficult to
extract. Given the rapid increase in the number of publications on QML, this study narrows
its scope to applications in healthcare, where the potential benefits of quantum-enhanced
machine learning are auspicious. A detailed analysis of the medical conditions explored,
the specific datasets utilized, and the QML tools and frameworks used was carried out.
This approach provides a clearer understanding of the current trends and methodological
practices in applying quantum techniques to real-world healthcare challenges.

The structure of this article is organized as follows: Section 1 provides an introduction
to the topic and outlines the contribution of this work. Then, in Section 2, the main
objectives of this article are presented, along with the research methodology. Afterwards,
in the following sections, the answers to the research questions are presented. Subsequently,
an analysis of the growing popularity of the research trend in the area discussed is presented
in Section 3, the identification of the most widely used datasets is carried out in Section
4, and the most explored medical fields are analyzed in Section 5. An overview of the
dimensions of quantum machines and the answer to the question of whether they are
actually used or whether simulators are the main basis of work are presented in Section 6.
Finally, the scope of the technologies and network architectures applied in the reviewed
studies is checked in Section 7, along with an analysis of what types of data a given
technology is used for, with a presentation of the results in Section 8. This article concludes
with a summary in Section 9 and suggestions for future research directions.

2. Research Methodology
Identifying current advances in quantum machine learning requires making certain

initial assumptions. It is necessary to answer questions that are within the scope of this
literature review so that it can be valuable for future research in the field. Specific applica-
tions, such as medicine and healthcare, as well as emerging quantum technology, should
be taken into account. After brainstorming and reviewing the work to see the current state
of the research, we set the following research questions (RQs):

RQ1: How many articles have been published on the described topic for a given year,
starting from the earliest work?
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RQ2: What type of data is described in the works and used to train the quantum neural
network?

RQ3: In which areas of medicine is quantum machine learning used? Why were these
areas chosen by the researchers?

RQ4: Do the authors use real quantum computers to conduct their research or rely on
simulators running on traditional machines?

RQ5: What is the size of the machines used (how many qubits do they have) in the
analyzed works?

RQ6: What libraries, frameworks and architectures are most commonly used in quantum
machine learning for medical applications?

RQ7: What are the results of applying QML to medical applications?

Since there are not many works on quantum machine learning for medical applications,
due to the relatively new nature of the problem, we had to adopt the following review
methodology. Google Scholar, arXiv and Scopus databases were used to search for papers
covering the period from the earliest available records up to 12 December 2025. Access
to some articles was provided through resources available at the Wrocław University of
Science and Technology, while some of them were open access. The papers published as
arXiv preprints were also considered since the research niche is so new and researchers
need to present their findings quickly. To ensure quality and minimize bias, particularly
for non-peer-reviewed preprints, we implemented a basic quality assessment. First, we
focused on studies utilizing professional medical datasets, explicitly excluding image-
based experiments relying on trivial dimensions (e.g., four-pixel images), while accepting
studies using low-dimensional feature vectors. Second, we rejected papers where QML
was merely mentioned without actual algorithmic implementation. Finally, we excluded
studies that lacked methodological transparency, specifically those failing to provide a
sufficient description of the quantum circuit or simulation environment.

The search was carried out using the following examination keywords: quantum
medicine, quantum machine learning, quantum neural network, quantum deep learning, quantum
convolutional neural network, hybrid quantum machine learning, quantum prediction, and quantum
classification. Many of the papers found were related to the described field but did not fit
into this review and were rejected. We adopted the following selection criteria:

1. The papers had to clearly address medical applications. Due to the low number of
papers on this topic, we did not limit the application to a specific field of medicine.

2. The manuscripts had to solve a problem using quantum-enabled machine learning.
We accepted papers that used both simulators and actual quantum devices, as we
assume that not all researchers have an access to physical quantum devices.

3. We rejected papers in which quantum machine learning was only mentioned and the
paper focused on traditional computer architectures.

4. All selected works had to be written in English.

For this review, more than 300 scientific papers were identified according to the criteria
listed above. Of these papers, many were not suitable for inclusion in this review because
of the lack of actual use of quantum algorithms. The detailed selection process, including
the number of records identified, screened, and finally included, is illustrated in the flow
diagram in Figure 1. Nevertheless, 72 papers were considered for inclusion in the review,
of which 64 were mentioned.
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Full-text articles as-
sessed for eligibility
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Studies included

in the final review
(n = 74)

Figure 1. Flow diagram of the study selection process.

3. Timeline of Related Works
Quantum machine learning (QML), similar to classical machine learning, has a wide

range of applications, including the field of medicine. In recent years, numerous publica-
tions have focused on comparing these two paradigms [10]. In response to RQ1, an illustra-
tion in Figure 2 is given, presenting a clear upward trend of interest, despite the relatively
narrow scope of the topic. Although the first related publication dates back to 2004 [11], it is
only recently, with the growing accessibility and commercialization of quantum hardware,
that the number of QML-related publications has started to increase significantly.
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Figure 2. Number of publications related to quantum machine learning (QML) in medicine from 2018
to the third quarter of 2025, illustrating the growing research interest in this field.

The vast majority of these articles were published between 2022 and 2024, highlighting
the reliability and relevance of the topic. In our review of 72 studies published between
2018 and 2025, as many as 58 (≈81%) appeared in just the last three years (2022–2025),
confirming a rapid acceleration of interest.

This upward trajectory is not merely coincidental but closely mirrors key technological
and methodological milestones in the quantum domain. The initial emergence of stud-
ies (2018–2020) aligns with the broader availability of cloud-based quantum computing
services (e.g., IBM Quantum Experience) and the demonstration of quantum supremacy
arguments [12], which catalyzed general scientific interest. However, the sharp acceleration
observed from 2022 onwards can be attributed to the maturation of hybrid quantum–
classical frameworks. The development of accessible software libraries such as Penny-
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Lane [13] and Qiskit lowered the barrier to entry for non-physicists, allowing medical
researchers to implement variational quantum circuits (VQCs) without deep hardware
knowledge. This period also marks the consolidation of the “NISQ era” mindset, where
researchers shifted focus from full fault-tolerant algorithms to practical, noise-resilient
hybrid models feasible on currently available simulators and small-scale devices.

The most cited works include foundational proposals such as design of variational
circuits [3], hybrid quantum–classical models [14] and quantum convolutional architec-
tures [15], which serve as the basis for many recent applied studies in healthcare. The grow-
ing interest in QML applications in medicine is largely driven by the increasing availability
of medical imaging datasets [16,17], the need for rapid diagnostics [18], and the demand for
more efficient processing of large-scale biological data such as genomic sequences and elec-
tronic health records (EHRs). Most QML studies in the medical domain focus on computer
vision tasks, including tumor classification [19], pneumonia detection [20], or interpretation
of electrocardiogram (ECG) signals [21]. However, the scope of applications is rapidly
expanding to include predictive analytics in cardiology [22], mental health assessment [23]
and personalized medicine based on molecular data [24].

4. Dataset Types
Medical data is inherently challenging and complex to analyze due to its dependence

on numerous factors, which are often external and interrelated. Another difficulty lies in
heterogeneity, which varies depending on the specific medical application. Therefore, RQ2
is posed to check which type of data is taken into account in QML in medical applications.
The datasets can include structured feature-based attributes [25], time series data from
monitoring devices, or image data intended for computer vision tasks [26].

The distribution of data types in the reviewed studies is illustrated in Figure 3.
As shown, a significant majority—72.8% of the analyzed publications—focus on com-
puter vision problems, such as the analysis of magnetic resonance imaging (MRI) [17,27],
X-ray [28], computer tomography (CT) scans [29], or ECG signal images [21]. Approx-
imately one in four studies addresses feature-based data analysis (24.3%): for example,
using blood test parameters to predict the risk of developing diabetes [30]. Only two
publications explored the use of audio data, the first analyzing cough sounds recorded to
detect COVID-19 infection [31] and the second focusing on laryngeal cancer detection [32].

image

features
audio

Figure 3. Distribution of data types used in QML applications in medicine and healthcare shows that
majority of research is done using images—which, due to their size, are not a perfect type for small
quantum circuits.

In addition to selecting an appropriate algorithm and medical condition, the choice
of the dataset plays a crucial role in the effectiveness of QML applications. The litera-
ture offers several publicly available, preprocessed datasets tailored to specific diagnostic
tasks. For instance, the Heart Disease dataset contains 303 patient records [33], while the
Wisconsin Breast Cancer dataset includes 569 cases [34,35]. For brain-related diagnoses, re-
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searchers often utilize the OASIS and NFBS datasets, which contain 2842 and 125 MRI scans,
respectively [36].

Data Complexity, Preprocessing, and Clinical Representation

While the reported performance of QML models is often high, a critical analysis of
the datasets reveals a significant gap between experimental setups and clinical reality.
The primary constraint in the NISQ era is the limited number of qubits, which necessitates
aggressive preprocessing and dimensionality reduction [2,3]. Real-world medical images
(e.g., DICOM X-rays or 3D MRI volumes) typically have resolutions exceeding 2000 × 2000
pixels, which is currently impossible to encode directly into quantum circuits without
significant information loss. Consequently, most reviewed studies rely on downsampled
benchmarks such as MedMNIST (28 × 28 pixels) [37,38] and resized variants of clinical
datasets (e.g., 32 × 32 or 128 × 128) [19,20] or employ Principal Component Analysis (PCA)
to reduce feature vectors to match available qubits [16,37].

This reduction has two major implications. First, clinical complexity is often under-
represented; fine-grained pathological details that are crucial for diagnosis may be lost
during downsampling [37]. Second, the high accuracy rates (95–99%) reported in many
studies must be interpreted in the context of these simplified, lower-dimensional manifolds,
which are easier to classify than raw, noisy clinical data. Furthermore, the class imbalance
characteristic of real medical datasets where positive cases are rare is often mitigated in
QML studies by using balanced subsets (e.g., reducing the number of negative samples) to
stabilize training [17]. While this aids algorithmic convergence, it does not fully reflect the
challenge of deploying these models in real screening scenarios where prevalence is low.
Thus, while current QML demonstrates strong potential on exemplary or preprocessed
medical datasets, its scalability to full-resolution, highly imbalanced clinical data remains
an open challenge.

5. Medical Applications
The type of medical data analyzed in QML studies is determined primarily by the

specific use case, as different diagnostic procedures are required for different diseases.
In the reviewed set of publications, we identified 15 distinct medical conditions, for which
their proportional distribution is shown in Figure 4 as an answer to RQ3. The four most
extensively explored areas are, in the following order, heart disease, brain tumors, pneu-
monia, and breast cancer. COVID-19 [18] ranks fifth, likely due to the impact of the
recent pandemic.

The popularity of these four main conditions can be attributed to several factors. Heart
disease remains one of the leading causes of death worldwide, prompting extensive research
into early detection methods using machine learning and now QML [39]. Pneumonia is a
critical condition that can be identified through chest X-rays—making it a suitable target
for computer vision approaches [20,40], which dominate QML in medical applications.

Brain tumors, particularly gliomas and meningiomas, are often diagnosed using MRI
scans, providing high-quality datasets that are well-suited for quantum-enhanced image
analysis [41]. Mammography, commonly used in breast cancer diagnosis, also lends itself
well to computer vision techniques, and has begun to appear in early QML-based diagnostic
studies [26,42]. Recent work further expands this area by introducing hybrid or noise-
aware QML architectures for medical imaging, including hybrid quantum–classical neural
networks (HQCNNs) [43] and noise-aware quantum neural networks (NQNNs) [38].

If all types of cancer were grouped together, the number of related studies would
increase significantly. However, the analysis of cancers that affect different organs often
relies on entirely different diagnostic methods. These include CT scans for the detection
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of ovarian tumors [44], feature vectors representing drug response data for cancer treat-
ment [45], or MRI scans, particularly for brain tumors [46]. Recent research also highlights
the potential of QML for stroke prediction based on medical imaging, as demonstrated by
QBrainNet [27]. This diversity in diagnostic modalities makes it challenging to generalize
findings or directly transfer insights between studies.

Heart disease
Brain tumor
Other cancers
Pneumonia
Breast cancer
COVID-19
ECG
Mental health
Parkinson’s
Diabetic prediction

CTLA4-activation
Emphysema

Liver disease
Abdominal injury
Transplant classification

Figure 4. Distribution of medical conditions addressed in QML-related studies—it seems that
scientists tackled varied topics in medicine; however, heart disease shares the highest interest.

It is crucial to note that the dominance of these specific specialties is driven not only
by clinical value but also by data availability and architectural constraints. Cardiology and
neurology lead the field largely because of the availability of standardized, high-quality
open-source datasets (e.g., Heart Disease UCI, OASIS, BraTS), which are easily accessible to
computer science researchers [47]. Conversely, less-studied fields often lack such curated
public data due to privacy concerns or rarity. Furthermore, the shortcomings of current
NISQ architectures restrict the exploration of complex domains. Conditions requiring
the analysis of ultra-high-resolution pathology slides or massive genomic sequences are
currently ill-suited for quantum processors that struggle with high dimensionality [48].
As a result, researchers gravitate towards problems that can be effectively represented on
small qubit registers (e.g., downsampled MRI slices or small feature vectors), creating a
bias where “hardware-compatible” diseases are studied more frequently than those that
might urgently need new computational paradigms.

6. The Size of Quantum Machines and Simulators Usage
Aiming to answer the scheduled RQ4 and RQ5, we came to the not surprising con-

clusion that the vast majority of proposed algorithms are not tested using real quantum
computers. Most experiments rely on simulators provided by toolmakers such as Qiskit
Aer [49,50], Pennylane or Cirq [51,52], or IBM’s own cloud-based simulators [53]. As a
result, researchers are limited by the number of qubits they are able to simulate and usually
focus on hybrid QNNs with a single quantum layer within the network, while the rest uses
conventional methods.

This trend is further reflected in recent publications. The HQCNN architecture pro-
posed by Shahjalal et al. [43] follows the paradigm of hybrid models with shallow quantum
circuits, making it feasible to run on contemporary simulators. Similarly, Rahman and
Zhuang introduce NQNN [38], a noise-aware quantum neural network specifically de-
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signed to remain performant in low-qubit, noise-dominated settings. Even more advanced
medical applications, such as QBrainNet for stroke prediction [27], operate in regimes with
limited quantum resources, highlighting that low-qubit models remain the standard.

This is why, as illustrated in Figure 5, the most common number of qubits used is four,
which is sufficient to process 2 × 2 pixel patches [19]. However, there are also examples of
much larger quantum circuits being used, using 16 [54], 20 [51], and even 23 qubits [22].
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Figure 5. Distribution of the number of qubits used in the analyzed studies shows that most scientists
used very small circuits that can be easily simulated and deployed on small quantum computers.

In particular, Mathur et al. [37] performed experiments using a real quantum device
(ibmq guadalupe), applying quantum neural networks to medical image classification tasks.
Their work used the MedMNIST dataset (RetinaMNIST and PneumoniaMNIST) with
28 × 28 images and achieved 58.25% and 75.25% accuracy for RetinaMNIST and 83.65%
and 80.77% for PneumoniaMNIST depending on the quantum model used. This example
demonstrates that, while rare, real quantum hardware is beginning to be used in practical
machine learning research.

7. Architectures and Technologies
When analyzing the number of studies tested on real quantum devices, it is worth

checking which architectures and technologies are used the most often (RQ6). Interestingly,
one of the most promising architectures used in quantum-enhanced image analysis is the
quantum convolutional neural network (QCNN) implemented with a VQC [15]. This is also
the most widely used approach due to its versatility—convolutional layers utilizing kernels
enable effective feature extraction, which is especially important when the number of
available qubits is limited [55]. Hybrid approaches have also gained considerable attention
in recent years. For higher-resolution images such as CT scans [56], HQCNNs are employed,
where some layers are classically executed on conventional hardware. This trend is further
reinforced by recent works such as HQCNN [43], which explicitly leverage quantum layers
only in feature extraction modules while relying on classical CNN components for deeper
processing. Similarly, noise-aware quantum neural networks such as NQNN [38] address
one of the key limitations of NISQ-era devices by optimizing architectures to remain
robust against quantum noise while still using shallow circuits compatible with currently
available simulators.

QCNNs continue to be successfully applied in a range of medical imaging tasks,
including analysis of cancer genomic characteristics in the Cancer Genome Atlas [24]
or small-scale datasets such as MNIST [57]. Moreover, various modifications of the
QCNN architecture can be found in the literature, such as Variational Quantum Neural
Networks (VQNNs) [58]—a variation of the VQC quantum circuit with added gates—
Fully Connected networks (FC-QCNNs) [51], or the Hybrid Quantum–Classical Convo-
lutional Neural Network with War Strategy Optimization (HQCCNN-WSO) [59]. Recent
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models such as QBrainNet [27] further demonstrate hybrid or variational-style architec-
tures applied to brain image analysis, using compact PQC blocks designed to fit within
low-qubit constraints.

These models have been shown to achieve competitive performance while remaining
compatible with the qubit limitations imposed by current simulators. For instance, in a re-
cent study that involved facial emotion recognition tasks using datasets such as KDEF
and FER13, a QCNN-based VQC model reached up to 81.95% accuracy [23], highlighting
the potential of such architectures in tasks requiring spatial feature extraction. Additional
studies confirm the effectiveness of QCNN-VQC combinations in medical domains such as
breast cancer classification and lung X-ray diagnostics [28,60,61]. This suggests that even
within the constraints of simulated environments, architecture-aware design such as VQC
can deliver notable benefits in medical applications where image data is prevalent.

A recurring issue in many of the reviewed works is the omission of hardware charac-
teristics, with several publications focusing purely on theoretical implementations without
disclosing the specifications of the quantum hardware or simulator. This trend persists
across hybrid models such as HQCNN, NQNN, and even QBrainNet, where experiments
are presented without detailed backend descriptions. This was also a recurring trend
in our analysis—a significant portion of the surveyed studies either failed to specify the
simulation environment or only vaguely referenced the type of simulator used, with little
to no detail on backend constraints, such as qubit noise or circuit depth. This lack of
transparency limits reproducibility and makes it difficult to assess the real-world feasibility
of the proposed models. Such results are consistent with previous observations in the field,
which emphasize a persistent gap between theoretical models and practical hardware-level
testing [3,62–64].

Another more pressing issue noted during the survey was the lack of details on the
circuit structure. Ideally, the whole circuit with used gates, feature mapping and details on
transpilation would be provided; however, this is often not the case. Transpilation is not
really mentioned, likely due to the focus on running circuits in simulated environments
that do not use any preconfigured topology that would reflect a real quantum computer.
The information on this, as well as the gates used, is essential due to the fact that each gate
used adds noise and the transpilation process lengthens the circuit even further. Some
papers only provide conceptual flow charts for the circuit, some provide only explanations
in text, and some do not provide any information. This issue was worsened by the general
lack of repository access, as only four papers provided a github link in the publication.

The variety of programming tools available to researchers in quantum computing
is still quite limited. This is primarily due to the small number of accessible quantum
computers, and the limitation is even more pronounced in the context of machine learning.
The main library introduced by the largest provider of real quantum computers and ac-
cess to them is Python Qiskit [65]. The user would most likely need to use it, directly or
indirectly, to run their calculations on IBM’s hardware. Other programming frameworks
aim to give users alternative options; however, they ultimately must provide Qiskit-based
plugins to communicate with real hardware. The most popular among the research covered
in this paper is the PennyLane library [66], proving to be even more popular than pure
Qiskit, as seen in Figure 6, with PyTorch [67], Keras [68], and TensorFlow [69] providing
alternatives. The main problem researchers may encounter when using most platforms is
the extremely rapid development of the Qiskit library, which often results in incompatibili-
ties with plugins from other frameworks. While this mostly affects code execution on real
IBM devices, it typically does not impact local simulators—the environment in which most
research over the past five years has been conducted, with notable exceptions such as [37]
and [18], which were tested using IBM hardware.
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Figure 6. Tools and frameworks used in the reviewed papers. Pennylane seems to be the easiest for
scientists to familiarize with, but as it is a third-party framework, it might be problematic to deploy
such work on quantum hardware.

Based on the issues mentioned in this section, the team would like to propose a list
of elements to include in an article on QML research that are important for clarity and
algorithm reproducibility:

• Was the described circuit deployed on real quantum hardware or in a
simulated environment?

– If a real quantum computer was used, what were its characteristics—architecture,
gate fidelity, etc.?

– If a simulated environment was used, did it simulate noise, and if so, how was it
modeled?

– If a simulated environment was used, what were the computer specifications?

• What number of qubits were used?
• How was the circuit composed and what gates were used?
• What feature mapping was used?
• What number of shots was chosen?
• What transpilation method was used?
• Was the network structure fully quantum or hybrid?
• What optimization algorithm was used?
• What programming tools were utilized, and what were their versions?
• Ideally, a repository link would be provided.

For QML, regardless of whether simulators or real quantum computers are used,
constructing an appropriate quantum circuit called an ansatz is one of the most critical
elements. Using the Qiskit library, designing such a circuit directly from Python code
is possible. A simple example ansatz on three qubits is shown in Figure 7. This ansatz
represents the concept behind the usage of quantum circuit as a neural network. It is split
using barriers into three sections: The first one is responsible for providing feature input—
in this case, three numerical features; the second represents neural connections—each gate
contains information on the spin angle, which can be used as weights and tuned in the
training process; finally, the third part conducts measurements of the qubit state, which
is then, after many repetitions, interpreted as an output. Note that this is just an example
with a single “layer”, and real quantum networks will have to use much deeper circuits.
However, this type of circuit structure, usually with a ZZFeatureMap input (entangled
version of the one presented in Figure 7), is the most common design used by researchers
to create a QNN. It is an ansatz introduced by Qiskit called RealAmplitudes [70].
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Figure 7. A simple ansatz for 3 qubits, containing three Hadamard gates, three phase gates, six RY
gates, and two CNOT gates. This type of circuit, or a variation with a ZZFeatureMap, is the most
commonly used structure for a QNN in checked sources.

Answering to question RQ6, this review reveals clear differences in the popularity of
specific quantum technologies depending on the type of data being processed. Figure 8
shows the distribution of the approaches applied in studies focusing on image-based data.
QCNNs and their variants clearly dominate this area, accounting for 56.8% of all analyzed
works. This prevalence aligns with the nature of medical imaging tasks, where spatial
processing and hierarchical feature extraction are essential. Recent contributions such as
HQCNN [43] and QBrainNet [27] further demonstrate the growing presence of hybrid
and shallow post-quantum cryptography (PQC)-based architectures in imaging applica-
tions. Other notable approaches include quantum deep convolutional neural networks or
quantum-inspired CNNs (10.8%), variational quantum classifiers and related parameter-
ized quantum circuits (13.5%), and quanvolutional neural networks (5.4%). QNNs without
convolutional layers represent 8.1% of the studies, while quantum support vector classifiers
(QSVCs) and similar methods appear rarely (2.7%).

In contrast, Figure 9 summarizes the distribution of quantum technologies in studies
that use feature-based (non-image) medical datasets. Here, variational quantum classifiers,
quantum SVMs, and related PQC-based models constitute the largest share (35.7%), re-
flecting their suitability for structured tabular or biomarker-based datasets. Noise-aware
architectures such as NQNN [38] also fall into this category, as they primarily target non-
image data under realistic noise constraints. QCNNs and their hybrids remain relevant
(28.6%), although their benefits for non-spatial data are less pronounced than in imaging.
QNNs and hybrid QNNs account for 21.4%, while the remaining 14.3% employ other or
mixed quantum techniques.

This distribution highlights a trend: QCNN architectures dominate in quantum medi-
cal imaging research, whereas PQC-based classifiers are more prevalent in feature-based
clinical datasets, with hybrid or noise-aware models such as HQCNN, NQNN, and QBrain-
Net bridging the gap between image and non-image modalities.

QCNN based
VQC
QNN
Quanvolutional NN
QDCNN
QSVC
Others

Figure 8. Distribution of quantum technologies in image-based QML studies.
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QCNN based
QNN and hybrid QNN
VQC SVM QSVC
Others

Figure 9. Distribution of quantum technologies in feature-based QML studies.

8. Analysis of the Results
Leaving aside technical aspects such as the aforementioned architectures and tech-

nologies, it is worth examining whether the use of quantum algorithms yields satisfactory
results to answer RQ7. For traditional approaches, numerous studies have already shown
that ML algorithms can classify data with high accuracy and support human factors. For the
studies reviewed, the results provided by the authors are summarized in Table 1.

Table 1. Best results reported in all cited articles.

Article Best Result Article Best Result Article Best Result

[14] almost 100% [58] 91% [33] 95%
[16] 84.4% [51] 84.6% [35] 97%
[17] 94% [59] 99% [36] 97.5%
[18] 98,1% [46] 98% [49] 97.5%
[19] 97.8% [37] 84% [50] 92.1%
[20] 74.6% [22] 95.3% [52] 98.2%
[21] 97.3% [23] 81.95% [53] 98.9%
[26] 85% [28] 86,7% [54] 82%
[30] 95% [31] 96,4% [60] 87.2%
[32] 89,1% [39] 94% [65] 85%
[40] 96% [41] 97.75% [68] 97.7%
[42] 96.1% [44] 84.4% [69] 92%
[55] 77% [71] 96% [72] 99%
[73] 97% [66] 97.8% [74] 98%

The collected results clearly demonstrate high efficiency in classifying medical data,
with the worst-case result exceeding 70%. Of particular note are studies such as [14],
where the QCNN achieved almost 100% accuracy, outperforming classical CNN models.
Similarly, in [20], quantum approaches provided results that are about 4% better than
classical ones, while in [22], the quantum solution outperformed the classical solution by
0.6%. In other cases, such as [42], quantum models achieved 96.1% accuracy compared to
92.8% for conventional CNNs, and [31] reported 96.4% for quantum models, although the
performance dropped to 60.3% in the presence of noise.

It must be noted that these high accuracy metrics must be interpreted with significant
caution. As discussed in Section 4, many of these results are obtained on simplified or
downsampled datasets (e.g., 28 × 28 pixels or PCA-reduced features) [16,72] that do not
reflect the complexity of real-world clinical pathology. Furthermore, the reliance on noise-
free simulators or idealized noise models [17,53] often leads to overoptimistic performance
estimates that may not hold on physical NISQ hardware. Consequently, while some studies
report slight improvements over classical baselines (e.g., 0.6–4%), these should be viewed
as tentative proof-of-concept demonstrations rather than definitive evidence of quantum
advantage. The lack of standardized benchmarks across the field further complicates direct

https://doi.org/10.3390/app16031630

https://doi.org/10.3390/app16031630


Appl. Sci. 2026, 16, 1630 13 of 18

comparisons, making quantum superiority a goal for future fault-tolerant eras rather than
a currently realized achievement.

Recent works expanding into hybrid or noise-aware quantum architectures also report
promising levels of accuracy. QBrainNet [27], a quantum-enhanced model for the predic-
tion of stroke from medical imaging, achieved 96% precision and an AUC-PR of 0.97%,
indicating a strong discriminative capacity in clinically relevant diagnostic tasks. Similarly,
the noise-aware NQNN architecture [38] reached a precision of 80.25% in OrganCMNIST
despite operating under a 10% quantum noise model, highlighting the importance of de-
signing QML architectures that are robust to device noise in realistic NISQ-era conditions.
These examples confirm that quantum models can deliver strong performance not only for
small or simplified datasets but also in more challenging real-world scenarios.

It should also be noted that some studies do not directly report classification results
for quantum models but instead focus on preparing data or methodologies for subsequent
classical analysis, as in [25]. Such contributions remain valuable, as they help establish
integrated workflows that combine quantum and classical processing.

Importantly, the machine learning time for quantum machines is suggested in the liter-
ature to be potentially shorter than for neural networks trained on conventional hardware,
which may be a potential benefit of this technology [16]. However, among the reviewed
works [14,20,74], most authors focus primarily on classification accuracy rather than pro-
viding direct comparisons of training times. As a result, concrete evidence for accelerated
learning using quantum models in practical medical tasks remains limited, and further
experimental validation is needed.

9. Conclusions
The conducted analysis confirms the broad applicability of quantum machine learning

(QML) and highlights the significant potential of these methods in medicine and health-
care. The reviewed articles demonstrate that QML techniques can provide competitive
results even with the severe limitations imposed by the current state of development of
quantum technologies.

One of the key arguments supporting further research in this area is the need to
transition from simulated environments to real quantum hardware. Although quantum
simulators are a very valuable source of environment for testing and prototyping new
models, they often do not reflect the challenges associated with real quantum systems, such
as qubit decoherence, quantum noise, gate errors or limited connectivity. Moreover, with the
usage of simulators, it is not possible to use the benefits of quantum technology, such as
shorter computation times or the ability to process multiple problems simultaneously.
In future research, it is worth focusing on testing the proposed solutions on real devices,
which will allow the assessment of their performance and reliability under real conditions.

Another important direction for future research involves adapting QML algorithms to
specific quantum computing architectures. This adaptation will be essential to achieve high-
precision results and significantly accelerate the training process. As quantum hardware
continues to evolve, architecture-aware algorithm design is expected to play a pivotal role
in unlocking the full capabilities of QML in practical medical applications.

In addition, an important aspect for the further development of quantum computing
in medicine is the creation of standardized benchmark files. The lack of such data makes it
impossible to directly compare and objectively evaluate implemented solutions. Training
data currently used in conventional machine learning may be too complex at the current
stage of development of quantum technologies, and acquiring new data is a challenge due
to the protection of personal data in medicine and the complex nature of the data.
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As a final conclusion, it can be said with certainty that it is important to design new
solutions and test them on real hardware and real data, as stable quantum physical solutions
are already available. This approach can significantly accelerate the process of using QML
in medical applications. This is especially important because current work shows promising
results in improving the precision of disease diagnosis or creating personalized treatment
strategies. Our survey shows that with usage and growing development of quantum
technologies, it will be possible in the future to beat the challenges that are currently
impossible to solve.

From a short-term perspective, future research should focus on medical application
areas that are well aligned with the capabilities of NISQ devices. Promising directions
include medical imaging feature reduction, genomics and proteomics classification with
low-dimensional representations, clinical decision support based on small, structured
datasets, and signal-based diagnostics such as electrocardiography. These domains allow
the use of hybrid quantum–classical approaches and shallow quantum circuits, which are
more robust to hardware noise and limited qubit counts. In parallel, the development of
standardized benchmark datasets tailored to quantum machine learning—characterized by
reduced dimensionality, clear clinical relevance, and privacy-preserving design—should
be treated as a priority to enable fair comparisons of algorithms across platforms. Fi-
nally, algorithmic development should emphasize architecture-aware designs, including
noise-resilient variational circuits, connectivity-aware ansatz, and co-design strategies
that explicitly incorporate hardware constraints such as decoherence times, gate fidelities,
and qubit topology.
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