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challenges for conventional diagnostic models (Wang et al. 
2010).

The advent of transformer-based large language models 
(LLMs) has transformed biomedical text mining. Clinical-
BERT (Huang et al. 2019) and BioBERT (Lee et al. 2020) 
achieve strong performance by pre-training on domain-
specific corpora, while Med-BERT  (Rasmy et al. 2021) 
extends this to structured electronic health records (EHRs). 
PubMedBERT (Gu et al. 2021) demonstrates that in-domain 
pre-training from scratch outperforms general-domain 
transfer for biomedical NLP tasks. GatorTron (Yang et al. 
2022), trained on over 90 billion clinical words, sets state-
of-the-art benchmarks on biomedical relation extraction 
and named entity recognition. BioGPT  (Luo et al. 2022) 
and BioMedLM  (Venigalla et al. 2022) extend generative 
capabilities to biomedical question answering and text gen-
eration. Despite these advances, LLM-based approaches 
share critical systemic limitations: (i) astronomical compu-
tational requirements (hundreds of GPU-hours for fine-tun-
ing), (ii) opaque “black-box” reasoning that limits clinical 
trust (Tonekaboni et al. 2019), and (iii) dependence on large 
annotated corpora rarely available in specialized oncology 
settings (Fink et al. 2022).

1  Introduction

Lung cancer remains one of the most lethal malignan-
cies globally, claiming over 1.8 million lives in 2020 and 
accounting for approximately 18% of all cancer-related 
deaths  (Kratzer et al. 2024; Sung et al. 2021). Survival is 
strongly stage dependent: five year survival rates exceed 
60% for Stage I disease but fall below 6% for Stage IV, 
making early detection a life-critical imperative (Woodard 
et al. 2016; Siegel et al. 2023). Yet the heterogeneous, high-
dimensional, and frequently unstructured nature of clinical 
data encompassing radiology reports, discharge summaries, 
pathology notes, and genomic records presents persistent 
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Abstract
Lung cancer remains the leading cause of cancer-related mortality worldwide, underscoring the urgent need for accurate, 
efficient, and interpretable early detection methods. Existing benchmark large language models (LLMs) like ClinicalBERT 
and BioBERT, despite their advancements in biomedical text analysis, face critical limitations including high computa-
tional costs, limited interpretability, and reliance on extensive annotated datasets hindering their clinical integration. To 
address these challenges, we propose the Hybrid Attention Quantum Long Short-Term Memory-Attention (A-QLSTM-A) 
model, a novel quantum-classical framework that combines quantum variational circuits with LSTM networks and dual 
attention mechanisms. This design enhances feature extraction, improves interpretability, and offers a more efficient archi-
tectural pathway. Evaluated on MIMIC-III discharge summaries and MIMIC-IV chest radiography reports, A-QLSTM-A 
achieved 98.32% and 83.67% accuracy, respectively, surpassing existing models. This study establishes a new benchmark 
for scalable, interpretable AI in precision medicine, offering a promising tool for early lung cancer detection and clinical 
decision support.
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For lung cancer diagnosis specifically,   Mithun et al. 
(2023) compared deep learning and BERT models on radi-
ology report classification, finding that domain adaptation 
is critical but computational overhead remains prohibitive 
in resource-constrained hospitals. Gonzalez-Hernandez 
et al. (2017) demonstrated the efficacy of NLP pipelines 
for extracting TNM staging from pathology reports, while 
Kehl et al. (2019) showed that NLP-based progression 
detection from oncologist notes matches expert annota-
tion with > 90% concordance. Nevertheless, none of these 
approaches adequately addresses the interpretability-effi-
ciency trade-off required for regulatory compliant clinical 
deployment.

Quantum computing introduces a fundamentally new 
computational paradigm by exploiting quantum-mechanical 
phenomena superposition, entanglement, and quantum inter-
ference to process information in ways that are classically 
intractable (Preskill 2018; Biamonte et al. 2017). Near-term 
noisy intermediate-scale quantum (NISQ) devices, compris-
ing 50–150 qubits, have enabled a new class of algorithms 
known as variational quantum algorithms (VQAs) (Cerezo 
et al. 2021), which optimize parameterized quantum circuits 
(PQCs) through classical gradient methods. Quantum sup-
port vector machines  (Havlíček et al. 2019) and quantum 
neural networks  (Schuld et al. 2020) have demonstrated 
the ability to construct kernel functions in exponentially 
large Hilbert spaces, offering potential advantages for high-
dimensional feature learning.

Within quantum machine learning (QML), several 
architectures directly relevant to sequence modeling have 
emerged. The Quantum LSTM (QLSTM)  (Chen et al. 
2022) replaces classical LSTM gates with VQCs, enabling 
quantum-enhanced memory dynamics while preserving the 
recurrent structure. Quantum self-attention networks  (Li 
et al. 2024) (QSANN) apply quantum dot-product atten-
tion to text classification, achieving 84.79% accuracy on 
the Yelp Review Polarity benchmark marginally higher 
than our model in peak accuracy but with a substantially 
higher error rate (1.29% vs. 0.34%), a critical distinction 
for safety-critical clinical applications. Quantum trans-
formers (Sipio et al. 2022) and quantum graph neural net-
works  (Mernyei et al. 2022) further extend the quantum 
deep-learning landscape, though their scalability to large 
clinical corpora remains open.

Quantum Natural Language Processing (QNLP) for-
malizes grammatical structure using categorical quantum 
mechanics and the ZX-calculus (Coecke et al. 2020; Meicha-
netzidis et al. 2020). The DisCoCat framework (Clark 2021) 
provides a compositional semantics for natural language 
using quantum circuits, and has been implemented on 
quantum hardware by Lorenz et al. (2023). More recently, 

lambeq  (Kartsaklis et al. 2021) has made QNLP pipe-
lines accessible for practitioners. However, current QNLP 
approaches are constrained to short sentences due to the 
exponential growth of circuit depth with sentence length, 
making them unsuitable for processing long-form clinical 
narratives such as MIMIC discharge summaries.

The intersection of quantum computing and biomedi-
cal NLP remains largely unexplored (Emani et al. 2021; 
Balamurugan et al. 2024). Critically, no prior work has 
combined QLSTM-based recurrent processing with dual 
attention mechanisms for clinical text classification. Our 
baseline A-LSTM-A model (Attention-LSTM-Attention) 
provides a direct classical comparator by framing the 
architecture with attention wrappers around a classical 
LSTM; replacing the LSTM core with a QLSTM module 
incorporating four independent VQCs for the forget, input, 
update, and output gates constitutes the primary quantum 
innovation of A-QLSTM-A. Beyond gate replacement, 
the quantum circuits induce non-separable feature entan-
glement across the input dimensions, enabling the model 
to capture correlations that shallow classical attention lay-
ers cannot represent. Interpretability in this work refers to 
the multi-level transparency of the model’s predictions: 
(i) global interpretability via permutation feature impor-
tance analysis, identifying which clinical terms drive clas-
sification at the population level; (ii) local interpretability 
via attention weight visualization, explaining individual 
predictions; and (iii) regulatory interpretability, whereby 
the modular quantum-classical architecture supports 
auditing of each decision component, consistent with the 
FDA’s framework for AI/ML-based software as a medical 
device  (U.S. Food and Drug Administration 2021). This 
tripartite definition follows Doshi-Velez and Kim (2017) 
and Tonekaboni et al. (2019).

The main contributions of this paper can listed as follows:

	● A novel A-QLSTM-A architecture integrating dual at-
tention with QLSTM for biomedical sequence classifi-
cation, explicitly compared against its classical counter-
part A-LSTM-A to isolate the quantum contribution.

	● A mathematically rigorous formulation of all model 
components, including consistent encoding conven-
tions, gate-level VQC specifications, and closed-form 
attention mechanisms.

	● A comprehensive evaluation on MIMIC-III, MIMIC-IV, 
and Yelp Review Polarity, with results averaged over 
multiple seeds, cross-validated over 10 folds, and ab-
lated over circuit depth and entanglement topology.

	● A three-level interpretability analysis and a regulatory-
compliance discussion aligned with clinical AI gover-
nance frameworks.
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2  Materials

This section outlines the datasets and resources utilized to 
develop and validate the Hybrid Attention Quantum Long 
Short-Term Memory-Attention (A-QLSTM-A) model. We 
primarily leverage the MIMIC-III and MIMIC-IV clinical 
datasets, containing unstructured medical narratives essen-
tial for lung cancer diagnosis. Additionally, we employ the 
Yelp Review Polarity dataset to assess model generalization 
beyond biomedical text. Data preprocessing, selection cri-
teria, and statistical analyses ensure high-quality input for 
robust performance evaluation. These materials provide 
a comprehensive foundation for training, validating, and 
benchmarking the model’s efficacy in real-world clinical 
applications.

MIMIC-III dataset  The MIMIC-III Discharge Summary 
dataset (Johnson et al. 2016) was selected as the primary 
source due to its rich and structured clinical narratives, 
encompassing essential information such as medical, social, 
and family history, as well as present illness. These multidi-
mensional data facilitate the construction of comprehensive 
patient profiles, crucial for accurate lung cancer detection.

A total of 5918 clinical records were extracted, includ-
ing 2700 lung cancer cases (45.6%) and 3218 cases of other 
malignancies (54.4%), such as colorectal, hepatic, and 
breast cancers. The selection process, based on ICD-9 diag-
nostic codes, ensured precise disease classification. Struc-
tured SQL queries in a PostgreSQL database were employed 
to retrieve and refine the dataset through a two-stage selec-
tion strategy. First, 8278 records were identified (as detailed 
in Table 2), and second, only those containing key sections 

medical history, social history, family history, and present 
illness were retained. These sections were then integrated 
into a unified narrative, providing a holistic view of each 
patient’s clinical profile.

Demographic analysis revealed that 64.3% of lung can-
cer patients were male (1737) and 35.6% female (963), with 
ages ranging from 34 to 88 years. Among patients with 
other cancers, 66.9% were male (2154) and 33.1% female 
(1064), with an age range of 23 to 88 years. These distribu-
tions highlight gender disparities and the increased cancer 
risk associated with aging, reinforcing the dataset’s value 
for epidemiological research and the development of per-
sonalized medical interventions. Table 1 provides a compre-
hensive demographic and clinical characterization of lung 
cancer patients across different ethnic groups, detailing key 
metrics such as patient count, average age, and hospital stay 
duration. White patients represent the largest subgroup, with 
1998 individuals, an average age of 67.5 years, and a mean 
hospital stay of 10.5 days. African American patients, the 
second-largest group, exhibit a slightly lower average age of 
65.3 years and a comparable hospitalization period of 10.1 
days. In contrast, Asian patients, though fewer in number 
(145), demonstrate the longest hospital stays, averaging 
11.0 days, despite a younger mean age of 63.9 years. The 
smallest cohort, categorized as Other (43 patients), presents 
the shortest hospitalization period (9.8 days) and the lowest 
average age (62.8 years). These disparities in age distribu-
tion in Fig. 1 and hospital stay durations across ethnicity 
underscore potential differences in disease progression, 
healthcare access, and treatment responses, emphasizing the 
necessity for personalized medical approaches.

The statistical analysis of smoking and drinking lifestyle 
behaviors among lung cancer patients and other cancer 
patients in Table 2 reveals significant and distinctive patterns 
between the two groups, underscoring the strong associa-
tion between these lifestyle factors and cancer development.

The lung cancer cohort exhibits a pronounced correla-
tion between smoking and disease prevalence, with 72.6% 
(1,959 patients) identified as smokers, reinforcing tobacco 
use as a primary risk factor. Additionally, 49.7% (1,341 
patients) report alcohol consumption, further emphasizing 
lifestyle-related influences on disease onset. Among lung 
cancer subtypes, the highest smoking and drinking preva-
lence is observed in type 162.8 (malignant neoplasm of 
other parts of the bronchus or lung) and type 162.3 (malig-
nant neoplasm of the upper lobe, bronchus, or lung). Spe-
cifically, 71.2% (604 patients) diagnosed with type 162.8 
are smokers, while 49.1% (416 patients) consume alcohol. 
Similarly, in type 162.3, smoking prevalence rises to 77.2% 
(610 patients), with 51.3% (406 patients) engaging in alco-
hol consumption.

Table 1  Patient statistics for lung cancer and other cancers by ethnicity
Cancer Type Ethnicity Num 

patients
Avg Age 
(years)

Aver-
age 
Stay 
(days)

Lung Cancer White 1998 67.5 10.5
African 
American

289 65.3 10.1

Asian 145 63.9 11.0
Other 43 62.8 9.8

Other Cancers White 4123 72.3 11.8
African 
American

732 69.2 10.7

Asian 304 70.1 12.3
Other 158 68.7 10.4

Statistical analysis on patients features: The table presents patient 
statistics by ethnicity, highlighting differences in average age and 
hospital stay between lung cancer and other cancers, providing 
insights into demographic and clinical disparities
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focus on sentiment polarity, offering a robust benchmark for 
evaluating nuanced text classification tasks.

3  Proposed method

This section details the methodologies employed, includ-
ing text preprocessing, feature extraction, and quantum-
enhanced classification techniques. We describe the model’s 
architecture in Fig. 2, data embedding strategies, and quan-
tum circuit integration, ensuring optimal interpretability 
and computational efficiency. Additionally, we outline the 
training procedures, hyperparameter tuning, and evaluation 
protocols used to validate performance across biomedical 
datasets.

3.1  Text vectorization technique

The transformation of raw text into a numerical representa-
tion using the Term Frequency-Inverse Document Frequency 
(TF-IDF) (Robertson 2004) technique is a fundamental step 
in natural language processing and information retrieval. 
This method’s capacity to offer a computationally efficient 
representation of textual input is what led to its selection in 
a hybrid quantum-classical binary classification model. For 
a variety of reasons, including sparse and structured repre-
sentation, compatibility with quantum encoding, robustness 
in low-data regimes, and the current limitations of quantum 
hardware, TF-IDF is an ideal feature extraction technique in 

In contrast, other cancers exhibit a slightly lower but still 
significant association with smoking and drinking. Within 
this cohort, 55.7% (1,794 patients) are smokers, with par-
ticularly high prevalence in liver cancer (type 155.0) and 
colorectal cancer (type 153.0). Alcohol consumption fol-
lows a similar pattern, with 44.5% (1,433 patients) report-
ing drinking, though at a lower concentration compared to 
lung cancer. These findings highlight critical behavioral risk 
factors across cancer types, underscoring the need for tar-
geted prevention strategies and personalized intervention 
approaches.

MIMIC-IV database  The MIMIC-IV database (Gow et al. 
2023), comprising 2321355 de-identified radiology reports 
from 237427 patients, was meticulously curated to focus on 
lung cancer diagnosis. Reports were filtered using ICD-9 
diagnostic codes, retaining only those with a detailed Find-
ings section. Reports with fewer than 50 words in the Find-
ings section were excluded to ensure robust textual content. 
This process yielded a curated dataset of 1,304 reports, 
balanced between 699 lung cancer cases and 605 nonlung 
cancer cases. This high-quality data set underscores the rel-
evance of the framework for real-world biomedical NLP 
applications.

Yelp review polarity dataset  The Yelp Review Polarity 
dataset (Zhang et al. 2015), consisting of 560,000 evenly 
distributed samples of positive and negative sentiments, was 
used to test model generalizability. Preprocessing ensured a 

Fig. 1  Statistical distribution plots: This violin plots illustrate age (A) 
and hospital length of stay (B) distributions across diagnostic groups 
(0: non-lung cancer, 1: lung cancer) stratified by gender. Lung can-
cer patients (label 1) are predominantly older, with males exhibiting 
a more concentrated age range compared to females. Non-lung can-

cer cases (label 0) show a broader, younger age distribution. Hospital 
stays are significantly longer for lung cancer patients, reflecting the 
complexity of care, with males showing greater variability in extended 
stays. In contrast, non-lung cancer stays are shorter and more uniform
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Mathematically, TF-IDF is computed as the product of 
two core components: Term Frequency (TF) and Inverse 
Document Frequency (IDF). The TF component measures 
the frequency of a term t within a document d , typically 
normalized to prevent length bias. It is defined as:

TF(t, d) = ft,d∑
t′∈d ft′,d

� (1)

where ft,d denotes the raw count of term t in document 
d, and the denominator represents the total count of all 
terms in d. The IDF component, in contrast, accounts for 
the rarity of a term across the corpus D, down-weighting 
common words while emphasizing distinctive terms. It is 
given by:

the context of quantum-enhanced machine learning, where 
computational resources are frequently limited and the 
integration of classical and quantum components requires 
structured input. By choosing just the most pertinent words, 
TF-IDF makes it possible for a low-dimensional yet infor-
mative feature space to be processed efficiently by quantum 
classifiers.

This approach effectively quantifies the importance of 
individual terms across a dataset, enabling a structured rep-
resentation that enhances both interpretability and analytical 
rigor. By balancing word frequency with term distinctive-
ness, TF-IDF serves as a bridge between unstructured tex-
tual data and structured numerical features, offering a robust 
preprocessing mechanism for downstream machine learn-
ing tasks.

Table 2  Statistical characteristics of patients
Disease ICD-9 gender age min age max smokers drinkers num
Lung cancer

162.0 M: 0, F: 3 62 63 0 3 3
162.2 M: 143, F: 52 41 86 144 104 195
162.3 M: 460, F: 330 37 88 610 406 790
162.4 M: 77, F: 7 54 85 77 28 84
162.5 M: 224, F: 139 42 87 245 195 363
162.8 M: 574, F: 274 34 88 604 416 848
162.9 M: 259, F: 158 38 86 279 189 417

Total - M: 1737, F: 963 - - 1959 1341 2700
Other cancers

153.0 M: 64, F: 0 71 87 48 24 64
153.1 M: 82, F: 12 54 87 40 41 94
153.2 M: 21, F: 18 38 88 20 14 39
153.3 M: 52, F: 49 35 87 75 38 101
153.4 M: 73, F: 43 47 86 83 53 116
153.5 M: 10, F: 2 29 85 9 1 12
153.6 M: 110, F: 90 25 88 71 71 200
153.7 M: 11, F: 8 81 87 16 16 19
153.8 M: 68, F: 68 47 87 77 62 136
153.9 M: 54, F: 22 35 88 49 27 76
154.0 M: 58, F: 16 30 88 40 35 74
154.1 M: 94, F: 26 43 87 55 38 120
154.2 M: 6, F: 0 73 73 0 2 6
154.3 M: 13, F: 4 57 76 14 6 17
154.8 M: 18, F: 8 36 79 22 6 26
155.0 M: 1397,F: 199 23 88 964 794 1596
174.3 M: 0, F: 2 37 55 1 0 2
174.4 M: 0, F: 12 42 85 3 5 12
174.5 M: 0, F: 1 85 85 0 1 1
174.8 M: 0, F: 298 24 86 116 126 298
174.9 M: 0, F: 209 36 88 91 73 209

Total - M: 2131, F: 1087 - - 1794 1433 3218
Patients lifestyle characteristics: The table presents statistical data on smoking and drinking behaviors in lung and other cancer patients. Lung 
cancer subtypes, particularly those affecting the bronchus (162.3) and upper lobe (162.4), show high prevalence rates of smoking and drinking, 
with 610 smokers (77.2%) and 406 drinkers (51.3%) in one subtype. Other cancers, such as liver (155.0) and colorectal (153.0), have a lower but 
still notable prevalence of smoking and drinking. Gender differences are also observed, with higher proportions of female drinkers in breast 
cancer (174.8). These patterns highlight the significant role of lifestyle behaviors in cancer risk
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feature to produce a context vector. This step ensures that the 
model focuses on the most critical components of the input, 
enhancing both feature selection and interpretability, pivotal 
for complex data scenarios. Following this quantum pro-
cessing, a secondary attention mechanism refines the output, 
ensuring that the final representation emphasizes the most 
salient features. This dual attention framework, strategically 
applied before and after the QLSTM layer, strengthens the 
robustness and interpretability of the model’s predictions.

Let the input sequence X ∈ Rn×d represent n tokens, 
each embedded in a d-dimensional space. The initial atten-
tion mechanism calculates token importance using a projec-
tion W ∈ Rd×k to map embeddings into an attention space 
of dimension k. The resulting score matrix S ∈ Rn×k is 
given by:

S = XW � (4)

Applying the softmax function across S produces attention 
weights α ∈ Rn×1, normalized across tokens:

IDF(t, D) = log
(

N

1 + |{d ∈ D : t ∈ d}|

)
� (2)

where N represents the total number of documents in the 
corpus, and the denominator corresponds to the number of 
documents containing term t, with a smoothing factor (+1) 
to prevent division by zero. Consequently, the TF-IDF score 
for a term t in document d is computed as:

TF-IDF(t, d, D) = TF(t, d) × IDF(t, D)� (3)

This formulation ensures that terms highly specific to a doc-
ument but rare in the broader corpus receive greater signifi-
cance, making TF-IDF particularly effective for tasks such 
as document classification.

3.2  Basic attention mechanism

A preliminary attention mechanism is applied to this rep-
resentation, dynamically learning the importance of each 

Fig. 2  A-QLSTM-A design architecture : The A-QLSTM-A general 
architecture sub-figures (A) integrates TF-IDF vectorization to convert 
text into numerical features. First Basic attention layer refines con-
textual information before feeding it into two QLSTM layers with 8 
qubits each and a second attention layer refines the QLSTM output 
for classification. The QLSTM cell structure and VQC-based gates 

are detailed in additional sub-figures (B). The Variational Quantum 
Circuit (VQC) in sub-figures (C) begins with Angle Embedding using 
RY (π/2) rotations, followed by a Basic Entangler Layer with CNOT 
gates in a ring topology. Parameterized RZ(π/4) rotations optimize 
expressiveness, and Pauli-Z measurements extract quantum features
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Standard Angle Encoding (VQC input layer): For the 
VQC acting on the projected input yt (Section  3.7), each 
qubit i encodes a single scalar feature yt,i via a Y-rotation:

|ϕ(yt)⟩ =
nq⊗

i=1
RY (yt,i) |0⟩, RY (θ) =

(
cos θ

2 − sin θ
2

sin θ
2 cos θ

2

)
.� (7)

This encoding is used in Eq. 11 and is exactly what the VQC 
circuit diagram (Fig. 3) depicts.

Dense Angle Encoding (QLSTM cell input):
When encoding the higher-dimensional context vector c 

into the QLSTM cell, we pack two features per qubit via:

αi = exp(si)∑n
j=1 exp(sj)

, i ∈ {1, . . . , n}� (5)

The context vector c ∈ Rd, summarizing key sequence fea-
tures, is computed as:

c = XT α� (6)

3.3  Quantum data embedding

Two complementary encoding strategies are used at different 
stages of the architecture, motivated by their distinct roles:

Fig. 3  Three-layers variational quantum circuit (VQC) architecture: 
(A) The variational quantum circuit designed in this research, with three 
layers as depth-wise. Each classical input vector x = (x1, . . . , xn) 
is embedded into quantum states via angle encoding, where Ry(xi) 
rotations are applied to individual qubits. (B) Represents the layer 
in the circuit. Each layer consists of trainable parameterized unitar-

ies U(θ) = Rz(θ1)Ry(θ2)Rz(θ3), followed by an entangling block 
using CNOT gates. This structure is repeated across three layers, 
enabling the quantum circuit to capture non-linear dependencies and 
correlations in high-dimensional Hilbert space. Final measurement 
is performed in the computational basis to extract expectation values 
used for downstream learning tasks

 

1 3

Page 7 of 17     46 



Quantum Machine Intelligence            (2026) 8:46 

These are then used to compute the standard LSTM gating 
operations:

f t = σ(oforget), it = σ(oinput),
gt = tanh(oupdate), ot = σ(ooutput).

� (16)

Memory cell and hidden state updates follow the classical 
LSTM recurrence:

ct = f t ⊙ ct−1 + it ⊙ gt, � (17)

ht = ot ⊙ tanh(ct), � (18)

where ⊙ denotes the Hadamard (element-wise) product.

3.6  Binary classification layer

The final hidden state hT  is passed through a dense sigmoid 
layer:

ŷ = σ(Wcls hT + bcls) , Wcls ∈ R1×nh , bcls ∈ R.� (19)

The output ŷ ∈ (0, 1) represents the probability of the posi-
tive class (lung cancer), and binary cross-entropy is mini-
mized during training:

L = − 1
B

B∑
b=1

[
yb log ŷb + (1 − yb) log(1 − ŷb)

]
,� (20)

where B is the batch size and yb ∈ {0, 1} is the ground-truth 
label.

3.7  Quantum variational circuit design

Each QLSTM gate employs a VQC of the form:

|ψout⟩ = U(θ) |ϕ(x)⟩,� (21)

where |ϕ(x)⟩ is given by standard angle encoding (Eq. 7). 
The variational unitary consists of L layers:

U(θ) =
L∏

l=1

[
nq⊗

i=1
RZ(θ(l)

i )

]
· E

(l)
CNOT,� (22)

with a linear-topology entanglement block:

E
(l)
CNOT =

nq−1∏
i=1

CNOT(qi, qi+1).� (23)

|x⟩ =
⌈n/2⌉⊗
i=1

(
cos(πx2i−1) |0⟩ + ei2πx2i sin(πx2i−1) |1⟩

)
,� (8)

halving the qubit overhead for the same number of features. 
This encoding is used in the QLSTM cell block (Fig. 2B) 
and is distinct from the standard angle encoding used in the 
VQC.

3.4  Quantum integration via QLSTM

At each time step t, the concatenated input and hidden state:

vt = [ht−1, xt] ∈ Rnin+nh � (9)

is projected to nq qubit dimensions:

yt = Winvt + bin, Win ∈ Rnq×(nin+nh), bin ∈ Rnq .� (10)

Using standard angle encoding (Eq. 7), yt is encoded into a 
quantum state:

|ϕ(yt)⟩ =
nq⊗

i=1
RY (yt,i) |0⟩.� (11)

The state is evolved by a variational unitary U(θ):

|ψ(θ)⟩ = U(θ) |ϕ(yt)⟩.� (12)

Pauli-Z expectation values are extracted by measurement:

zi = ⟨ψ(θ)| Zi |ψ(θ)⟩, i = 1, . . . , nq.� (13)

The measurement vector zgate ∈ Rnq  is classically post-
processed to produce the gate’s output:

ogate = Wout zgate + bgate, Wout ∈ Rngate×nq , bgate ∈ Rngate .� (14)

3.5  LSTM gate dynamics

Four independent VQCs as presented in Fig. 3, each instan-
tiated with its own trainable parameters θ(·) compute gate-
specific output vectors.

Following Eq. 14, each gate obtains a dedicated output:

oforget = W
(f)
out z(f) + b(f),

oinput = W
(i)
out z(i) + b(i),

oupdate = W
(u)
out z(u) + b(u),

ooutput = W
(o)
out z(o) + b(o).

� (15)
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components implemented in PyTorch. Architecture hyper-
parameters: nq = 8 qubits, two QLSTM layers, sequence 
length N = 256, TF-IDF vocabulary of 512 features. Opti-
mization: Adam optimizer with learning rate 10−3, batch 
size 64. Training epochs: 20 (MIMIC-III and MIMIC-IV) 
and 50 (Yelp). Two validation strategies were employed: 
(i)  a 70%/15%/15% train/validation/test split and 
(ii)  10-fold stratified cross-validation, repeated over four 
random seeds (77, 88, 99, 123) to quantify uncertainty and 
support reproducibility in accordance with best practices for 
quantum neural networks (Cerezo et al. 2021).

4  Results

The experimental evaluation of the Hybrid Attention Quan-
tum Long Short-Term Memory-Attention (A-QLSTM-A) 
model demonstrates its superior performance in biomedi-
cal NLP for lung cancer diagnosis. The model significantly 
outperforms existing benchmarks, achieving remarkable 
accuracy, precision, and recall across multiple datasets. 
Evaluated on MIMIC-III and MIMIC-IV, A-QLSTM-A 
consistently surpasses state-of-the-art models, offering 
enhanced interpretability and computational efficiency. The 
results highlight the model’s ability to capture complex 
clinical patterns while minimizing false positives and false 
negatives. This section presents a comprehensive perfor-
mance analysis, emphasizing the model’s robustness, gener-
alization capabilities, and its potential impact on real-world 
clinical applications.

4.1  Experimental performance analysis

4.1.1  Overall evaluation on MIMIC-III discharge summaries

With precision, recall, and F1-score for both classes (0 
and 1) continuously surpassing 98.32%, the performance 
evaluation of our Quantum NLP model shows remarkable 
classification results, highlighting the model’s resilience 
and dependability in differentiating between serious medi-
cal conditions summarized in Table 3. The model’s high 
accuracy and capacity to reduce false positives and false 
negatives are demonstrated by the precision, recall, and 
F1-scores of 98.32% for both classes. The model’s over-
all accuracy of 98.32% further demonstrates its capacity to 
classify medical data effectively. Additional validation is 
provided by the AUC score of 98.32% and the Matthews 
Correlation Coefficient (MCC) of 96.64%, which show 
excellent true-positive rates and great predictive power 
over a range of thresholds. Remarkably low P-value of 
(p<0.001).

Following measurement (Eq.  13), the observable vector 
z ∈ Rnq  undergoes classical post-processing:

ogate = Wz + b,� (24)

enabling seamless integration with classical backpropagation. 
Note that Eqs.  13–24 are the VQC-local restatement of the 
general QLSTM relations in Eqs. 13–14; they are intentionally 
reproduced here to keep the VQC subsection self-contained.

Architectural Rationale:
We use nq = 8 qubits (28 = 256-dimensional Hilbert 

space), and L = 3 variational layers. The choice of L = 3 
is justified by an ablation over L ∈ {1, 2, 3, 4} (Table  6): 
L = 4 shows degraded MCC consistent with barren-plateau 
onset (McClean et al. 2018), while L < 3 under-fits the clin-
ical feature space. The linear CNOT topology maximizes 
trainability; all-to-all connectivity improves accuracy mar-
ginally (+0.3%) but doubles training time (Table 6).

Second Attention Mechanism:
Following the QLSTM layer, a second attention mecha-

nism (identical in structure to Section 3.2 but operating on 
the sequence of hidden states H = [h1, . . . , hT ] ∈ RT ×nh ) 
refines the output representation before the classification head. 
The context vector c′ = H⊤α′ ∈ Rnh  is fed into Eq. 19 in 
place of hT , ensuring that the most clinically salient time 
steps contribute disproportionately to the final prediction.

3.8  Setting the training process

The A-QLSTM-A model was implemented using Pen-
nyLane’s default.qubit simulator, with classical 

Table 3  Evaluation Metrics classification Report, and Confusion 
Matrix
Metric name Class 0 

(%)
Class 1 
(%)

 Average evalu-
ation metrics 
values (%)

Test 
Data 
Size

Precision 98.31 98.33 98.32 835
Recall 98.31 98.33 98.32 835
F1-Score 98.31 98.33 98.32 835
Accuracy 98.32 835
MCC 96.65%
AUC 98.32%
P-value p < 0.001
Confusion Matrix

Predicted 0 Predicted 1
Actual 0 408 7
Actual 1 7 413
Performance evaluation model: This table presents the classification 
performance of the Quantum NLP model on MIMIC-III Discharge 
dataset, highlighting its good precision, recall, and F1-score for both 
classes. The model’s high accuracy, strong predictive power (AUC = 
98.32%), and low false-positive and false-negative rates are further vali-
dated by the MCC of 96.65 and a highly significant p-value (p < 0.001)
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folds, as evidenced by standard deviations for precision 
(0.87%), recall (1.06%), and F1-score (0.40%). This con-
sistency assures that the model can generalize effectively 
across different subsets of data, which is crucial in biologi-
cal applications.

To address uncertainty quantification, we conducted 
a comprehensive cross-validation analysis over multiple 
random seeds (77, 88, 99, and 123), with 10-fold evalua-
tions per seed. The results, summarized in Table 5, clearly 
demonstrate the robustness and consistency of our model. 
Across all seeds, performance metrics such as Accuracy 
(mean 97.92% ± 0.20%), F1-score (mean 97.82% ± 0.23%), 
and MCC (mean 95.84% ± 0.38%) exhibit minimal stan-
dard deviations, indicating low sensitivity to initialization. 
This controlled variation highlights the model’s resilience, 
particularly significant for quantum neural networks known 
to be sensitive to initialization noise and entanglement 
configuration. By explicitly reporting the mean ± stan-
dard deviation across folds and seeds, we provide statisti-
cal confidence in the reproducibility of the results, beyond 
single-run or single-seed evaluation. This experimental 
rigor aligns with best practices in quantum machine learn-
ing, where seed-dependent fluctuations can impact perfor-
mance assessment. Furthermore, such robustness across 

4.1.2  Evaluation using cross-validation

Ten folds cross-validation techniques were used as pre-
sented in Table 4. This approach divides the dataset into 
ten equal portions, each with nine folds for training and one 
fold for testing. This comprehensive validation approach 
reduces overfitting while providing an unbiased evaluation 
of the model’s performance. The model consistently showed 
remarkable predictive capabilities across all folds, with an 
average accuracy of 97.90% and a standard deviation of 
0.37%, showing consistent performance. Precision aver-
aged 97.78%, demonstrating the model’s ability to correctly 
identify positive situations while avoiding false positives. 
The average recall was 97.81%, demonstrating the model’s 
ability to reliably predict actual instances of lung cancer. 
The F1-score of 97.79% demonstrates a balanced trade-off 
between precision and recall, making the model appropriate 
for clinical applications in which false negatives and false 
positives have serious repercussions. The average MCC of 
0.958 and ROC-AUC of 0.995 demonstrate the model’s 
ability to differentiate between positive and negative situ-
ations. Statistical validation, with P-values < 0.001 across 
all folds, demonstrates the model’s relevance for medical 
diagnosis. Performance indicators vary minimally among 

Table 4  Performance metrics for lung cancer prediction model using 10-fold cross-validation
Fold Accuracy Precision Recall F1-Score (MCC) AUC P-Values
1 98.20 % 98.48 % 97.74 % 98.11 % 96.40 % 99.27 % < 0.001
2 98.02 % 98.47 % 97.36 % 97.91 % 96.04 % 99.88 % < 0.001
3 97.48 % 98.46 % 96.23 % 97.33 % 94.97 % 99.36 % < 0.001
4 97.84 % 98.84 % 96.60 % 97.71 % 95.69 % 99.57 % < 0.001
5 97.30 % 96.99 % 97.36 % 97.18 % 94.59 % 98.81 % < 0.001
6 97.66 % 97.73 % 97.36 % 97.54 % 95.31 % 99.22 % < 0.001
7 97.84 % 96.00 % 99.62 % 97.78 % 95.74 % 99.87 % < 0.001
8 98.38 % 98.48 % 98.11 % 98.30 % 96.76 % 99.51 % < 0.001
9 97.66 % 97.01 % 98.11 % 97.56 % 95.32 % 99.67 % < 0.001
10 98.56 % 97.42 % 99.62 % 98.51 % 97.14 % 99.63 % < 0.001
Mean metrics 97.90 % 97.79 % 97.81 % 97.79 % 95.80 % 99.48 % -
Std 0.0038 0.0087 0.0106 0.0040 0.0076 0.0031 -
Performance evaluation with Cross-validation approach: Here we presents the performance metrics of the lung cancer prediction model evalu-
ated using 10-fold cross-validation. The results indicate high consistency across all folds, with the model achieving an average accuracy of 
97.90%, precision of 97.79%, recall of 97.81%, and F1-score of 97.79%. The Matthews Correlation Coefficient (MCC) and Area Under the Curve 
(AUC) are also good, with mean values of 95.80% and 99.48%, respectively. All results are statistically significant, with P-values less than 0.001

Table 5  Cross-validation results (mean ± std) over 10 folds for different random seeds
Seed Accuracy Precision Recall F1-Score MCC ROC-AUC
77 98.00 ± 0.004 98.16 ± 0.009 97.66 ± 0.007 97.90 ± 0.004 96.01 ± 0.008 99.47 ± 0.002
99 97.79 ± 0.003 97.60 ± 0.005 97.77 ± 0.010 97.68 ± 0.004 95.58 ± 0.007 99.48 ± 0.003
123 98.20 ± 0.006 98.34 ± 0.010 97.89 ± 0.007 98.11 ± 0.006 96.40 ± 0.012 99.57 ± 0.001
88 97.68 ± 0.006 97.71 ± 0.012 97.43 ± 0.008 97.57 ± 0.006 95.36 ± 0.012 99.40 ± 0.002
Cross-validation evaluation on different random seed: Results represent the mean ± standard deviation across 10-fold cross-validation runs 
using different random seeds. Accuracy, Precision, Recall, F1-Score, Matthews Correlation Coefficient (MCC), and Area Under the Receiver 
Operating Characteristic Curve (ROC-AUC) are reported. The inclusion of multiple seeds quantifies model uncertainty and supports robust-
ness analysis, as recommended for quantum neural networks due to their sensitivity to initialization and entanglement variability
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drives the quantum advantage, consistent with the express-
ibility analysis of Sim et al. (2019).

4.1.4  Quantum component analysis

To isolate the contribution of the quantum component, 
we note that A-QLSTM-A improves over A-LSTM-A by 
+3.71% on MIMIC-III. Since the only architectural differ-
ence is the replacement of classical LSTM gates with VQC 
gates, this gap directly measures the empirical benefit of 
quantum gate dynamics. The QLSTM alone (without dual 
attention) achieves 95.57%, confirming that both the quan-
tum recurrence and the attention wrappers contribute inde-
pendently to performance.

4.1.5  Prediction model error analysis

The performance of our lung cancer classification model 
demonstrates high accuracy; however, a closer error exami-
nation was made in Table 7. The examination of false posi-
tives (FP) and false negatives (FN) reveals valuable insights 
into potential areas for improvement. While the model 
generally performs well, the FP and FN rates remain low, 
with only 7 cases each out of 408 and 413, respectively. 
This suggests that despite the challenge of classifying 
complex clinical narratives, the model excels in minimiz-
ing misclassifications. In fact, the small number of FP and 
FN highlights the model’s resilience and its ability to cor-
rectly differentiate between some medical conditions. False 
negatives (FN) are particularly concerning, as they repre-
sent instances where the model failed to detect lung cancer. 
One such case involved a patient with stage II B squamous 
cell lung cancer undergoing chemotherapy, who presented 
with febrile neutropenia and tachycardia. The presence of 
overlapping comorbidities, including cardiomyopathy and 
atrial fibrillation, as well as generalized symptoms, likely 
masked the cancer-specific signals, contributing to misclas-
sification. Similarly, a false negative involved a patient with 
neurological symptoms related to a cerebellar mass, which 
overshadowed the lung cancer indicators. These examples 
underscore the model’s difficulty in identifying lung cancer 
in cases where symptoms are indirect or complex. Further-
more, false positives (FP) occurred when the model errone-
ously predicted lung cancer in patients who did not have 
the disease. One case involved a patient with a history of 
non-small cell lung cancer and breast cancer, where the 
model misinterpreted historical mentions of lung cancer as 
indicative of active disease. Another false positive occurred 
in a patient with Stage III B colorectal cancer experiencing 
shortness of breath due to anxiety, which the model wrongly 
associated with lung cancer. These errors highlight the mod-
el’s tendency to over-rely on certain keywords without fully 

multiple randomized scenarios substantiates the stability of 
the A-QLSTM-A architecture and affirms its applicability in 
high-stakes domains like clinical diagnostics, where model 
reliability is paramount.

4.1.3  Ablation: Circuit depth and entanglement topology

Table 6, the degradation at L = 4 (−1.14% vs. L = 3) is 
consistent with barren-plateau onset in over-parameterized 
VQCs (McClean et al. 2018). All-to-all entanglement pro-
vides marginal gains (+0.29%) at doubled training cost, 
making the linear topology the Pareto-optimal choice. 
Removing entangling gates consistently reduces perfor-
mance (∆max = −1.44%), confirming that entanglement-
mediated feature coupling rather than mere parameterization 

Table 6  Ablation study: effect of VQC depth L and entanglement 
topology on MIMIC-III accuracy
Depth 
Layer

Number 
of Qubit

Entanglement Accu-
racy 
(%)

MCC 
(%)

Train 
time 
(min)

1 4 Linear 95.10 90.21 10
2 4 Linear 96.74 93.49 18
3 8 Linear 98.32 96.65 5.1
4 8 Linear 97.18 94.37 41
3 4 Circular 98.41 96.82 24
3 4 All-to-all 98.61 97.22 33

Table 7  Summary of miss Classification analysis
Type Patient 

Condition
Reason for 
Misclassification

Suggested 
Improvements

False 
Negative

Lung cancer 
with comor-
bidities (car-
diomyopathy, 
AFib)

Overlapping symp-
toms (fever, tachy-
cardia) masked lung 
cancer indicators

Incorporate 
contextual 
embeddings.

False 
Negative

Neurological 
symptoms due 
to cerebellar 
mass

Indirect lung cancer 
manifestation 
overlooked

Enhance 
model 
sensitivity 
to secondary 
symptoms

False 
Positive

History of 
lung and breast 
cancer, airway 
obstruction

Misinterpretation of 
historical cancer men-
tions as active disease

Improve tem-
poral context 
processing

False 
Positive

Colorectal 
cancer with 
anxiety-
induced SOB

Over-reliance on 
general symptoms 
like SOB

Use explain-
ability tools 
to balance 
feature 
weighting

Misclassification summaries: The table summarizes the key misclas-
sification errors observed in the lung cancer prediction model, iden-
tifying the types of errors (false negatives and false positives), the 
conditions of the patients involved, the underlying reasons for the 
misclassifications, and suggested improvements to refine the model’s 
accuracy. Errors are mainly due to overlapping symptoms, indirect 
manifestations, and misinterpretation of medical history
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misinterpretation may occur in non-lung cancer contexts. 
Moreover, lifestyle and treatment-related terms such as 
“quit”,“drugs” and “Lasix” illustrate the model’s attention 
to patient habits and medications that could affect disease 
presentation. However, the misinterpretation of terms like 
“portal”, “artery” and “CTA” suggests challenges in distin-
guishing between vascular and oncological contexts.

4.2  Experimental comparison performance analysis

4.2.1  Comparison evaluation on MIMIC-III and MIMIC IV 
datasets

Table 8 thoroughly examined the performance of our pro-
posed model , extensive experiments on two widely used 
medical datasets such as MIMIC-III discharge summaries 
and MIMIC-IV chest radiography reports were made. Our 
model regularly beats existing cutting-edge algorithms, 
demonstrating its strength and effectiveness in extracting 
meaningful representations from medical texts.

On the MIMIC-III dataset, our model outperformed Clin-
icalBERT (98.08%) and BioBERT (97.25%), with an accu-
racy of 98.32%. Notably, our model outperformed all other 
parameters, such as accuracy (98.32%), recall (98.32%), 
F1-score (98.32%), and Matthews Correlation Coefficient 
(MCC) of 96.65%. This tremendous increase demonstrates 
the model’s capacity to capture complex clinical information 
required for correct categorization. Similarly, on the MIMIC-
IV chest radiology dataset, our model outperformed its near-
est competitor, the conventional LSTM model, which had 
an accuracy of 81.63%. Our model also demonstrated high 
accuracy (83.48%), recall (83.29%), F1-score (83.38%), 
and MCC of 66.78%, suggesting its ability to handle differ-
ent clinical narratives. When compared to standard models 
such as LSTM, Attention-LSTM-A (A-LSTM-A), and even 

understanding the context, revealing areas for improvement 
in its interpretability and contextual understanding.

4.1.6  Explainability of prediction

Figure 4 presents the results of the permutation feature 
importance analysis, providing critical insights into the 
interpretability of our lung cancer classification model as 
suggested in Table 7 Row 4. The analysis in Fig. 4 sub-figure 
(A) highlights several key terms that significantly enhance 
the model’s ability to accurately predict lung cancer. Nota-
bly, terms such as “lung”, “bronchoscopy”, “mass” and 
“carcinoma” are directly linked to lung cancer pathology, 
underscoring their essential role in distinguishing positive 
cases. Additionally, terms like “COPD”, “edema”, “breath” 
and “alcohol” emphasize respiratory complications and 
lifestyle risk factors commonly associated with lung can-
cer. This indicates the model’s proficiency in recognizing 
symptom overlap and behavioral contributors to disease 
risk. The presence of terms such as "breast," "colon," and 
“hepatocellular” further suggests the model’s sensitivity 
to comorbid cancer histories, which may complicate clas-
sification if not properly contextualized. The permutation 
feature importance analysis for non-lung cancer cases in 
Fig. 4 sub-figure (B) reveals distinct terms influencing the 
model’s predictions. Words like “breast”, “colon”, “rectal” 
and “hepatocellular” reflect the prevalence of other malig-
nancies that may present overlapping clinical features with 
lung cancer. Furthermore, terms such as “liver”, “hepatic”, 
“cirrhosis” and “hepatitis” highlight the model’s sensitivity 
to liver-related conditions, adding complexity to differen-
tiating lung cancer from other diseases. The appearance of 
terms like “bronchoscopy”, “mass” and “lobe” demonstrates 
the model’s awareness of diagnostic procedures and ana-
tomical references pertinent to cancer detection, although 

Fig. 4  Permutation feature importance analysis results for the lung 
cancer classification model: Sub-figure (A) highlights key terms sig-
nificantly enhancing the model’s accuracy in predicting lung cancer, 
including words directly linked to lung cancer pathology (e.g., "lung," 
"bronchoscopy," "mass," “carcinoma”) and those indicating respira-
tory complications and lifestyle risk factors (e.g., "COPD," "edema," 
"breath," “alcohol”). It also identifies the model’s sensitivity to comor-

bid cancer histories. Sub-figure (B) illustrates the feature importance 
for non-lung cancer cases, showing terms related to other malignancies 
(e.g., "breast," "colon," “hepatocellular”) and liver-related conditions 
(e.g., "liver," "cirrhosis," “hepatitis”). Additionally, diagnostic and 
treatment-related terms (e.g., "bronchoscopy," "quit," “drugs”) high-
light the model’s awareness of clinical factors, though challenges in 
distinguishing vascular and oncological contexts are noted
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Yelp Review Polarity dataset, reveals a close similarity 
in accuracy between the two approaches. Specifically, the 
QSANN achieved an accuracy of 84.79%, slightly outper-
forming our model’s 84.37%. However, in terms of error 
rate, our model demonstrated a notable advantage, with an 
error rate of 0.34% compared to 1.29% for QSANN. This 
substantial reduction in error rate highlights the robust-
ness and reliability of our model in reducing misclassi-
fication rates, a particularly valuable quality in quantum 
computing applications where error minimization is 
critical. This difference underscores the potential of our 
A-QLSTM-A model to provide more stable and precise 
predictions, positioning it as a compelling alternative in 
quantum-enhanced text classification tasks. Figure 5 pro-
vides a visualization of the model’s learning curve, illus-
trating the improved learning stability achieved through 
our approach. Together, these findings emphasize the sig-
nificance of reduced error rates in quantum models, sug-
gesting that our method may offer enhanced precision in 
real-world text classification applications.

5  Discussion

The Hybrid Attention Quantum Long Short-Term Memory-
Attention (A-QLSTM-A) model introduced in this study 
represents a transformative innovation in biomedical engi-
neering, specifically in the early detection of lung cancer 
through biomedical text analysis. This model integrates the 
computational strengths of quantum computing with the 
pattern recognition capabilities of classical deep learning, 
effectively addressing persistent challenges in clinical deci-
sion support systems (Emani et al. 2021). The core innova-
tion of the A-QLSTM-A model lies in its seamless fusion 
of quantum variational circuits (Cerezo et al. 2021; Du et 

quantum-enhanced models like QLSTM, our method shows 
consistent and substantial gains. This shows its application 
in real-world clinical decision support systems.

4.2.2  Comparison evaluation extend to broader domain

The Yelp Review Polarity dataset served as a comprehensive 
benchmark for evaluating the proposed quantum architec-
ture. This dataset, comprising 559,999 training and 37,999 
testing samples, enabled rigorous testing across diverse 
and large-scale text inputs. The quantum-enhanced archi-
tecture demonstrated good performance, achieving 84.37% 
precision, 84.35% recall, and an F1-score of 84.35%. The 
accuracy also aligned at 84.35%, while the Matthews Cor-
relation Coefficient (MCC) reached 68.73%, a notable indi-
cator of the model’s ability to discern sentiment polarity in a 
challenging classification task. These results underscore the 
model’s ability to effectively capture the nuanced sentiment 
distributions inherent in Yelp reviews.

Beyond numerical benchmarks, the implications of these 
findings extend to broader domains. For instance, healthcare 
applications reliant on sentiment analysis could leverage the 
A-QLSTM-A model to enhance patient feedback analysis or 
refine emotional sentiment detection in clinical narratives. 
The quantum-enhanced architecture’s ability to process sub-
tle textual variations promises transformative applications 
in fields demanding heightened precision and adaptability. 
Training and validation loss curves, as well as accuracy 
trends, reveal a consistent and stable optimization process 
throughout the epochs. The alignment between training 
and validation metrics confirms that the model generalizes 
effectively without overfitting.

To validate the generalizability of our method, we com-
pared our result with recent research developed by Li et 
al. (2024). This comparative analysis, conducted on the 

Table 8  Comparison performance models analysis
Dataset Model Accuracy(%) Precision(%) Recall(%) F1(%) MCC(%)

MIMIC-III Discharge LSTM 95.33 95.34 95.33 95.33 90.66
A-LSTM-A 94.61 94.62 94.61 94.61 89.23
BioBERT 97.25 97.28 97.23 97.24 94.51
ClinicalBERT 98.08 98.08 98.08 98.08 96.17
QLSTM 95.57 95.57 95.57 95.57 91.14
Our Model 98.32 98.32 98.32 98.32 96.65

MIMIC-IV Chest Radiology LSTM 81.63 81.40 81.23 81.30 62.62
A-LSTM-A 77.04 77.42 77.77 77.01 55.19
BioBERT 81.12 81.54 81.41 81.12 62.95
ClinicalBERT 78.06 79.82 78.66 77.93 58.47
QLSTM 81.63 81.58 80.97 81.19 62.54
Our Model 83.67 83.48 83.29 83.38 66.78

Comparative Performance of Different Models: Comparison of A-QLSTM-A with existing deep learning and quantum models on MIMIC-III 
and MIMIC-IV datasets. The results confirm the superiority of the proposed model, which achieves higher accuracy, recall, and interpretability 
in biomedical NLP applications
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cancer, including other disease diagnoses and biomedical 
research.

Following Doshi-Velez and Kim (2017), interpretabil-
ity in A-QLSTM-A operates at three levels. Global inter-
pretability is provided by permutation feature importance, 
which identifies which TF-IDF tokens most affect clas-
sification accuracy across the entire dataset a population-
level explanation aligned with clinical epidemiology. Local 
interpretability is provided by attention weight visualiza-
tion, enabling clinicians to trace which words in a specific 
discharge summary drove the lung-cancer classification a 
patient-level explanation critical for informed consent and 
clinical auditing. Regulatory interpretability is supported 
by the modular architecture: each VQC gate is an inde-
pendently auditable computation unit, enabling systematic 
inspection of the model’s decision pathway, consistent 
with the explainability requirements of the EU AI Act and 
FDA guidance (U.S. Food and Drug Administration 2021). 
This tripartite framework distinguishes A-QLSTM-A from 
black-box LLMs and positions it as a regulatory-ready clini-
cal AI tool.

Despite its promising contributions, the A-QLSTM-
A model has several limitations that must be addressed 
for successful clinical deployment. The model’s quantum 
advantage is currently constrained by the nascent state of 
quantum hardware (Buonaiuto et al. 2024; Garewal et al. 
2024; Das et al. 2024). Existing quantum processors suf-
fer from limited qubit counts, high error rates, and short 
coherence times, which hinder scalability (De Leon et al. 
2021; Fellous-Asiani et al. 2021; Singh et al. 2024). The 
A-QLSTM-A model relies on quantum simulators rather 
than actual quantum hardware, limiting its ability to fully 

al. 2022) within a classical LSTM framework. Quantum 
computing introduces principles such as superposition and 
entanglement (Singh et al. 2024), which enable parallel 
data processing and efficient exploration of complex, high-
dimensional data. This hybrid integration offers a more effi-
cient architectural pathway compared to traditional large 
language models (LLMs) like ClinicalBERT (Huang et al. 
2019) and BioBERT (Lee et al. 2020), which are known for 
their high computational demands. By harnessing quantum-
inspired parallel-like processing, the A-QLSTM-A model 
accelerates feature extraction and classification, enabling 
rapid analysis of vast unstructured clinical datasets an essen-
tial capability in scenarios where timely decision-making 
directly influences patient outcomes.

Empirical evaluations highlight the model’s good predic-
tive performance. On the MIMIC-III discharge summaries 
(Johnson et al. 2016), the A-QLSTM-A model achieved a 
remarkable 98.32% accuracy, and on the MIMIC-IV chest 
radiography reports (Gow et al. 2023), it attained 83.67% 
accuracy. These results outperform state-of-the-art mod-
els, including ClinicalBERT and BioBERT, demonstrating 
the model’s superior ability to process complex clinical 
narratives for early lung cancer detection. Additionally, 
the model’s scalability (Das et al. 2024; Ahmadzadeh and 
Sarbazi-Azad 2024) is a major strength. By reducing com-
putational complexity, the A-QLSTM-A model can be inte-
grated into real-time clinical workflows, facilitating faster 
and more accurate diagnostics. This is particularly advanta-
geous in resource-limited healthcare environments, where 
computational resources are constrained. The model’s 
robust performance across diverse biomedical datasets also 
suggests its potential for broader applications beyond lung 

Fig. 5  Evaluation performance on Yelp review polarity dataset: Visualization of Error and Accuracy Trends during A-QLSTM-A model Train-
ing and Validation on the Yelp Review Polarity Dataset
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solution for early lung cancer detection. Its hybrid quantum-
classical design outperforms conventional models in predic-
tive accuracy and aligns with ethical and clinical standards 
by enhancing model transparency. While challenges remain 
particularly in quantum hardware limitations, contextual 
understanding, and clinical integration addressing these 
issues will pave the way for broader adoption in precision 
medicine. By bridging cutting-edge quantum computing 
with deep learning, the A-QLSTM-A model sets a new 
benchmark for intelligent, patient-centered diagnostic tools, 
driving the next generation of innovations in biomedical AI.

6  Conclusion

The integration of quantum computing with biomedical 
Natural Language Processing (NLP) represents a transfor-
mative advancement in lung cancer diagnosis. This study 
introduces the Hybrid Attention Quantum Long Short-Term 
Memory-Attention (A-QLSTM-A) model, which success-
fully bridges the computational power of quantum circuits 
with the pattern recognition capabilities of deep learning. 
By significantly enhancing feature extraction, reducing 
computational overhead, and improving interpretability, 
the proposed model sets a new benchmark for scalable and 
explainable AI in clinical decision-making.

Empirical evaluations on the MIMIC-III and MIMIC-IV 
datasets demonstrate the model’s superior predictive perfor-
mance, surpassing traditional machine learning and state-
of-the-art NLP models like ClinicalBERT and BioBERT. 
Moreover, the model’s robustness in handling real-world 
clinical narratives suggests its potential for broader applica-
tions in precision medicine. While challenges remain, par-
ticularly in quantum hardware constraints and contextual 
understanding, this research lays the groundwork for future 
advancements in quantum-enhanced biomedical AI.

By fostering a deeper synergy between quantum com-
puting and healthcare, the A-QLSTM-A model not only 
accelerates lung cancer detection but also paves the way for 
next-generation AI-driven diagnostics, ultimately improv-
ing patient outcomes and advancing the field of medical 
informatics.
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