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AI-Enhanced Lung Cancer Prediction: A Hybrid
Model’s Precision Triumph
Cyrille Yetuyetu Kesiku and Begonya Garcia-Zapirain

Abstract—Lung cancer is considered one of the most
dangerous cancers, with a 5-year survival rate, ranking the
disease among the top three deadliest cancers globally.
Effectively combating lung cancer requires early detection
for timely targeted interventions. However, ensuring early
detection poses a major challenge, giving rise to innova-
tive approaches. The emergence of artificial intelligence
offers revolutionary solutions for predicting cancer. While
marking a significant healthcare shift, the imperative to
enhance artificial intelligence models remains a focus, par-
ticularly in precision medicine. This study introduces a
hybrid deep learning model, incorporating Convolutional
Neural Networks (CNN) and Bidirectional Long Short-Term
Memory Networks (BiLSTM), designed for lung cancer de-
tection from patients’ medical notes. Comparative analysis
with the MIMIC IV dataset reveals the model’s superiority,
achieving an MCC of 96.2% with an Accuracy of 98.1%, and
outperforming LSTM and BioBERT with an MCC of 93.5%,
an accuracy of 97.0% and MCC of 95.5 with an accuracy
of 98.0% respectively. Another comprehensive compari-
son was conducted with state-of-the-art results using the
Yelp Review Polarity dataset. Remarkably, our model sig-
nificantly outperforms the compared models, showcasing
its superior performance and potential impact in the field.
This research signifies a significant stride toward precise
and early lung cancer detection, emphasizing the ongoing
necessity for Artificial Intelligence model refinement in pre-
cision medicine.

Index Terms—Lung cancer, text classification, CNN
BiLSTM attention, natural language processing, deep
learning model.

I. INTRODUCTION

D ESPITE advancements in medical technology and Diag-
nostic strategies, lung cancer remains one of the most

formidable challenges in modern healthcare, characterized by
its high mortality rates and the complexity of its diagnosis and
treatment. With a 5-year [1] survival rate placing it among the top
three deadliest cancers globally, the urgency to develop effective
strategies for early detection and intervention is paramount.
However, conventional diagnostic methods often fail to facilitate
timely detection, highlighting the critical need for innovative
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approaches to enhance early diagnosis and improve patient
outcomes. The emergence of artificial intelligence (AI) has
ushered in a new era of healthcare innovation, offering promising
solutions for predictive modeling and disease detection. In par-
ticular, the application of deep learning techniques in medical
image analysis [2] and clinical data interpretation has shown
significant potential for revolutionizing cancer diagnosis and
treatment [3]. Despite these advancements, there exists a gap [4]
in the literature regarding the development of robust Artificial
Intelligence models specifically tailored for the early detection
of lung cancer from patients’ medical records.

To address this gap, this study proposes a novel hybrid
deep learning model integrating Convolutional Neural Networks
(CNN) and Bidirectional Long Short-Term Memory Networks
(BiLSTM) for the detection of lung cancer from patients’ med-
ical notes. By leveraging the rich textual information contained
within medical records, the proposed model aims to improve
the accuracy and efficiency of lung cancer diagnosis, ultimately
leading to earlier detection and more targeted interventions.
This research endeavors to make a significant stride toward
precise and early detection of lung cancer, underscoring the
ongoing necessity for Artificial Intelligence model refinement
and innovation in the field of precision medicine.

Building upon the foundation laid by traditional machine
learning models, recent advancements in deep learning, partic-
ularly in the realm of natural language processing (NLP), have
revolutionized text classification [9] in healthcare. Analyzing
historical textual data to discern social [7] habits and understand
family [8] and medical histories can be a daunting task. However,
the utilization of NLP techniques streamlines this effort by ex-
tracting pertinent and contextual information from patients’ tex-
tual documents. This invaluable assistance to healthcare profes-
sionals enhances the medical decision-making process, thereby
improving patient outcomes. Traditionally, machine learning
models such as Support Vector Machines (SVM) [11], Deci-
sion Trees [12], Naive Bayes [10], and ensemble learning [13]
approaches have yielded significant advancements in text re-
trieval. However, the emergence of deep learning models has
surpassed these traditional methods, particularly in the domain
of biomedical text classification. Recurrent Neural Networks
(RNNs), including Long Short-Term Memory (LSTM) and
Bidirectional LSTM (BiLSTM), have demonstrated promising
performance in processing sequential [14] data, thereby enhanc-
ing contextual understanding in biomedical text classification
tasks. BiLSTM [24], in particular, leverages its unique archi-
tecture to capture both past and future contextual information,
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addressing the challenge of gradient vanishing and improving
overall performance.

Moreover, Convolutional Neural Networks (CNNs) have
transformed text classification, especially in the biomedical
domain, due to their ability to extract local features efficiently.
One-dimensional CNNs (1D CNNs) [23] are particularly well-
suited for sequence classification tasks, including text data, as
they employ one-dimensional filters to extract relevant features
from sequences. This convergence of deep learning architectures
and NLP techniques has paved the way for more sophisticated
approaches to text classification, with significant implications
for precision medicine and healthcare decision-making.

In this study, we aim to build upon these advancements by
proposing a hybrid deep-learning model that integrates CNN and
BiLSTM architectures for the early detection of lung cancer from
patients’ medical notes. By leveraging the capabilities of both
CNN and BiLSTM in capturing local and long-range depen-
dencies, respectively, our model seeks to enhance the accuracy
and efficiency of lung cancer diagnosis. Through comparative
analysis with external datasets, we endeavor to demonstrate the
superiority of our proposed model and its potential to contribute
to precision medicine approaches in oncology.

The convolution equation in one-dimensional convolutional
neural networks (1D CNN) is formally stated as follows:

xi = σ(W · [ei:i+k−1] + b) (1)

Here ei:i+k−1 is used to denote the sub-sequence of word embed-
dings starting from location i and ending at position i+ k − 1.
The filter weight matrix, denoted as W , is a key component in
the context of this discussion. And b represents the bias. Other
methods that constitute the state of the art in the field of NLP
are transformers; these algorithms, which are based on attention
mechanisms, are highly effective in text classification tasks, and
this attention in a transformer is defined as follows:

Attention(Q,K, V ) = softmax

(
QKT

√
dk

)
· V (2)

Where Q, K, and V represent the query, key, and value matrices
respectively, and dk refers to the key dimension.

In recent years, research in the field of text analysis has
seen significant growth, with a particular interest in comparing
and combining different neural network models to improve text
prediction accuracy. Let us examine various studies that explore
CNN models versus RNNs and their fusion to enhance text
prediction accuracy.

Yin et al. (2017) [53] conducted pioneering work comparing
CNNs and RNNs across multiple natural language processing
(NLP) tasks, showcasing the superior performance of the GRU
model in text classification. Their work laid the groundwork for
the effective use of RNNs in text classification tasks. Soni et
al. (2023) [54] introduced TextConvoNet, an innovative CNN
architecture extracting both intra-sentence and inter-sentence
features, surpassing existing models in text classification. This
study highlighted the importance of multi-level feature extrac-
tion to improve the performance of text classification models.
Li Xiaoyan et al. (2022) [55] proposed a GloVe-CNN-BiLSTM

model amalgamating diverse architectures for sentiment anal-
ysis, exhibiting exceptional performance and scalability. Their
approach demonstrated the effectiveness of integrating different
neural network architectures to enhance model accuracy in
complex tasks such as sentiment analysis.

Jang et al. (2020) [56] devised a hybrid Bi-LSTM + CNN
model with attention, outperforming individual models in terms
of precision, recall, and F1 score, particularly in movie review
classification. Their research underscored the importance of in-
tegrating attention mechanisms to capture relevant information
in textual data.

In comparison with previous studies, our research has
achieved outstanding performance in lung cancer classification.
By leveraging a novel approach that integrates 1D CNN, BiL-
STM, and Attention architectures in parallel, our model has
demonstrated superior results. These findings underscore the
effectiveness of our approach in handling complex medical data,
offering new insights for early detection of this disease.

Extracting medical concepts from patients’ historical medical
records is a pressing issue in natural language processing, hold-
ing significant importance for various reasons. It facilitates the
extraction of relevant information pertaining to treatment, diag-
nosis, and research, encapsulating specific behaviors and symp-
toms indicative of various diseases. This extracted information
plays a crucial role in seeking specific answers to biomedical
objectives, contributing to advancements in medical research
and patient care. Building upon previous research endeavors, the
subsequent studies have delved into addressing the challenge
of medical concept extraction using diverse natural language
processing and deep learning algorithms, notably leveraging
CNN, RNN, and Transformer architectures.

In their study, MITHUN et al. (2023) [14] tackled the task of
concept extraction specifically for lung cancer patients. Given
the high prevalence and mortality rate associated with lung can-
cer, the authors developed a concept extraction pipeline tailored
to this condition. They employed the BiLSTM model to classify
extracted concepts, achieving promising performance outcomes.
Another notable study by GEHRMANN et al. (2018)

Moreover, YANG et al. (2023) [17] conducted a compar-
ative analysis of the BioBERT algorithm and conventional
machine learning algorithms for classifying medical radiogra-
phy data. Their findings highlighted the superior performance
of the BioBERT algorithm, underscoring the potential of ad-
vanced transformer-based models in biomedical data classifica-
tion tasks. In addition to these studies, other research endeavors
have addressed various biomedical text extraction and classi-
fication challenges, utilizing a range of techniques including
LSTM, R-CNN, and BERT [18], [19], [20]. Collectively, these
studies contribute to advancing the field of medical text analysis
and hold promise for enhancing healthcare outcomes through
improved data-driven decision-making.

Classification of medical texts, particularly those related to
lung cancer, requires a fine-tuned understanding of specialist
terms, contextual nuances and semantic relationships. Our ap-
proach strives to overcome these complex challenges by exploit-
ing a deep architecture that judiciously combines the power of
the 1D Convolutional Neural Network (CNN) model with the
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Fig. 1. CNN-BiLSTM_Attention Architecture. Initially, the text se-
quence undergoes an embedding operation. Two separate blocks then
operate in parallel, feeding off the embedded vector. The first block,
consisting of a 1D CNN followed by a global Max Pooling layer, focuses
on the local extraction of text features. On the other hand, the second
block implements a two-layer BiLSTM architecture, accompanied by a
DropOut layer after the first BiLSTM layer and an Attention layer at the
output of the second BiLSTM layer. The results obtained from these two
blocks are then concatenated to feed the subsequent dense layers, thus
completing the binary classification task.

dynamic contextualisation of the attention-enabled Bidirectional
Long Short-Term Memory (BiLSTM). Our major contributions
to this research can be summarised as follows:

� The research proposes a new deep learning model that
combines Convolutional Neural Networks (CNNs) and
Bidirectional Long Short-Term Memory Networks (BiL-
STMs) with an attention mechanism for lung cancer de-
tection from patients’ medical notes.

� The model achieves state-of-the-art performance With a
relatively low number of trainable parameters (12.5 mil-
lion),on the MIMIC IV dataset, outperforming established
benchmarks like BioBERT and LSTMs in terms of accu-
racy, AUC, and MCC.

� The model demonstrates strong generalizability beyond
the medical domain by achieving excellent performance
on the Yelp review polarity dataset, a benchmark for text
classification tasks.

II. PROPOSED MODEL ARCHITECTURE

This study introduces an innovative NLP model that is specif-
ically tailored to effectively address the challenging task of text
classification within the medical domain. Fig. 1 shows the global
architecture proposed in this study. The architecture begins with
an input layer, followed by an embedding layer, which serves as

the foundation for the subsequent processing stages. Central to
our architecture are two parallel blocks, each serving a distinct
yet complementary purpose. The first block is comprised of a
1D Convolutional Neural Network (CNN) layer followed by a
Global Max Pooling layer. This combination is adept at extract-
ing local features from sequential data, such as word sequences
in NLP tasks. Meanwhile, the second block is composed of
two Bidirectional Long Short-Term Memory (BiLSTM) layers
with dropout regularization applied between them, culminating
in an attention layer. This configuration enables the model to
capture both short-term and long-term dependencies within the
input sequences, effectively enhancing its ability to understand
context. Both blocks leverage the embeddings provided by the
embedding layer, allowing them to extract rich semantic rep-
resentations from the input data. The outputs of these blocks
are then concatenated to create a fused representation, which
is subsequently fed into a series of Dense layers for further
processing. These Dense layers, consisting of three tiers, pro-
gressively distill and refine the information extracted from the
input sequences, ultimately yielding the final prediction output.
In the subsequent sections, we delve into a detailed exposition
of each layer within our architecture, elucidating their roles
and contributions towards the overall efficacy of the model in
tackling NLP tasks.

A. Input Layer

The model processes a document xi ∈ X , where xi encom-
passes medical history, social history, familial history, and the
patient’s present illness.

Let X be our training dataset, made up of N text documents.
Each document xi is a sequence of words wi,1, wi,2, . . . , wi,Ti

,
where Ti is the length of the document sequence i.

X = {(x1, y1), (x2, y2), . . . , (xN , yN )} (3)

Here, (yi) represents the class label 0 or 1 respectively no lung
cancerous and lung cancerous for the document (xi). The aim
is to learn a dense vector representation for each word in the
corpus so that these embeddings may capture the semantic and
contextual relationships in natural language.

B. Embedding Layer

We utilize in our architecture the Skip-gram [22] model as
an embedding model within the TensorFlow.Keras library. This
embedding model captures semantic and syntactic associations
among words. It learns distributed vector representations for
individual words, wherein similar words are represented by
comparable vectors in a vector space. Moreover, through the
utilization of the context window, the model adeptly grasps the
contextual nuances of word occurrences, facilitating a deeper
comprehension of meaning and syntax. Additionally, it is good
for handling less common words by generating representations
for such words based on their contextual usage within the corpus.

The Word2Vec model, as proposed by Mikolov et al.
(2013) [21], operates on the principle that words with similar
meanings possess comparable vector representations. The algo-
rithm provides two primary methodologies, namely Skip-Gram
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and Continuous Bag of Words (CBOW) [21]. Let us consider V
as the vocabulary of our biomedical corpus,N as the embedding
dimension, andD as the context dimension. Formalization of the
likelihood that a word wt is contextually close to another word
wc within a certain frame may be expressed in the Skip-Gram
model as follows: The conditional probability of a context word
wc given a target word wt may be calculated using the following
formula:

P (wc|wt) =
exp(v′wc

· vwt
)∑|V |

i=1 exp(v
′
i · vwt

)
(4)

Where v′wc
represents the vector representation of the context

wordwc, v. Word embeddings wt andwc are denoted as vwt
and

v′wc
correspondingly, and these embeddings are acquired via a

learning process to optimize the likelihood of contextual terms
within the corpus.

Within the context of our study, the binary classification chal-
lenge involves representing each word in a biological document
using its corresponding embedding. The vector representation is
then used as input for our model, which consists of two parallel
blocks.

C. Block 1: 1-Dimension CNN Layer and Global
Max Pool

The first block of our architecture consists of a one-
dimensional convolutional layer (1D-CNN) [23] followed by a
global max-pooling operation. This configuration, characterized
by the parameters (128,5, Relu), involves using 128 filters of size
5 with a ReLU activation function. In this bloc, the convolutional
layer extracts local features from sequential data. By applying
multiple filters to different parts of the word sequence, the
model learns rich and informative representations that capture
important patterns in the text. The use of the ReLU activation
function after the convolution introduces non-linearity into the
model, allowing it to better capture the complex relationships
between words and improve its ability to model sequential data.
The global max-pooling operation after the convolutional layer
reduces the dimensionality of the extracted representations while
preserving the most significant features. This helps reduce the
number of parameters in the model, thus avoiding overfitting,
while still maintaining a dense and informative representation
of the input data.

Let x be a vector representing a sequence of words in a
biomedical document, and W a filter weight matrix. The convo-
lution required to obtain a new feature ci from a windowxi:i+k−1
of words is defined as follows:

ci = f(W · xi:i+k−1 + b) (5)

where f refers to an activation function, b to the bias, and
k to the filter window size. Global Maxpooling [23] extracts
the most important feature from the set of features extracted
by convolution, guaranteeing a concise representation of the
sequence’s most salient features. This is formulated as follows:

Global Maxpooling(C) = max(C) (6)

Fig. 2. Architecture of an LSTM cell. This takes into account the
current word input, previous hidden state, and previous cell state to gen-
erate a new hidden and cell state. Connections between cells indicate
the sequential flow of data through the model.

where C refers to the set of features obtained following the
convolution operation. This approach retains the most relevant
information while reducing dimensionality, thus facilitating sub-
sequent processing in the network.

D. Block 2: BiLSTM Layer and Attention

The second block of our NLP model architecture comprises
multiple layers, including a BiLSTM layer followed by a dropout
layer, then another BiLSTM layer, and finally an attention
layer. This configuration captures both short and long-term
information in sequential data while focusing on the important
parts of the sequence. The initial BiLSTM layer, featuring 64
units, captures contextual dependencies in both directions of the
sequence. This bi-directionality allows the model to learn from
contextual information both before and after each word, which
is crucial for understanding the overall context of the text. A
dropout layer with a rate of 0.2 is added to regularize the model
and mitigate the risk of overfitting. This improves the model’s
generalization by making it less sensitive to noise in the training
data.

The second BiLSTM layer, also with 64 units, continues
learning contextual dependencies in the sequence, taking into
account the representations learned by the first BiLSTM layer.
This refines word representations based on the global context of
the sequence. Finally, the attention layer is employed to assign
weights to the importance of various parts of the sequence based
on their relevance to the current task. This enables the model to
focus on the most informative segments of the sequence when
making decisions.

1) BiLSTM Layer and Dropout: The LSTM (Long Short-
Term Memory) cell as shown in Fig. 2 is a basic unit used in
LSTM networks, and the bidirectional version (BiLSTM) [24]
consists of two LSTM cells: one processing the sequence in
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Fig. 3. BiLSTM architecture. This bidirectional architecture enables
contextual information to be exploited in both temporal directions, simul-
taneously integrating past and future sequential representations. The
arrows indicate the flow of information through the network layers, while
the circles represent the hidden states of the BiLSTM model, with the
upper part representing the hidden states before (Forward) and the
lower part representing the hidden states after (Backward). Sequential
inputs and outputs are also shown for each instant of time.

normal order and the other in reverse order. Letting x be the
input at time t, h be the output at time t, c be the cell memory at
time t, and � be the Hadamard product (element by element),
we obtain:

Forgate gates (ft):

ft = σ(Wf · [ht−1, xt] + bf ) (7)

Input gates (it):

it = σ(Wi · [ht−1, xt] + bi) (8)

Output gates (ot):

ot = σ(Wo · [ht−1, xt] + bo) (9)

Cell candidate (c̃t):

c̃t = tanh(Wc · [ht−1, xt] + bc) (10)

Cell memory update (ct):

ct = ft � ct−1 + it � c̃t (11)

Update output (ht):

ht = ot � tanh(ct) (12)

In these equations, Wf ,Wi,Wo,Wc represent the weights of
the various gates in the LSTM cell, [ht−1, xt] refer to the
concatenation of the previous output vector and the current input,
bf , bi, bo, bc are the corresponding biases,σ refers to the sigmoid
function, and tanh to the hyperbolic tangent function.

The bidirectional LSTM (BiLSTM) [51] includes two sets
of these equations - one for forward travel (

−→
ht ,
−→ct ) and one for

reverse travel (
←−
ht ,
←−ct ) - as shown in Fig. 3. The final outputs

Ht and Ct for the time step t are obtained by concatenating the
outputs of the two directions:

Ht = [
−→
ht ,
←−
ht ] (13)

Ct = [−→ct ,←−ct ] (14)

This allows BiLSTM to take into account contextual infor-
mation from both the past and future.

Dropout is a regularization technique that consists of ran-
domly “dropping” (ignoring) certain neurons during training.
This avoids overfitting by preventing the model from becoming
too dependent on specific neurons. Mathematically, dropout is
implemented by randomly assigning a probability p of zeroing to
each neuron during each training run. The mathematical formula
for the dropout operation on an input x with probability p is given
by :

dropout(x) =
mask� x

1− p
(15)

where � refers to the Hadamard product (element by element)
and “mask” to a random binary mask with the same form as x,
where probability p of each element is 0 and (1-p) 1.

2) Attention Layer: Attention [25] is a technique that allows
the model to focus on specific parts of the input sequence when
making decisions. Within the context of NLP, this means that
the model can place more importance on certain words or parts
of the sequence during classification.

Attention is given by :

Attention(hi) =
∑
j

αij · hj (16)

where hi refers to the BiLSTM output at position i in the
sequence αij and to the attention weight associated with the
pair (hi, hj), and the sum is calculated over all positions j in
the sequence.

Attention weights αij are generally calculated using the soft-
max function to ensure that the sum of the weights for a given
position is equal to 1:

αij =
exp(eij)∑
k exp(eik)

(17)

where eij is a measure of the compatibility between positions
i and j calculated, for example, by a scalar product between
representations hi and hj .

The resulting weighted context ci is then used to form the
final contextual representation, which is in turn then concate-
nated with the BiLSTM output at position i to form the final
representation of that position:

Weighted context(hi) =
∑
j

αij · hj (18)

Final representation(hi) = [Weighted context(hi);hi] (19)

Attention allows the model to place greater emphasis on cer-
tain parts of the sequence, depending on their importance to the
task. Within the context of NLP, this can be particularly useful for
processing text sequences of varying lengths by focusing on the
most informative parts. Attention enhances the model’s ability
to capture important relationships between words in a sequence
and can thus lead to better performance in text classification
tasks.

E. Concatenation of Parallel Layer Outputs

The integration of the outputs from both blocks is accom-
plished through a straightforward concatenation process, where
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the output vectors from each block are joined side by side to form
a unified representation. This method enables the amalgamation
of insights derived from both blocks, allowing for a comprehen-
sive understanding of the underlying text. Consequently, every
component within the merged representation embodies a synthe-
sis of the distinctive features extracted by the CNN block, which
highlights localized and specific attributes of the text, and those
extracted by the BiLSTM block with attention mechanism, adept
at capturing prolonged dependencies and contextual nuances.
This unified representation thus serves as a robust foundation
for subsequent layers, facilitating a holistic analysis of the text’s
intricacies and facilitating enhanced predictive capabilities.

When we have outputs XCNN_maxpool of the CNN layer and
XAttention of the BiLSTM layer with Attention, concatenation is
simply an operation that joins these two vectors along a new
dimension. The new concatenated representation, denoted as
Xconcat, is used as the input for dense layers, and this concate-
nation can be expressed as follows:

Xconcat = Concatenate([XCNN_maxpool, XAttention]) (20)

Where Concatenate refers to a function that takes vectors
XCNN_maxpool and XAttention and joins them along a new dimen-
sion. Concatenation enables the model to benefit from informa-
tion extracted by different architectures in parallel, thus improv-
ing its performance in terms of the biomedical text classification
task.

F. Danse Layers

The dense layers in our architecture perform a non-linear
transformation of the extracted features, resulting in a final out-
put used for binary prediction in biomedical text classification.
The first dense layer is a fully connected layer with 64 neural
units and a ReLU activation function [59]. This dense layer
captures complex relationships between different input data
features, helping to create more abstract and meaningful repre-
sentations. The ReLU function is used to introduce non-linearity
into the model, effectively modeling complex phenomena and
non-linear relationships between features. The second layer, also
equipped with the ReLU function but with only 32 neural units,
continues the feature distillation process by reducing the dimen-
sionality of the feature space. This layer acts as a dimensionality
reducer, emphasizing the most relevant and informative aspects
of the data transformed by the first layer.

Finally, the third layer is a single-output layer with a sin-
gle neural unit and a sigmoid activation function. This layer
is responsible for binary classification of the data, producing
a probabilistic output indicating the likelihood that the data
belongs to one of the two classes. The sigmoid function is used
because it effectively maps input values to a range between 0 and
1, allowing for a simple interpretation of the class probability.

III. EXPERIMENTAL SETUP

A. Dataset and Prepossessing

1) Data Description: In this study, we exploited the MIMIC
IV [27] dataset to develop and validate our predictive model,

Yelp review Polarity dataset was used to validate the generaliz-
ability of the model. MIMIC IV, from the Beth Israel Deaconess
Medical Centre, offers extensive temporal coverage from 2008
to 2019 and includes detailed data from over 60,000 patients.

2) Data Retrieval: Our initial step involved retrieving rele-
vant medical reports from the MIMIC-IV databases. We em-
ployed Structured Query Language (SQL) joins within Post-
greSQL to extract data from the “notes” table. Each document
within this table is linked to a diagnostic code using the ICD-9
coding system (International Classification of Diseases version
9 Diagnostic). To isolate documents about lung cancer diag-
noses and others, we implemented further SQL joins to match
documents with lung cancer and other disease-related ICD-9
codes. The comprehensive summary in Table V in the appendix
provides detailed information on the diseases considered in this
dataset, along with the number of documents associated with
each disease.

3) Data Reconstruction: Given that each document encom-
passes multiple paragraphs delineating diverse facets of patient
medical history and treatment, encompassing admission de-
tails(medical history, social history, current condition, adminis-
tered medications, clinical examinations, and radiology reports),
we conducted data filtering to isolate pertinent information.
Our focus was specifically directed towards extracting details
pertinent to medical history, social history, and familial history.
We also took into account the patient’s present illness to establish
connections with historical information. All this information
was selected in each patient’s document. Patient medical history
plays a pivotal role in assessing potential cancer risk through an
understanding of past medications and documented disorders.
Moreover, social history information enables the discernment
of smoking and alcohol consumption patterns, facilitating the
correlation between these lifestyle factors and the data gleaned
from medical and family histories, thereby aiding in the predic-
tion of lung cancer risk.

4) Data Cleaning: Subsequently, text cleaning was per-
formed to remove special characters and dates from the datasets,
resulting in the final datasets for experimentation.

5) Data Selection: The use of MIMIC IV to train our model
was motivated by its qualitative improvements. However, to
guarantee the robustness and generalisability of our model,
we opted to make an experiment using the second dataset
Yelp review polarity. This approach enabled us to assess the
performance of our model on data from a distinct context,
to confirm the robustness of the model to be generalizable in
other databases. The MIMIC IV database was divided into three
distinct sets for training, validation, and test sets, representing
70%, 15%, and 15% of total data, respectively. Specifically, the
training set comprises 26,807 documents, while the validation
and test set each comprises 5,745 documents, thus totaling
38,297 documents in the case of the MIMIC IV set. The MIMIC
IV dataset provides two distinct classes: class 0, corresponding
to non-cancerous individuals, and class 1, grouping patients
diagnosed with lung cancer. This stratification resulted in a
balanced dataset, comprising 19,150 instances in the case of
class 0 and 19,147 instances in that of class 1. These details are
crucial to interpreting the results, ensuring a thorough analysis
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of the model’s ability to effectively distinguish between the two
classes within a variety of medical data contexts.

B. Hyperparameter Setting

The hyperparameters selected in this experiment are described
in detail below. Words in vector space are embedded with a
dimension of 100, and the Conv1D layer uses 128 filters with
a convolution window of size 5 to extract local features. For its
part, the Bidirectional LSTM layer, size 64, enables the bidirec-
tional modeling of sequences, and a dropout rate of 0.2 is then
applied after this layer to prevent overfitting. The dense layers
that follow combine features extracted by CNN and Bi-LSTM,
with two layers of 64 units each, activated by ReLU. Finally, the
output layer, with one unit and a sigmoid activation function, per-
forms the binary classification. The Adam optimizer is used with
0.9in the case of beta_1 (the exponential flattening coefficient for
the first-moment estimate in Adam.) and 0.999in that of beta_2
(the exponential flattening coefficient for the second-moment
estimate in Adam.) - with 10 epochs, a batch size of 32, and
learning rate of 0.001.

C. Evaluation Metrics

As part of the evaluation of our model, several metrics [48],
[49], [50] were used to assess its performance in binary classi-
fication. These metrics include accuracy, recall, precision, F1-
score, and AUC-ROC, [28] each providing a distinct perspective
on the quality of the model’s ability for prediction.

� Accuracy: measures the overall rate of correct predictions
by the model. Mathematically, it is defined as :

Accuracy =
Number of correct predictions
Total number of predictions

(21)

� Recall (Sensitivity): measures the model’s ability to iden-
tify all positive examples, calculated by the formula :

Recall =
True Positives

True Positives + False Negatives
(22)

� Precision: measures the accuracy of positive predictions
made by the model, defined by the equation :

Precision =
True Positives

True Positives + False Positives
(23)

� F1-score: The F1-score is a metric that combines recall and
precision into a single value, calculated by the formula :

F1-score = 2× Precision× Recall
Precision + Recall

(24)

� AUC-ROC (Area Under the Receiver Operating Charac-
teristic curve): AUC-ROC measures the model’s ability
to discriminate between positive and negative classes at
different classification thresholds, with a higher AUC-
ROC indicating better discrimination ability. AUC-ROC
is calculated by integrating the ROC curve, which plots
the true-positive rate against the false-positive rate.

� The Matthews Correlation Coefficient (MCC): is a ro-
bust metric used to evaluate the performance of binary
classification models. Unlike accuracy, which can be mis-
leading in imbalanced datasets, MCC takes into account

true positives (TP), true negatives (TN), false positives
(FP), and false negatives (FN) for a more comprehensive
assessment.

MCC =
(TP · TN)− (FP · FN)√

(TP + FP) · (TP + FN) · (TN + FP) · (TN + FN)

In addition to the metrics described above, we adopted another
rigorous approach to evaluate the performance of our model,
using the Stratified K-Fold Cross-Validation strategy. [29] This
method played a crucial role in the robustness of the evaluation
by dividing the dataset into K folds [46], [47] while keeping
class distribution in each fold similar to that of the original
dataset. More specifically, we chose K equal to 5, meaning
that the dataset was divided into five distinct folds. During
each iteration of the cross-validation process, the model was
trained on four folds and evaluated on the remaining fold.
This procedure was repeated five times, so that each fold was
used once as a validation set, ensuring that each sample was
included exactly once in the validation set. The use of stratified
cross-validation is particularly crucial within the context of our
binary classification task, where it is essential to ensure that
each fold retains the same proportion of positive and negative
classes as the original data set. This mitigates the risk of bias
resulting from imbalances in class distribution. By adopting
this approach, our model evaluation becomes more robust, as it
enables performance to be more reliably generalized over the full
dataset. This cross-validation method reinforces the credibility
of the results obtained and ensures a fair assessment of the
model’s ability to generalize new data, thereby strengthening
the validity and reliability of our conclusions.

IV. RESULTS

This section presents the key findings from a comprehensive
evaluation of our proposed binary classification model. The
evaluation compared our model’s performance to established
benchmarks, including BioBERT and LSTM models [52]. We
employed the MIMIC IV test set for the primary evaluation. Ad-
ditionally, to assess the model’s generalizability, we conducted
a secondary evaluation using the Yelp review polarity dataset,
comparing our model to state-of-the-art models trained on this
dataset. These results shed light on the robustness and overall
effectiveness of our approach in the context of lung cancer
detection.

A. Evaluation Performance on MIMIC IV Test Set

Table I shows the performance results of the models evaluated
on the test set of the MIMIC IV dataset, with a particular focus on
lung cancer detection. Our proposed model obtained outstanding
results, with precision, recall, and F1-score all equal to 98.0%,
thus demonstrating its effectiveness in classifying positive and
negative cases. The accuracy and AUC-ROC of our model also
attained a remarkable 98.1% and 100.0% respectively, confirm-
ing its ability to discriminate effectively between classes.

In comparison, the LSTM model performed strongly, albeit
slightly worse than our proposal, with an F1-score of 97%.
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TABLE I
PERFORMANCE ON MIMIC IV TEST SET

Fig. 4. This figure presents the learning curves of our experiment using three different models: our proposed CNN-BiLSTM Attention model (a),
the LSTM model (b), and the BioBERT model (c). Each subplot visualizes the error rates during the training phase, highlighting the distinct learning
trajectories of each model.

BioBERT, although performing well, also obtained similar re-
sults to our model in terms of precision F1-score and Recall,
underlining the competitiveness of our approach. In terms of
MCC, our model performs the two comparative models, with
96.2% of MCC. We assessed the effectiveness of our suggested
model in predicting class 1, which corresponds to persons with
cancer, by comparing it to the BioBERT and LSTM models. The
findings, as shown in Table I, provide valuable insights into the
resilience of our model. Upon studying the confusion matrix, it
became evident that our model achieved a significant number
of true positives (TP), indicating its proficiency in accurately
identifying instances of cancer. Fig. 4 shows the training curves
in terms of error of the models compared, notably our model,
the LSTM, and Biobert.

B. Evaluation Performance on MIMIC IV Using Stratified
Cross-Validation

To guarantee the robustness and generalizability of our pro-
posed CNN-BiLSTM attention model for lung cancer detection,
we employed stratified 5-fold cross-validation. This rigorous
evaluation methodology involves partitioning the MIMIC IV
dataset into five stratified folds, ensuring that the proportion
of positive and negative lung cancer cases remains consistent
within each fold. This approach effectively mitigates the risk
of overfitting, a common challenge in machine learning, by

preventing the model from memorizing specific patterns in the
training data that may not generalize well to unseen data.

Our proposed model consistently outperformed established
benchmarks, including Long Short-Term Memory (LSTM) and
BioBERT, across a comprehensive range of performance met-
rics. Notably, it achieved an outstanding average accuracy, recall,
and F1-score of 98.4%. This remarkable consistency across dif-
ferent data subsets within the MIMIC IV dataset underscores the
model’s ability to generalize effectively and accurately identify
lung cancer cases from medical notes.

The model’s performance is further corroborated by its im-
pressive area under the receiver operating characteristic curve
(AUC-ROC) of 99.8%. This metric indicates the model’s supe-
rior ability to distinguish between relevant medical text classes,
particularly positive and negative lung cancer cases. This success
can be attributed to the synergistic combination of Convolutional
Neural Networks (CNNs) and Bidirectional Long Short-Term
Memory Networks (BiLSTMs) within our model. Detailed re-
sults are presented in Table II.

C. Evaluation Performance on Yelp Review
Polarity Dataset

We conducted an additional evaluation using the Yelp Review
Polarity dataset. Here, our model again displayed outstand-
ing performance, achieving an average Precision, Recall, and
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TABLE II
AVERAGE PERFORMANCE ON MIMIC IV DATASET USING STRATIFIED K CROSS VALIDATION

TABLE III
PERFORMANCE ON YELP REVIEW POLARITY DATASET

F1-score of 95.1% each, alongside an Accuracy of 95.1% and
an Area Under the ROC Curve (AUC) of 99.0%. Notably, the
MCC reached 90.3%, highlighting the model’s strong ability
to distinguish between positive and negative sentiment classes
in a non-medical context. These findings strongly suggest that
the proposed CNN-BiLSTM attention model offers exceptional
promise for lung cancer detection in real-world scenarios. The
model’s generalizability, showcased through its performance on
a broader text classification task, further strengthens its potential
for wider application. Table III summarize the result of our
model on Yelp review polarity dataset.

V. DISCUSION

A. Generalizability

To further assess the generalizability of our proposed CNN-
BiLSTM attention model, we conducted an evaluation using the
Yelp Review Polarity dataset, a widely recognized benchmark
for text classification tasks. This dataset consists of customer
reviews labelled as positive or negative. The performance of our
model surpasses that of most robust transformer-based models
in this dataset. However, it is essential to acknowledge that a
few models achieve slightly better results [62]. A significant
advantage of our model lies in its efficient architecture, featuring
only 12.5 million trainable parameters compared to model like
KEN-BLOOM (531 million) [62]. This compact size plays a
crucial role in facilitating practical deployment scenarios and
enhances the model’s interpretability. The reduced number of
parameters [66] not only makes the model more feasible for

TABLE IV
COMPARISON WITH PREVIOUS RESEARCH ON YELP REVIEW POLARITY

DATASET (%)

real-world applications with limited computational resources
but also allows for greater transparency and understanding of
the model’s decision-making processes. This balance of high
performance and efficiency underscores the potential of our
model in diverse practical contexts. [66] The results achieved
by state-of-the-art models in comparison with our model are
listed in Table IV.

This observation highlights the model’s ability to achieve
excellent performance on diverse tasks while maintaining a
degree of parameter efficiency. This characteristic is crucial
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for real-world applications, where computational resources and
deployment considerations are often paramount.

The successful transferability of our model from the medical
domain (MIMIC IV) to the general text classification domain
(Yelp reviews) underscores its potential for broader applicabil-
ity. While certain models in Table III achieve slightly higher
accuracy on the Yelp review dataset, it’s important to consider
the trade-off between performance and model complexity. Our
model demonstrates strong generalizability with a smaller foot-
print, making it a compelling choice for various text classifica-
tion tasks where both accuracy and efficiency are desired.

B. Explainability

To gain deeper insights into the inner workings of our CNN-
BiLSTM attention model and enhance its interpretability, we
employed the SHAP (SHapley Additive exPlanations) values
approach [65]. SHAP values provide a unique way to explain the
predictions of complex machine learning models by attributing
the contribution of each input feature to the overall prediction.

In the context of our lung cancer detection model, SHAP
values allow us to understand how specific words or phrases in
medical notes influence the model’s decision to classify a patient
as having or not having lung cancer. By examining the SHAP
values for each input [67], we can identify the most important
features that contribute to the model’s predictions.

Our analysis of SHAP values revealed a fascinating pattern
of terms that consistently hold high positive SHAP values for
predicting lung cancer cases. These terms include:

“smoker,” “cancer,” “carcinoma,” “metastatic,” “nonsmall,”
“cell,” “recently,” “ca” These terms are not surprising, as they
are directly related to the diagnosis and characteristics of lung
cancer. Their presence in medical notes strongly suggests the
possibility of lung cancer, and our model effectively learns to
identify these patterns to make accurate predictions.

On the other hand, terms like “vomiting,” “day,” “mi,” “old,”
“lung,” “noted,” “etoh,” “mr,” “ascites,” “found,” “lobe” often
exhibit important SHAP values. While these terms may still
be relevant to a patient’s medical history, they are less directly
indicative of lung cancer and therefore contribute less to the
model’s predictions.

The interpretability provided by SHAP values not only en-
hances our understanding of the model’s decision-making pro-
cess but also offers valuable insights for improving its perfor-
mance. [68] By identifying the most important features, we can
focus our data collection and preprocessing efforts on ensuring
the availability of high-quality data for these critical elements.

Moreover, SHAP values can be used to identify potential
biases or blind spots in the model. For instance, if certain terms
consistently exhibit negative SHAP values, it may indicate that
the model is underweighting those features, potentially leading
to misclassifications. This Fig. 5 illustrates the SHAP value of
100 randomly selected instances.

In the realm of machine learning, understanding the factors
that drive a model’s predictions is crucial for building trust
and ensuring its reliability [69]. In the context of our lung
cancer detection model, deciphering the role of specific words

Fig. 5. This figure illustrates the SHAP value analysis for 100 randomly
selected instances, highlighting the importance of individual words in the
model’s predictions. Each word in the figure contributes to the model’s
decision-making process, with the color and position indicating its signif-
icance. Visually, it is evident that most words share similar importance
levels, although minor variations are noticeable. This uniformity in word
importance reinforces the model’s robustness and reliability, enhanc-
ing confidence in its ability to generalize and accurately predict new
examples.

and phrases in medical notes is essential for comprehending
its decision-making process and identifying potential areas for
improvement. While word clouds and SHAP values offer distinct
approaches to analyzing feature importance, their complemen-
tary strengths can be harnessed to gain a deeper understanding
of our model’s inner workings.

Word clouds provide a visually [70] intuitive representation
of feature importance, where larger words indicate a higher
perceived significance. In Fig. 6, we observe terms like “cancer”,
“lung” and “cell” dominating the word cloud, suggesting their
prominent role in the model’s predictions. Others words like
“smoker”,”lobe” and “nonsmall” have also a mean importance
in the word cloud visualization. This aligns with our medical
expertise, as these terms are directly associated with lung cancer
diagnosis and characteristics.

The combination of word clouds and SHAP values offers
a comprehensive approach to understanding feature impor-
tance. [71] Word clouds provide a qualitative overview of high-
level importance patterns, while SHAP values deliver quantita-
tive measures of feature contributions for individual predictions.

The proposed CNN-BiLSTM Attention model stands out
due to its unique architectural features [72] and the significant
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Fig. 6. This Figure presents a word cloud visualization to gain a
qualitative understanding of feature importance in our model’s predic-
tions. Words like ‘cancer,’ ‘lung,’ and ’cell’ appear prominent, indicating
their significance for identifying lung cancer cases. This aligns with the
findings from SHAP value analysis in Fig. 5, which provide a more
quantitative measure of feature importance. Both approaches reinforce
the model’s focus on medically relevant terms for accurate lung cancer
detection.

advantages it offers. The model effectively extracts features
through the combination of CNN and BiLSTM layers, capturing
both local and contextual features from clinical notes, which
allows it to identify fine-grained patterns and long-range depen-
dencies within the text. The attention mechanism dynamically
focuses on the most relevant parts of the input sequence, enabling
the model to assign higher weights to informative phrases and
sentences that are crucial for accurate classification. This at-
tention mechanism also adds a degree of interpretability to the
model, as the attention weights provide insights into the model’s
decision-making process, revealing which parts of the clinical
notes contribute most to the classification outcome.

Despite its sophisticated architecture, the model demonstrates
remarkable computational efficiency with a relatively low pa-
rameter count of 12.5 million, making it suitable for real-world
applications with resource constraints. The model’s competitive
performance on a sentiment analysis task using the Yelp Review
Polarity dataset [73] suggests its generalizability beyond the
biomedical domain, indicating its potential for adaptation to
other classification tasks. These distinctive features and ad-
vantages collectively contribute to the superior performance
and robustness of the proposed CNN-BiLSTM Attention model
for lung cancer detection from clinical notes, underscoring its
potential as a valuable tool in both biomedical and general NLP
applications.

We strictly adhered to ethical guidelines to ensure the pro-
tection of individuals’ privacy, safety, and well-being through-
out data collection, processing, and analysis. The MIMIC IV
database complies with ethical standards and anonymous per-
sonal information to protect patient privacy. Relevant clinical
notes on lung cancer diagnosis were carefully selected to mini-
mize exposure to sensitive data.

Integrating AI models into clinical workflows [60] presents
challenges, including seamless integration into existing health-
care systems and compliance with regulatory standards for pa-
tient privacy and data security. Collaboration between healthcare

institutions, AI developers, and regulatory bodies is essential to
address these concerns and facilitate adoption. Practical steps for
integration include conducting pilot studies, refining the model
based on clinician feedback, and establishing protocols for data
collection and interpretation. all those recommendations need
to be considered before any integration into clinical workflows.

Our hybrid model represents a significant step forward in
lung cancer detection, ongoing research and refinement are
necessary to address its limitations and maximize its potential
impact on clinical practice. By addressing these considerations
and embracing future research directions, we can continue to
advance the field of medical text classification and contribute to
the ongoing efforts in precision medicine.

VI. CONCLUSION

In the face of lung cancer’s devastating global impact, the
quest for accurate and efficient diagnostic tools is paramount.
Our research presents a novel CNN-BiLSTM attention model
for lung cancer detection, addressing this critical challenge.

The proposed model leverages the power of deep learning to
effectively extract meaningful patterns from medical notes in the
MIMIC IV dataset. Our comprehensive evaluation demonstrates
the model’s superior performance compared to state-of-the-
art approaches like BioBERT and LSTM. Notably, our model
achieves a competitive accuracy of 98.1% with a significantly
smaller number of trainable parameters (12.5 million) com-
pared to BioBERT’s 110 million parameters. This highlights
the model’s efficiency and parameter optimization capabilities.

To further assess the model’s generalizability, we conducted
an additional evaluation using the Yelp review polarity dataset,
a benchmark for text classification tasks. The model’s strong
performance on this diverse dataset underscores its potential for
broader applicability beyond the medical domain.

To enhance interpretability and gain deeper insights into
the model’s decision-making process, we employed the SHAP
(Shapley Additive exPlanations) values approach. SHAP values
reveal the contribution of each word in a medical note to the
model’s prediction, providing valuable insights into the factors
that influence the model’s classification.

Building upon this promising foundation, we envision sev-
eral avenues for future research for example to explore the
model’s capabilities in multi-class classification tasks within
the biomedical domain, addressing a broader range of diagnostic
challenges. Investigate the model’s potential in other biomedical
applications, such as pattern recognition and anomaly identifica-
tion. Integrate multimodal data sources, such as medical images
and patient records, to further enhance the model’s diagnostic
accuracy.

Our CNN-BiLSTM attention model stands as a promising
contribution to the fight against lung cancer. Its superior per-
formance, efficiency, and generalizability make it a compelling
tool for clinical decision support. As we continue to explore its
potential and expand its scope, we are confident that this model
can play a significant role in improving patient outcomes and
saving lives.
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TABLE V
DISEASES SELECTION DETAILS

APPENDIX

In the scope of our study, we conducted a meticulous selection
of textual data for classification, focusing on medical documents
related to lung cancer as well as other types of diseases. In
this appendix, we provide detailed information on the diseases
considered in both datasets. For lung cancer classification, we
identified several diagnostic codes from the International Classi-
fication of Diseases, Ninth Revision (ICD-9) [57] corresponding
to different locations and types of lung cancer. The selected
diseases include malignant neoplasms affecting various parts of
the respiratory tract, including the trachea, main bronchi, upper,
middle, and lower lobes of the bronchi or lungs, as well as other
parts of the bronchi and lungs. These diseases, represented by
their respective ICD-9 codes, were carefully included in our
analysis to ensure a comprehensive representation of lung cancer
cases in the datasets. Simultaneously, other diseases were also
considered to form a distinct class in our dataset. These diseases
encompass various types of malignant neoplasms affecting dif-
ferent parts of the body, such as the liver, colon, rectum, breast,
bones, and other anatomical sites. Each disease was associated
with its specific ICD-9 code, and the corresponding number of

documents in the MIMIC IV datasets was recorded. In total,
our dataset comprises a significant number of documents, with
a total of 38,297 documents covering a wide range of diseases
relevant to our study.
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