
7 JUNE 2025  |  VOL 8  |  1Journal of Emerging Investigators  •  www.emerginginvestigators.org

Article

to use complex algorithms with multiple layers, machine 
learning can detect images and create predictions (5). Image 
detection can be applied to analyze images from X-rays, 
magnetic resonance imaging (MRI) scans, and computer 
topography (CT) scans to create more accurate diagnoses 
for patients than radiologists (6). Machine learning-based 
technologies allow for earlier detection and prevention. In 
addition to using algorithms to detect disease, AI can also use 
algorithms to identify potential drug treatments for patients as 
well as develop new variants of drugs that can revolutionize 
the medical industry (7). Using patient data, AI can also 
predict diseases in patients that potentially result in better 
patient outcomes. For example, AI can be used to make 
personalized treatment plans based on past patient history 
and genetic makeup, allowing for more precise and effective 
treatments (8). Lastly, AI is more accessible than a doctor as 
online chatbots and virtual assistants create opportunities for 
those in remote areas to self-diagnose and have access to 
healthcare services. 
	 Deep learning employs algorithms inspired by the human 
brain with multi-layer neural networks being a prominent 
technique (9). Earlier approaches like Random Forests did 
not use these algorithms and, thus, were less effective for 
image detection due to their focus on tabular data, limited 
accuracy, and slow predictions (10). In contrast, deep learning 
includes advanced models like convolutional neural networks 
(CNNs) and autoencoders for image recognition. CNNs use 
convolutional layers, which contain filters to identify features 
like edges and shapes in images and create a map using this 
data. CNNs excel in image classification, object detection, 
and segmentation (11). Autoencoders, on the other hand, 
utilize an encoder-decoder architecture to reduce noise 
and capture essential features. Autoencoders, including 
convolutional autoencoders, learn from data by encoding it 
into a lower-dimensional form and then decoding it. Limitations 
of autoencoders include a potentially higher loss function due 
to their dual encoding-decoding process, making them more 
suitable for cases with limited computational resources (12). 
Finally, both CNNs and autoencoders contribute significantly 
to modern image recognition and generative modeling. Some 
examples of image recognition include classifying an image as 
a “cat” or “dog,” or being able to detect pedestrians and other 
cars in autonomous driving applications. Generative modeling 
entails removing noise from an image, such as restoring 
clarity to pixelated or corrupted photos, or compressing 
and decompressing images for efficient memory storage. 
CNNs, unlike traditional neural networks, use convolutional 
layers that apply filters, known as kernels, to the input image 
to extract features, such as edges and shapes, to classify 
objects in the input image. On the other hand, autoencoders 
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SUMMARY
Disease is a highly stressed topic in current society, 
especially the importance of early diagnosis and 
disease prevention with the help of new technology. 
Doctors can diagnose diseases like lung cancers, 
but the process can be more time-consuming, 
expensive, and inaccurate compared to relying on 
technology alone. Although previous applications 
of artificial intelligence exist in the clinical world, 
our goal was to find which deep learning model 
would be most accurate in predicting lung cancer. 
We hypothesized that autoencoders would perform 
better than other deep learning models such as 
convolutional neural networks (CNN) and pre-trained 
models based on the strength and reliability of the 
data created by the encoder for classification. We 
studied Kaggle dataset “Chest CT-Scan Images 
Dataset,” which contains images of both benign and 
malignant tumors, with malignant categories of lung 
squamous cell carcinoma, large cell carcinoma, and 
adenocarcinoma. We trained and tested each model 
with this dataset on the machine learning tool Google 
Colaboratory. Based on the results, the pre-trained 
CNN model had the accuracy at correctly detecting 
lung cancers, while the autoencoder had the lowest 
compared to the others. Overall, our results do not 
support our original hypothesis and instead show 
that pre-trained models may be more applicable in 
lung cancer diagnosis.

INTRODUCTION
	 Disease is an important part of human evolution and 
society as well as in the medical field. Medical professionals 
can use effective interventions in health, and possibly improve 
it, while also considering ethical responsibilities (1). Disease 
can be slowed and even reversed with the inventions of 
new medications and through health interventions. With the 
recent COVID-19 pandemic, disease has created a sense of 
uncertainty and anxiety in how people perceive life (2). With 
the development of technology, the past century has been 
filled with advances that ensure safety and good health for all 
members of society. Recently, with the invention of artificial 
intelligence (AI), medicine will continue to see massive 
development in disease detection, which will transform the 
future of medicine (3). 
	 In the past, AI has contributed to multiple advancements 
in medicine, such as medical imaging, drug development, 
predictive analytics, and precision medicine (4). By learning 
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are a type of neural network that works with an encoder and 
decoder, allowing the model to be trained to learn a lower-
dimensional space image and capture the most important 
features in the input image. CNNs can be used as the encoder 
process in an autoencoder, a model commonly known as a 
convolutional autoencoder (13).  CNN-based encoders, like 
the original CNN model, work well at detecting features and 
generative modelling, making it a useful tool for the encoding 
process of the autoencoder.
	 InceptionV3 is a pre-trained CNN designed by Google 
for image detection (14). A pre-trained CNN, unlike a regular 
CNN, is already trained on large datasets, allowing it to have 
already learned detection of relevant features in images. The 
original Inception architecture was designed to improve the 
efficiency of CNNs to lower the number of parameters. The 
model first functions with a convolutional layer by extracting 
features from the input using filters known as Inception 
modules with multiple branches. These modules are 
designed to capture features at differing levels of abstraction, 
and with multiple branches, allowing the model to create a 
single feature map. The features are concatenated, or linked 
together, to form this feature map. Similar to a non-pretrained 
CNN model, InceptionV3 also utilizes pooling layers, which 
reduces the dimensionality of the feature map and results 
in reduced parameters and overfitting prevention. The main 
feature that makes InceptionV3 different from CNN are its 
pre-trained weights, which are determined based on a wide 
range of images. Because of its range of knowledge and 
easier ability to adapt to newer data, this model performs 
well on smaller, specific datasets with minimal training data, 
making it a popular model for imaging (Figure 1) (15). 
	 Lastly, autoencoder can learn features at a higher level 
and learn through clustering. Autoencoders are made up of 
three main parts: an encoder, bottleneck, and decoder. The 
encoder takes the input image and uses a deep learning 
neural network with neurons to learn from the image and 
convert it into a lower-dimension representation. In this study, 
our autoencoder converted a 255 x 255-pixel image to both 
160 x 160-pixel images and 40 x 40-pixel images using the 
encoder. Once converted, the new lower-dimensional image 
is classified as latent space representation, or a learned 
space representation. This section is known as a bottleneck 
as a larger image is transforming to a smaller size. After 
the bottleneck portion, the process reverses and goes 
through the decoder; the lower-dimension representation 
reconstructs the original image using latent, or learned, 
factors, creating the reconstructed image as a final product. 
The encoding process allows the model to focus on significant 
and essential features only, making malignant scans easier to 
identify through abnormal patterns in feature detection. The 
autoencoder can be trained from end-to-end or layer-by-layer, 
which is where they are stacked together to create a deeper 
encoder (Figure 2) (16). A deeper encoder can act as a pre-
training step, allowing the learned features from encoding to 
enhance each CNN’s convolutional layer’s ability to detect 
objects in images.
	 Our goal was to determine if autoencoders can be used 
to make more accurate predictions of lung cancer from CT 
scans compared to other more common machine learning 
models and how successfully each model performs at 
detecting cancer v. no-cancer scans. We hypothesized that 
autoencoders would perform the best due to their higher 

ability to detect features compared to other deep learning 
models. We hypothesized that an autoencoder offers better 
prediction accuracy for diagnosing lung cancer through CT 
scans than CNNs because autoencoders can detect more 
abstract and varying features compared to a CNN, which can 
generally only detect low-level features such as edges and 
textures (17). To compare the performance of each model, we 
used the area under the curve value (AUC), which represents 
the performance between classes in the model. In other 
words, the AUC determines the model’s ability to correctly 
determine if a case is either a positive or negative case of 
cancer (Figure 3) (18). Our results disproved our hypothesis, 
with the CNN (AUC ~76%) and pre-trained CNN (InceptionV3, 
AUC ~87%) having a higher AUC than the autoencoder (AUC 
~74%). Based on previous research, many CNN models 
have an average AUC) of 95%, meaning there is still room 
for improvement in these models. Our study highlights the 
potential of utilizing autoencoders and CNNs for lung cancer 
detection from CT scans, emphasizing the need for further 
research to improve both model architectures and training 
processes. By advancing these technologies, this work can 
aid in enhancing early cancer detection and diagnosis, leading 
to better patient outcomes and more effective healthcare 
solutions.

Figure 1: Convolutional neural network (CNN) model 
architecture. The model consists of five layers, each falling into 
two sections: input, convolutional layers, which apply filters to the 
input data to extract features such as edges and textures, and 
pooling layers, which reduce the dimensions of the feature maps 
by summarizing the information and retaining the most important 
features. These layers fall under the feature extraction section, as 
well as the fully connected layer and the output, which fall under the 
classification section.

Figure 2: Autoencoder model architecture. The model consists 
of three sections: the encoder, bottleneck, and decoder. Together, 
these deconstruct the input image into a latent space representation, 
which is a compressed encoding of the input that captures its most 
essential features, and then with the decoder reconstructs the 
representation into a new output image.
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RESULTS 
	 To test our hypothesis of whether autoencoders will 
outperform other deep learning models when detecting lung 
cancer from CT scans, we tested four models and collected 
the following metrics metrics: AUC, accuracy, sensitivity, and 
specificity. AUC measures the model’s ability to distinguish 
between positive (cancerous) and negative (benign) cases, 
with higher values indicating better performance (Figure 
4). AUC is derived by plotting the receiver-operating 
characteristic (ROC) curve, which is drawn by calculating 
the true positive rate (malignant cases which are correctly 
identified by the model) and false positive rate (benign 
cases which are correctly identified) at every possible 
threshold. The ROC curve is a visual representation of model 
representation across all thresholds and is used to assess 
the overall diagnostic performance of a test or model (19). 
Accuracy calculates the proportion of correct predictions by 
comparing the model’s predicted values to the true values. 
To calculate accuracy, we found the proportion of the number 
of true positives and true negatives compared to the entire 
sample size. Sensitivity shows how well the model identifies 
positive cases, representing the proportion of true positives 
detected out of all actual positives. Specificity measures 
how well the model identifies negative cases, indicating 
the proportion of true negatives detected out of all actual 
negatives. These metrics provide a comprehensive view of 
the model’s effectiveness in detecting lung cancer from CT 
scans.
	 We began by testing the CNN, and when we found that 
the AUC was somewhat low to our expectation, we included 
regularization as well to test the model fairly. Regularization 
is a tool in machine learning used to prevent overfitting, which 
occurs when a model performs well on training data but not as 
well on new, unseen data. This entails adding a penalty during 
the training process, which discourages the model from fitting 
too closely to the training data and allowing the model to be 
more generalizable. We then tested the autoencoder, which 

used parts of our CNN code in its model, and then finally pre-
trained model InceptionV3.
	 Based on the results collected from computation, the 
InceptionV3 had the highest AUC (~87%), while Autoencoder 
+ Regularization had the lowest (~68%). The InceptionV3 
model clearly had the best performance in determining the 
difference between the positive and negative, or cancerous 
and benign, classes. However, CNN had the highest 
overall accuracy (~79%), while the autoencoder was the 
lowest (~76%), meaning it had a lower correct prediction 
rate than the other models. The sensitivity is lower for all 
models, showing that they had more trouble detecting true 
positives. On the other hand, the specificity of the models 
was distinctively higher, showing that they were more easily 
able to determine true negatives. Due to the sharp difference 
between the validation loss (measures the error on unseen 
validation data) and training loss (measures the error on the 
training data) in the autoencoder learning ability, which is a 
sign of overfitting (when the data is too close to the training 
data and therefore unable to generalize to larger sets of data), 
we tested the autoencoder with regularization, which did not 
provide the expected results of improved AUC or accuracy 
(Figure 5, Table 1). Based on the learning ability functions of 
the CNN and autoencoder, the CNN learns at a better rate as 
the learning ability of the training loss and the validation loss 
are much closer than that of the autoencoder, meaning the 
CNN model has more accuracy (Figure 6, Table 1).

DISCUSSION
	 We expected to find that autoencoders would work 
best at accurately predicting lung cancer due to the lower-
dimensional space extracted from the encoder being an 
efficient representation of the input as suggested in earlier 
applications (20). However, we found that the InceptionV3 
model has a more accurate prediction rate, which did 
not support our hypothesis. CNNs also outperformed 
autoencoders, except with regularization. Across the board, 

Figure 3: Example of a Receiver-Operating Characteristic 
(ROC) curve illustrating the Area Under the Curve (AUC) used 
to evaluate model performance. The AUC represents the model’s 
ability to distinguish between positive (cancerous) and negative 
(benign) cases. A higher AUC indicates a better-performing model, 
as it is more capable of correctly identifying true positives and true 
negatives across various thresholds.

Figure 4: Comparison of ROC curves for multiple AI models 
using AUC to assess classification performance. The CNN 
demonstrates superior learning ability, as indicated by a higher AUC 
and closer alignment between training and validation loss curves. In 
contrast, the autoencoder shows a lower AUC, suggesting reduced 
accuracy and greater overfitting. This figure supports the finding that 
the CNN is more effective at distinguishing between cancerous and 
benign cases.
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the pre-trained InceptionV3 model greatly outperformed 
the other models, even at detecting true positives and true 
negatives, making it a more accurate model overall. 
	 These results show that a pre-trained model, which is 
trained using a wide range of images, can result in a better 
prediction rate for detecting lung cancer. Although the AUC 
and accuracy can be improved to a higher level with more 
normalization and dropout layers to achieve an excellent 
AUC value, the current AUC ranges are still able to achieve 
an acceptable standing. Because the specificity rate, or true 
negatives detection rate, is higher in all models, they can 
determine benign cases at a higher accuracy rate. However, 
the sensitivity rate is significantly lower, which would need 
to be increased to have an impact on accurate diagnoses to 
determine true cases of malignancy, or true positives.  
	 Limitations in data collection, computational costs, and 
hardware are a disadvantage to the AI approach as the 
required GPU and memory to conduct these state-of-the-
art-level coding processes are not accessible, making it 
hard to collect accurate and useful data. Computing time is 
another important limitation, as each epoch—which refers 
to one complete pass through the entire training dataset—
takes nearly 4-5 minutes, meaning that with more layers, 
the computing time would increase drastically. Lastly, 
there is an issue of intractability: there may be no efficient 
enough algorithm, making it difficult to accurately collect 
results. Autoencoders generally work better when restricted 
in computational resources. However, because there are 
two processes instead of one like in a CNN, there is a 
higher loss function, which is the sum of the errors from 

training and validation, which is not beneficial to the model’s 
accuracy.  While there are significant limitations in AI for 
cancer detection and other medical applications, researchers 
are actively developing new methods and technologies to 
overcome these barriers. Advances in increasing the training 
dataset’s size and autoencoder algorithms which are more 
efficient are all contributing to the improvement of deep 
learning models.

MATERIALS AND METHODS 
	 The dataset used for data collection is the Kaggle “Chest 
CT-Scan Images Dataset” by Mohamed Hany (21). This 
dataset includes different classifications of lung cancer, 
including those of malignant cancers (adenocarcinoma, 
large cell carcinoma, and squamous cell carcinoma) as well 
as benign cancer scans. Within the dataset, there were 120 
adenocarcinoma, 51 large cell carcinoma, 90 squamous 
cell carcinoma, and 54 benign scans. To create the models, 
Pytorch, a machine learning library, and Google Colaboratory, 
a machine learning tool, were the main resources used. We 
used Pytorch version 2.0 to run our models.
	 The dataset was imported and pre-processed using 
a combination of pandas and other Python libraries. This 
process included flipping and rotating the images of the lung 
CT scans to ensure the model retains the most accurate 
images for image detection. The pre-processing process 
was followed with the training process, which included 
normalizations to uproot images that may negatively influence 
the training and testing process if they differ from accurate 
representations.  During the training process, each model 
went through multiple epochs, or complete passes of training 
through the model, to allow the model to learn from new data 
(22). We collected both training loss (loss from the training set 
after each epoch) and validation loss (loss from the validation 
set of the data, which tests the performance of the model 
after training) to determine the error produced by the model. 
A higher loss value means the model is providing false output, 
while a lower loss value means there are fewer errors in the 
model (23).
	 Metrics included in this data collection include AUC, 
accuracy, sensitivity, and specificity. AUC is a measure of 
performance across classification thresholds (19). It measures 

Table 1: Artificial intelligence (AI) metrics for each tested model. 
Includes the percentage of area under curve (AUC), accuracy, 
sensitivity (true positive cases), and specificity (true negative cases).  

Figure 5: Autoencoder learning ability. Comparison of training 
loss (blue) and validation loss (orange). Due to the weak correlation 
between the validation and training loss, the autoencoder 
demonstrates a weaker learning ability in comparison to a 
convolutional neural network model.

Figure 6: Convolutional neural network (CNN) learning ability. 
Comparison of training loss (blue) and validation loss (orange) for 
the CNNs model.
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the accuracy of the difference between positive (cancerous) 
and negative (benign) classes. AUC values between 90-100% 
are considered excellent, while those above but not including 
50% are considered acceptable. Anything below these AUC 
values is considered a failed model. Accuracy is a metric used 
to evaluate models based on the correct predictions. This 
metric uses the count of predictions to determine when the 
prediction value is equal to the true value. A test’s sensitivity 
shows how many positive cases are detected out of a pool of 
positive cases and specificity shows how often a test comes 
back negative when it is truly negative. In this dataset, the 
data contains a 70% train, 20% validation, and 10% test split. 

Github Code: https://github.com/siricher/LungCancerModel/
blob/master/README.md 
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