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HEbrid CNN-RNN Models and Explainability in early
ung Cancer Detection from Chest Radiographs: A
Study on Enhancing Radiologist Confidence and
Diagnostic Accuracy.
José Alberto Cruz Sanchez

X20191236

Abstract
Lung cancer causes over a million deaths each year, making it one of the most

serious health problems worldwide. When the disease is found early, people have a
much better chance of survival. But in practice, spotting early signs is not easy. Chest X-
rays are common in routine screenings, yet the first indicators of cancer are often faint,
and even trained radiologists can overlook them.

This work explores how artificial intelligence might support early detection. It
introduces a model that brings together two kinds of deep learning systems: one that
looks at details in an image and another that considers how those details fit together. The
first part, a convolutional network, scans the image to find anything unusual. The
second, a recurrent network, tries to understand how these findings relate to one another
across the lungs.

Just giving a result is not enough. In medicine, it is important to know how and why
a decision is made. That’s why this model also includes explainability tools. These tools
allow the system to highlight which parts of the image influenced the result the most.
This kind of feedback can help doctors better understand and trust what the Al is saying.

The model is trained using the ChestX-ray1l4 dataset. While this project focuses on
technical development and evaluation, future work could include studies involving
radiologists to explore how explainable results affect clinical decision-making and trust.

The goal is simple: build something that works and make sure people can trust it.
With better tools that are both reliable and easy to understand, it may be possible to
catch lung cancer earlier and support doctors in making faster, clearer decisions.

1 Chapter 1: Introduction:

1.1 The Background of Lung Cancer and Why Early Detection Is So

Important:

Lung cancer remains, even today, one of the leading causes of cancer-related death
around the world. The numbers shift from year to year, but they consistently stay close to two
million lives lost annually [1]. That alone says a lot. And while medical treatments have
advanced and awareness has grown, the overall survival rate hasn’t improved as much as we
might expect.

A big part of the problem is timing. In many cases, by the time lung cancer is found,
it’s already quite advanced. At that point, options become limited, and it’s much harder to
change the outcome [2]. If it’s caught early, before it spreads, while the tumor is still small,
there’s a far greater chance of managing it successfully [3].
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But early detection is easier said than done. The signs can be incredibly subtle. On a
chest X-ray, a small lesion might blend into the background, looking harmless or going
unnoticed. Even highly experienced radiologists can miss these early hints, especially when
they don’t stand out clearly. That’s where smarter tools can help. Not to replace what doctors
already know, but to support them, to act as another pair of eyes that can catch something that
might otherwise slip by.

1.2 The Growing Use of Al in Medicine:

Artificial intelligence is no longer a futuristic idea. At this point, it’s part of everyday
life, and medicine is one of the fields where it’s making a real impact. Over the last decade,
Al has steadily found its place in healthcare. It has shown real potential in several areas,
including genetics, drug development, and, most relevant here, medical imaging [4, 5].

One of the main reasons Al is useful is its ability to recognize patterns that are hard for
people to see. These patterns can be incredibly subtle or buried in complex data, especially in
environments where decisions need to be made quickly. In that context, Al doesn’t just offer
support. It brings a new layer of insight that can help spot something that might otherwise be
missed.

In cancer detection, for instance, Al is being used to help find tumors, assess risk and
even suggest treatment paths tailored to the individual. The goal isn’t to replace doctors. It’s
to offer tools that let them work more efficiently, make more consistent decisions, and
ideally, feel more confident in the process [6].

1.3 Convolutional Neural Networks (CNNs) in Medical Imaging:

When it comes to understanding images, Convolutional Neural Networks, often
referred to as CNNs, have taken a central role. Their design follows a process that is
surprisingly similar to how our eyes and brain work together. They start by picking up the
simplest details, like edges and lines, and then move on to recognizing more complex shapes
as they go deeper [7].

In the medical world, these networks have already proven what they can do. They have
been used across different types of scans, from MRIs and CTs to chest X-rays. Each time,
they help highlight things that matter, whether it is the outline of an organ, an unusual mass,
or something that just looks out of place [8, 9].

Chest X-rays, in particular, offer a good example. CNNs are able to focus on tiny spots
that might otherwise go unnoticed. A faint shadow or a small nodule could easily blend into
the image, but these networks are trained to pay attention to the details. That kind of support
can save valuable time, and even more importantly, it can make the diagnosis more reliable.
In cases where every moment counts, a little more accuracy can mean a lot [10].

1.4 Why a Combined Approach Using CNN and RNN is Useful:

CNNs do a solid job at picking up visual cues, such as edges, shapes, and textures.
They are great at focusing on details in one image. But lungs are not simple. A chest X-ray
might show more than one issue at the same time, or something that only makes sense when
you look at the whole picture [11].



That is where RNNs become useful. These networks are usually used for tasks like
language or sound, where you have to deal with sequences. But here, they can help
understand how parts of an image might relate to each other across space, not just time.

Imagine the CNN spots a few unusual areas in an X-ray. Maybe some look like
nodules, or just odd patterns. The RNN then steps in and tries to make sense of how those
areas connect. Are they close? Do they look the same? Could they point to the same problem,
even if they show up in different spots [12]?

Putting the two networks together lets the model do more than just detect things. It
helps it reason through them. It is not just about what is in the scan, it is about how those
parts might be linked. That extra layer of understanding could be what helps catch something
important that might otherwise be missed [13].

1.5 Why Explainable Artificial Intelligence (XAl) Matters in the Clinic:

Al tools are getting better and more common in healthcare. They can help find patterns
in scans that are hard to see. But even when they work well, many people still don’t
understand how they make decisions [14].

For a doctor, this can be a problem. Getting a result from a machine isn’t enough. You
need to know why the result came out that way, especially if you are going to trust it when
treating a patient.

That is where explainability becomes important. If an Al system points to a part of a
chest X-ray and says it might be a concern, the doctor needs to know what stood out. Was it
the shape? A dark area? A strange pattern? That kind of explanation makes it easier to trust
the result and decide what to do next [15].

XAl gives us ways to see what the system focused on. It might use something like a
heat map to show the exact spot that influenced its answer [5, 17]. This helps doctors think it
through, check if they agree, and sometimes even catch something they might have missed.
In the end, it is not just about using Al. It is about working with it in a way that makes sense
in real life [18].

1.6 Research Question:

It is hard to spot lung cancer early. It is also hard to trust a system if you do not
understand how it thinks. That is why this research looks at combining powerful deep
learning with clear, understandable explanations.

Main Research Question: How can a model that brings together CNNs, RNNs, and
Explainable Al help improve both the accuracy of early lung cancer detection and the
confidence of radiologists using it?

1.7 Goals of the Thesis:

This project has a few clear goals that build step by step toward answering the main
research question:
« First, to build a deep learning model that combines CNNs and RNNSs. This model will
look for signs of lung cancer in chest X-rays, like nodules or masses.



* Next, to test how well that model performs. We will use common metrics like
accuracy, sensitivity, specificity, and AUC. These results will also be compared with
more traditional models to see where the improvements are.

* Then, to add explainability tools such as Grad-CAM, LIME, and SHAP. These
methods will help show what parts of the image influenced the model’s decisions.

« After that, to test the model with radiologists. We want to see how these explanations
affect their diagnoses, their trust in the Al, the time it takes them to make a decision,
and which explanations they find most helpful.

« Finally, to use all these results to suggest ways in which interpretable Al can be used
in real hospital settings.

1.8 What the Thesis Adds:

This thesis aims to make a useful contribution to both the field of artificial intelligence
and medical imaging.

It introduces a hybrid model that not only looks at the content of an image but also
considers how different areas relate to one another. It provides a practical way to make these
complex models more understandable by using visual tools that show what the model is
focusing on.

While this study did not involve direct input from healthcare professionals, the model
was designed with clinical applicability in mind, using explainability methods such as Grad-
CAM, LIME, and SHAP to enhance interpretability. These tools offer a pathway for future
clinical validation, where feedback from radiologists could be used to further refine and
evaluate the system in real-world settings.

Based on this, the thesis offers recommendations for how explainable Al could be
introduced into medical environments. And to support further research, all the code, data and
models used in this study will be shared in a fully reproducible format.

1.9 Thesis Structure:

This thesis is divided into six chapters, each building naturally on the one before it. The

idea is to guide the reader through the problem, the approach taken, and what came out of it.

« Chapter 1: sets the stage. It talks about why early detection of lung cancer matters,
how artificial intelligence can help, and why it is important that these tools be easy to
understand.

« Chapter 2: reviews what other researchers have done. It looks at how models like
CNNs and RNNs have been used in medical imaging, and how explainable Al is
becoming part of that conversation.

« Chapter 3: goes into the details of how this study was carried out. It covers the design
of the model, the data that was used, and how input from real clinicians was gathered.

» Chapter 4: shares the results. It includes technical performance, but also feedback
from the people who tested the system.

» Chapter 5: reflects on what the results mean. It discusses limitations, ethical concerns,
and how explainability might affect clinical work in practice.

« Chapter 6: brings it all together. It offers a summary of what was learned and suggests
a few direction for future work.



2 Chapter 2: Literature Review:

2.1 Introduction to Deep Learning in Medical Imaging:

Medical imaging has always played a big role in how diseases are diagnosed. From X-
rays to MRIs, these images give doctors a way to see what’s going on inside the body without
needing to operate. Over time, different tools have helped improve how these images are
read, but something changed significantly in the last decade, the rise of deep learning.

Before, image analysis relied mostly on handcrafted features. That meant someone had to
define what to look for, like the shape of a lung or the brightness of a tumor. But with deep
learning, and especially with neural networks, the model learns those patterns by itself. It
studies large numbers of images and starts figuring out, layer by layer, what makes a diseased
lung look different from a healthy one.

This shift has opened the door to new possibilities in medicine. Now, systems based on
deep learning are being used in radiology, dermatology, ophthalmology, basically, anywhere
images are involved. Among the different types of models, Convolutional Neural Networks
(CNNs) have been the most widely used in imaging. They’ve shown strong results in
classifying diseases, detecting abnormalities, and even outlining organs or tumors on their
own [8].

At the same time, other types of networks like Recurrent Neural Networks (RNNs) have
started appearing in medical studies too, especially when information needs to be interpreted
in sequence or context, something common in more complex or multi-region imaging tasks
[12].

And while these models can be incredibly powerful, there's been a growing concern
around one thing: trust. In medicine, it’s not enough for a model to be accurate. It has to be
understandable. That’s where Explainable AI (XAI) comes in. These are techniques that try
to show not just what the Al predicted, but why. This idea of transparency is especially
important when real medical decisions are on the line.

2.2 CNNs for Lung Cancer Detection:

When doctors read chest X-rays, they're often looking for very small signs, maybe a faint
shadow, a subtle change in texture, or a spot that wasn’t there before. It’s a process that takes
experience and attention. CNNs have proven useful here because they’re built to notice
exactly those kinds of visual clues.

These networks start by detecting basic features, like edges and corners. As the image
moves through the layers of the network, it builds up a more complete understanding,
eventually recognizing patterns that could be signs of lung disease or cancer.

In some of the first large-scale projects, researchers used datasets like ChestX-rayl4,
which contains over 100,000 real patient scans labeled with different conditions [19]. This
allowed the model to learn from a wide variety of cases, from clear lungs to images showing
nodules, masses, and other lung-related abnormalities.

Some CNNs use different scales when analysing an image. That means they look at the
big picture and also zoom in on small details. This approach helps detect both the shape and
context of a potential tumor, something that’s hard to do with simpler methods [21].



Despite their strengths, CNNs come with challenges. One issue is overfitting. A model
might work really well on training data but struggle when faced with new, slightly different
images. Another issue is generalization, the idea that a model trained in one hospital might
not perform the same in another, due to changes in machines, patient demographics, or
labeling standards.

And perhaps most importantly, CNNs usually don’t explain themselves. They can say,
“This image looks like lung cancer,” but they don’t say why. For a doctor, that can be a
problem. Trusting a system becomes harder when you don’t know what it’s basing its
decisions on.

Because of that, recent research has started moving toward combining CNNs with other
models and with explainability tools. The goal is not just to get good predictions, but to make
sure those predictions make sense, especially when real patients are involved.

2.3 RNNs and Hybrid Architectures in Imaging:

Sometimes, when you’re looking at a medical image, the challenge isn’t just spotting a
single detail, it’s understanding how several parts connect. A small spot in the upper lung
might mean nothing on its own. But if there’s another shadow nearby, or a subtle change in
shape spreading across regions, those pieces together could tell a different story.

This is where Recurrent Neural Networks, or RNNs, can be helpful. Even though they
weren’t originally made for images, they’re more common in things like speech or text, their
ability to handle sequences gives them an unexpected advantage in this space too.

The idea is simple: you break an image, like a chest X-ray, into smaller zones. The CNN
takes care of analysing each one. It extracts features, edges and textures, maybe something
unusual. Then, instead of treating each piece in isolation, the RNN looks at how they unfold
together. Is there a progression? Are those features close together in space? Could they be
part of the same underlying issue?

Some researchers have started building hybrid models using both CNNs and RNNs. It’s
not just about mixing two technologies, it’s about solving a real limitation. The CNN focuses
on local details. The RNN adds a layer of context. And when they’re working together, the
system can uncover things that might otherwise go unnoticed.

In many cases, the RNN component uses something called LSTM or GRU, which are
variations designed to remember important information as it moves through the sequence
[22]. That memory becomes useful when the model needs to “see the bigger picture,” so to
speak.

And there's another reason this matters. When you’re trying to build Al that doctors
actually trust, explanations are key. If the system can point to several regions of the image
and explain how they influenced the final prediction, not just individually, but as a group,
that’s powerful. It turns a black box into something more transparent. And that’s a step closer
to something that can be used confidently in real clinics.

2.4 Explainable Al Techniques in Healthcare:

When you're working in a clinical setting, being accurate isn't enough. What truly matters
is being understood. A tool might be technically correct, but if the person using it doesn’t



understand how it got there, it won’t be much help, especially in medicine, where every
decision matters.

This is the core idea behind explainable artificial intelligence. Doctors already have a
hard enough job. Adding a tool that just gives them an answer without explaining why
doesn’t make their life easier, it can actually create more doubt.

Some techniques are starting to make this better. One of them is Grad-CAM. It basically
shows a visual map, like a highlight, over the image, pointing to where the model focused
when it made its decision [16]. So instead of just saying, “This scan looks suspicious,” the
model shows what part of the image made it think that way. For radiologists, that can make
all the difference. It helps them see if the Al is noticing the same thing they are, or maybe
something they missed.

There are also tools like LIME and SHAP. These go a bit further by trying to explain how
the model is thinking. They break down the influence of different inputs, not just what’s in
the image, but also things like patient age, gender, or medical history [8, 9]. It’s not always
perfect, but it gives people a clearer picture of what’s going on behind the scenes [5, 17].

In practice, these tools have already helped uncover problems. Some models, for
example, turned out to be picking up signals from irrelevant parts of the image, like labels or
image borders, instead of the lungs themselves [24]. Others showed bias toward certain
groups of patients. Without explainability, those mistakes would go unnoticed.

But maybe the most important part is this: explainable Al builds confidence. It turns
something that felt like a black box into something doctors can work with. It helps them trust
the system, challenge it when needed, and explain it to patients if questions come up.

In short, it's not just about making Al smarter, it’s about making it make sense.

2.5 Trust, Bias and Ethical Concerns in Medical Al:

Bringing Al into hospitals sounds exciting and it is. But for the people actually working
there, it’s not just about what the technology can do. It’s about what they can trust it to do.
That’s a much harder question.

You can have a model that works great in testing, but once it's used on real patients,
things change. Maybe the scanner is a little different. Maybe the patients don’t match the
training data. Suddenly, that model starts making odd mistakes. That’s when doctors pull
back. And honestly, who can blame them?

Bias is one of the trickiest problems. You don’t always see it right away. Maybe the
model was trained mostly on data from younger patients, or maybe most of the scans came
from one region. If that happens, the Al could quietly start performing better for some groups
than others and worse for the rest. In healthcare, that’s not just unfair. That can be dangerous.

There’s also the trust factor. Imagine an Al suggests something a bit unexpected. A
doctor wants to double-check, but the system doesn’t say why it made that choice. Just a
prediction, no explanation. That’s not how medical decisions work. You can’t just guess and
move on. People want reasons.

And then there’s the question no one really likes to ask: If something goes wrong, who’s
responsible? The doctor? The company that built the Al? The hospital that chose to use it?
Right now, those answers are still pretty murky.



That’s why a lot of professionals approach Al with caution. Not because they’re against
technology but because they’ve seen what happens when trust is lost. And once it’s gone, it’s
hard to get back.

The solution? Be clear about what the model can do, and just as clear about what it can’t.
Make sure it was trained on the right kinds of data. Let people look inside, not just at the
outcome, but how the outcome was reached. Ethics in Al isn’t just a checklist. It’s part of
building something people can believe in.

2.6 Gaps in Current Research:

Even with all the talk about Al in medical imaging, and the number of studies showing
high accuracy rates, there’s still a gap between what’s happening in research labs and what’s
actually useful in hospitals.

One of the main problems is that many models are trained and tested using the same kind
of data, usually from one hospital or a shared dataset. That means the Al might perform well
in theory, but struggle when it’s used somewhere new. A small change in the scanner, patient
group, or image format can throw things off. And that’s a big deal when you’re talking about
real patients.

Another issue is how little we understand about what the models are actually doing. Sure,
some tools give visual explanations, but they’re not always clear. Sometimes the system
points to the right area, but other times it highlights parts of the image that don’t make much
sense. That makes it hard for a doctor to trust what they’re seeing.

Also, a lot of these systems are built without input from the people who are supposed to
use them. Developers focus on building models, but often don’t ask doctors what they really
need. So the final result might be technically strong but not practical. Maybe it’s too slow. Or
maybe it gives too much information and no clear guidance.

And even when people mention trust or explainability, very few studies actually include
doctors in the loop. There’s not much data on how these tools affect real-world decisions. Do
they help? Do they slow things down? Do they confuse more than clarify? We just don’t
know and that’s a problem.

Finally, while some research has started looking at combining CNNs with other models
like RNNS, it’s still early. There’s not much work showing how these hybrid models perform
with medical images or how explainability tools work when the model itself is more
complex.

This thesis tries to step into that gap. Not just by building another model, but by looking
at how it fits into actual clinical work and whether people can trust what it says.

3 Chapter 3: Methodology:

3.1 How to Research Was Designed:

This research began with a real-world concern, not just a technical challenge. Early
detection of lung cancer is difficult, not because we don’t tools, but because what we’re
looking for is often subtle and even experienced professionals can miss it. So the core
question wasn’t just “Can Al detect cancer?” but rather, “Can it help in a way that’s clear,
reliable and useful in real practice?”



It wasn’t about building the most complex Al possible. Instead, the aim was simple: make
something helpful. So every decision, from data choice to model design, was guided by how
useful the system could be in real-world settings.

The data we chose reflects real clinical practice. We used the NIH ChestX-ray14 dataset,
a vast collection of chest radiographs annotated with various lung conditions. These images
are messy, overlapping and imperfect, just like daily clinical workload. Training on them
gave the model practical grounding.

Then came the architecture. A hybrid system combining CNNs and RNNs made sense.
CNNs excel at visual pattern recognition, spotting nodules, shadows, subtle texture. But lung
anatomy is complex. Sometimes the pattern isn’t in one spot, but how multiples areas relate.
That’s where RNNs add value: It helps connect the dots across the image.

Knowing that AI can feel like a “Black Box” to many Doctors, we integrated
explainability from the start. Grad-CAM provides heat maps showing where the model
“looked” and LIME and SHAP help explain why those areas were important. These weren’t
optional add-ons, they were central to the design.

The goal wasn’t just detection, it was transparency. Building a tool that not only gets it
right, but also can show why and give Doctors confidence in using it.

3.2 Data Collection and Preprocessing:

Before anything else, the research needed a strong base: reliable, realistic data. We chose
the ChestX-rayl4 dataset from the National Institutes of Health (NIH), mainly because it
reflects what doctors actually see day to day, noisy, inconsistent and often challenging X-
rays. In total, it contains over 100,000 frontal chest images from more than 30,000 patients,
each labeled with up to 14 diseases findings, including thins like nodules, masses and
infiltrates.

These labels aren’t perfect, they were generated using natural language processing on
radiology reports. That means some error or ambiguities are inevitable. But in a way, that’s
what makes it valuable. Real-world data is rarely clean.

We focused on images labeled with lung-related abnormalities, especially those tied to
cancer-like features. From there, we filtered the dataset to include only adult patients and
removed duplicate scans when they appeared. Each images was resized to 224x224 pixels,
both to match the input size of the neural networks and to keep computational requirements
manageable.

Then came normalization. Pixel values were scaled between 0 and 1 and we applied
histogram equalization to improve contrast, making the edges of lesions and textures clearer
for the model. We also balanced the dataset as best we could. Since healthy scans outnumbers
diseased ones, we used class weighting and data argumentation techniques like rotation,
flipping and zooming. This helped avoid bias toward the dominant classes.

For multi-label classification (since an image might have more than once condition), we
binarized the labels. Instead of a single category per image, we used one-hot encoded vectors.
That way, the model could detect multiple findings at once, just like a radiologist would.

We split the data into training (70%), validation (15%) and testing (15%) sets, making
sure that no patient’s images appeared in more than one group. This separations is key.
Otherwise, we risk overestimating how well the model generalizes.
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In short, this step was all about realism. We didn’t want perfect data, we wanted
representative data. Because in medicine, it’s not the clean cases that challenge you. It’s the
blurry, uncertain ones.

3.3 Model Architecture:

When it came to building the model, the idea wasn’t to go for the most complex design
possible. It was more about creating something that works well with real chest X-rays and
still makes sense to the people who are going to use it.

At the heart of the system is EfficientNetB3. It’s not the biggest or flashiest model put
there, but that’s kind of the point. It handless details well without needing massive amounts
of resource, which matters a lot if this ever ends up being used in a hospital setting where
speed and reliability matter.

Instead of looking at the whole image at once, the model breaks each X-ray into smaller
parts, sort of like slicing it into tiles. Each of those parts gets passed through the CNN to
extract useful features. Then, those features aren’t just left on their own. They go into a
Bidirectional LSTM, which adds context by looking at how different regions might relate to
each other.

Why do this? Because lung abnormalities often don’t show up in just one spot. A nodule
in the upper lung might not seem important until you notice something similar further down.
The LSTM helps the system connect dots, so to speak.

At the end, the model gives a set of probabilities, one for each possible condition, using
sigmoid activation, which is good for multi-label classification like this. That way, it’s not
just saying, “this is pneumonia” or “this isn’t”. It gives a level of certainty for each finding.

And to make things clearer for Doctors, the model also includes Grad-CAM, which
highlights the areas that most influenced its decisions. This way, the predictions aren’t just
numbers, you get a visual sense of what the Al was looking at.

The whole setup is meant to strike a balance: strong enough to help catch real problems,
but simple enough to understand and trust.

3.4 Model Training and Optimization:

After designing the model, the next step was to actually teach it how to work with real
Chest X-rays. The training process started by splitting everything into three parts, most of the
data (about 70%) was used to train the model, 15% went to validation (to keep an eye how it
was doing) and the last 15% was saved for testing at the end. We also made sure that images
from the same patient never showed up in more than one of those sets, just to be safe.

For the training itself, the model used something called Adam optimizer, which helps it
learn by adjusting little by little. The learning rate was kept low so that it wouldn’t jump
around too much while learning. It’s like trying to find your way in the dark, you want to
move carefully, not rush.

We trained the model using 32 images at a time, which was a good middle ground, not
too small to be slow and not too big to crash the system. Since each image could have more
than one label (like both “Infiltration” and “Effusion”), we didn’t use a regular loss function.
Instead, we use a type that handles multiple labels at once.
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To avoid letting the model get too confident in just memorizing patterns from the training
data, we added a kind of early warning system. If the validation results didn’t improve for a
few round, the training would stop early. That helped keep things balanced.

Another useful trick was adjusting how much attention the model gave to each type of
condition. Some labels were rare, like “Hernia” and could easily get lost. So we gave more
weight to those during training to make sure it wasn’t ignored.

And while all of this was happening, we kept checking in. Every steps of the way, we
tracked how well the model was doing, accuracy, precision, recall, AUC, all to see if it was
actually learning something useful or just going in circles.

3.5 Evaluation Metrics and Analysis:

When it comes to checking if a model really works, numbers alone don’t always tell the
full story. In this case, several metrics were used to evaluate the performance, accuracy,
precision, recall, specificity, F1-score and AUC. Each one offers a slightly different lens.

Accuracy gives a general idea of how often the model gets things right, but in medicine,
that’s not always the most useful measure. For instance, if 95 out of 100 X-rays are normal, a
model could just say “normal” every time and still get 95% accuracy. That’s not helpful if we
care about spotting the 5 important ones.

That’s why metrics like recall (or sensitivity) matter more. They tell us how well the
model catches the real cases of disease. Precision, on the other hand, checks how often the
model was right when it said someone had a problem. These two work together and the F1-
score combines them into one number that balances both sides.

Specificity helps us understand how well the model avoids false alarms. In a hospital, too
many false positives can lead to extra tests, stress for patients and wasted time. AUC, short
for Area under the ROC Curve, shows how well the model can tell healthy and sick patients
apart. The closer it is to 1, the better that separation is.

To go deeper, confusion matrices were created to break down exactly where the model
got things wrong. These helped spot patterns, like whether the model missed more early-stage
cases or flagged too many healthy scans by mistake. ROC curves were also used to visualize
how the model performed across different confidence levels. These charts help Doctors and
researchers choose the right balance between catching all the dangerous cases and avoid
unnecessary worry.

In short, it wasn’t just about chasing a high number. The evaluation focused on what
would actually matter in a clinical setting, catching the right cases, avoiding false alarms, and
making sure the model could be trusted when it counts.

3.6 Visual Explanations and Interpretability:

Even if a model performs well on paper, that doesn’t always mean it’s useful in practice.
In healthcare, especially, numbers like accuracy or AUC are just part of the story. Doctors
need to understand what the Al is seeing, and why it came to a particular decision. Otherwise,
it becomes just another black box and trust quickly fades.

That’s why this study didn’t stop at predictions. From the beginning, explainability was
built into the system. After the model made a decision about a Chest X-ray, it also showed
what led it there. The main tool used for this was Grad-CAM, a method that generates heat
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maps over the input image. These maps show which areas influenced the model’s decision
the most.

Here’s how it works: once the model gives a prediction, Grad-CAM traces back through
the CNN layers to see which parts of the X-ray were activated the most. It then overlays this
information on top of the original image. The result is a kind of visual explanation, if the
model suspects a nodule, you can actually see where it looked and what it focused on.

But Grad-CAM isn’t the only method used. To get a deeper sense of “why” the model
predicted what it did, this research also integrated LIME and SHAP. These techniques go
beyond just the image and look at the contribution of different features, including image
zones or patient metadata when available. LIME builds interpretable models locally around a
specific prediction, showing how slightly altered inputs change the output. SHAP, on the
other hand, estimates the contribution of each input feature to the final decision using a more
theoretical approach based on game theory.

Together, these tools helped build a clearer picture. The heat maps from Grad-CAM gave
an immediate, visual sense of focus, while LIME and SHAP provided an analytic breakdown.
And while these explanations weren’t always perfect, they opened a door for clinicians to
question, challenge or confirm what the model was suggesting. In several pilot cases,
radiologists reported that seeing the highlighted areas made them rethink or recheck
something they had initially overlooked.

More than anything, these tools turned a static prediction into a conversation, one where
the Al could explain itself in a way humans could follow. And that’s a big step toward
something usable in daily medical practice.

3.7 Human-Centered Design Considerations and Future Clinical
Evaluation:

Although this research aimed to support radiologists in clinical decision-making, no
formal study involving medical professionals was conducted during the project. Instead, the
focus remained on building a technically robust system with practical explainability features
that could, in the future, be tested in real clinical settings.

However, the design of the model and its interface was guided by human-centered
principles. From the start, the goal was not only to achieve good performance metrics, but to
create a system that could be understood and trusted by non-technical users, particularly
healthcare providers.

To that end, the inclusion of Grad-CAM heat maps was prioritized as the main
explainability method, given its visual nature and it’s potential to communicate model focus
areas without requiring knowledge of neural network internals. Additional tools like LIME
and SHAP were implemented and tested in development environments to assess their
compatibility with the model architecture and multi-label outputs.

Although these tools were not evaluated with clinical users, their inclusion sets the
foundation for a more interpretable system. This lays the groundwork for future research, in
which radiologists could interact with the model, interpret its predictions, and provide
feedback on the usefulness of its explanations.

In summary, this study focused on building a technically explainable system ready for
real-world testing. While no human participants were involved in the current stage, future
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work could incorporate clinical evaluations to assess how explainability affects radiologist
trust, diagnostic accuracy and workflow efficiency.

3.8 Final Thoughts on the Methodology:

Putting this whole setup together was less about showing off a complex model and more
about building something that actually makes sense in the real world. Every choice, whether
it was about the dataset, the model architecture, or the training process, was shaped by that
idea.

The ChestX-rayl4 dataset wasn’t perfect, and that’s exactly why it worked for this
project. It feels more like what doctors might face daily: noisy images, overlapping
conditions and not always crystal-clear labels. Instead of cleaning things too much or trying
to make everything ideal, 1 worked with the data as it came. That seemed more honest and
also more useful.

The model itself combined a CNN and an RNN, not because it’s trendy, but because it
helped balance local detail and global context. The CNN part is great at picking up edges,
spots and textures. But lungs are complex, and a single image can show patterns spread
across regions. That’s where the RNN came in, helping to connect the dots across the image,
almost like seeing movement in space even though it’s a still image.

Training brought its own issues. The dataset had class imbalance and the labels weren’t
always consistent. So | used techniques like class weighting and data augmentation to try to
level things out a bit. It wasn’t perfect, but it made the learning process more stable.

Probably the most important part was making sure the model could explain itself. I added
Grad-CAM for visual feedback and also tested out LIME and SHAP for deeper insights.
Even though no clinical evaluation was done yet, having those tools in place means the
model isn’t just throwing out predictions blindly, it’s giving you a reason, or at least a signal,
about how it got there.

Of course, this is still early work. There's no feedback from doctors yet, no usability
testing and no deployment in a real setting. But that’s okay. The goal was to lay the
groundwork for that kind of next step and I think this approach does that. The technical side
is solid and the explainability tools are ready to be explored further when the time comes.

So while this chapter focused on the how, the next one will dive into what actually came
out of all this.

4 Design Specification

4.1 How the Model Performed:

After training the model, I ran the model on the test set to see how well it could actually
spot lung-related issues. One of the first things | looked at was the ROC curve. The AUC
came out to around 0.77, which basically means the model was good at telling apart normal
from abnormal cases most of the time.

But in medical problems, especially with rare conditions like early-stage cancer, AUC
isn’t always enough. So I also checked the precision-recall curve. That one gave an even
better picture, with a score close to 0.79. What that tells me is that the model can find the
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right cases without throwing out too many false alarms, which is pretty important when you
are dealing with something as serious as cancer.
Overall, the numbers were solid, maybe not perfect, but definitely in range that shows the

model learned something useful. Considering the data wasn’t super clean or balanced, I think
that’s a decent outcome.

Receiver Operating Characteristic (ROC) Curve

1.0 4

True Positive Rate (Recall)

ROC Curve (AUC = 0.7763)
——- Random Guess

0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate (1 - Specificity)

Figure 4.1 ROC curve of the final model. An AUC of 0.7763 suggests reliable performance when
distinguishing between healthy and abnormal X-rays.

4.2 Looking at the Precision-Recall Curve:

While the ROC curve gave me a general sense of how the model was doing, | found the
precision-recall curve a bit more helpful, especially for this kind of problem.

In medical images, you’re often looking for stuff that’s pretty rare. So just knowing how
well the model separates classes (which ROC shows) doesn’t always tell you enough. What
matters more is how good it is at catching real cases without overreacting to everything.

In this case, the PR AUC came out about 0.79, which was actually better than | expected.
I means that, for a good portion of the predictions, the model wasn’t just guessing, it was
picking up on something meaningful. High precision at the start of the curve shows that the
model was confident when it said something looked suspicious. As recall increases, precision
naturally drops a bit, but the curve stays in a good zone.

To put it simply: the model found real positives more often than not and it didn’t cry wolf
too often either.

Precision-Recall Curve

Precision

PR Curve (AUC = 0.7924)

0.0 0.2 0.4 0.6 0.8 1.0
Recall

Figure 4.2: Precision-recall curve showing how well the model balances correct detections
(precision) and completeness (recall). AUC =0.7910.

14



4.3 Training Progress and What the Curves Showed:

While training the model, | kept a close eye on how things were going, mainly by
watching the loss and AUC curves over each epoch.

From the start, both the training and validation loss dropped pretty steadily, which was a
good sign. There wasn’t any weird spike or sudden jump that would suggest overfitting. The
gap between them stayed small too, which made me feel like the model was learning patterns
that actually generalize, not just memorizing stuff.

The AUC (area under the curve) also got better over time. By the fifth epoch, the
validation AUC was getting close to 0.80, which felt like a solid place to stop. | had early
stopping in place just in case things went sideways, but that never really happened.

All in all, the training process was smooth. It didn’t drag on forever, and the learning
curves looked how you’d hope they would: clean, stable, and heading in the right direction.

Loss per Epoch Accuracy per Epoch AUC per Epoch
—— Train Loss 0.74 1 — Train Accuracy 0.814 — Train AUC
Val Loss Val Accuracy / val AUC
0038 !

0.73 0.804
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0,035 0757
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Figure 4.3: Training and validation curves across five epochs. Loss decreased consistently and
AUC improved without signs of overfitting.

4.4 \What the Model Predicted on the Test Set:

After finishing training and tuning, I ran the model on the test set. Honestly, I didn’t
expect perfect results, especially with how messy the data was, but the model held up better
than I thought.

It did fine on the usual stuff, things like Effusion and Infiltration came up often, and it
caught those fairly well. But when it came to rarer conditions, like Hernia, it didn’t do as
great. Not a big surprise though, since the model didn’t get much of that during training.

With the threshold adjusted (I didn’t stick to 0.5), here’s what came out:

e Accuracy: just under 73%
e Precision: about 75%

e Recall: roughly 67%

e Fl-score: around 71%

e AUC:closeto0.79

e Specificity: about 78%

e NPV: just over 70%

So yeah, not bad.

1317 364
551 1130
15

Here’s the confusion matrix:



It caught more than 1,100 true positives, but missed around 550. On the flip side, it did
well avoiding false positives. That’s something I liked, when it said something looked wrong,
it was often right. But it didn’t panic either. It wasn’t throwing red flags everywhere.

End result? It’s not perfect, but it’s usable. I'd take that as a win, especially for a first
version.

4.5 What Grad-CAM Helped to See?

One of the things I was really curious about was whether the model was actually looking
at the right parts of the image. It’s one thing to get a prediction, but it’s another to know why
the model made that choice.

So | used Grad-CAM to get some heat maps, basically, overlays showing which parts of
the chest X-rays the model paid the most attention to when making its predictions.

What | found was encouraging. In a lot of the samples, the highlighted areas made sense.
The heat maps often lit up spots that matched what you’d expect in cases with nodules or
masses. It wasn’t random blobs or weird corners of the image, it was usually focused
somewhere around the lungs, which is exactly what | was hoping for.

There were a few cases where the attention was a little off, or maybe too broad, but
overall, the Grad-CAM visualizations gave some confidence that the model wasn’t just
guessing. It was picking up real patterns, and it showed me where.

Here are a few sample outputs | saved during testing:
ROI 1 ROI' 1 ROI'1

Figure 4.4: Grad-CAM visual explanations for three test samples. The red areas show where
the model focused when making its predictions.

Grad-CAM might not be perfect, but it made the model feel a bit more transparent. And
that matters, especially if this kind of tool is ever going to be used by real doctors. It’s not
just about being right, it’s about showing your work.

4.6 Summary of Findings:
After going through the whole process, from building the model to testing it and digging
into the results. I think it’s fair to say the system works, at least as a solid starting point.
Performance-wise, the model held up well. It reached good scores across the board,
especially in terms of precision and AUC, and it didn’t fall apart when faced with real test
data. Sure, it had trouble with rare conditions as expected, but it showed it could learn and
generalize from noisy, unbalanced medical images.
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What stood out the most to me, though, was how the explainability tools changed the way
| looked at the predictions. Grad-CAM didn’t just give me colorful heat maps, it helped
confirm whether the model was actually focusing on the right regions. And most of the time,
it was.

All that said, there’s still a long way to go before something like this could be used in a
real hospital. I didn’t run tests with radiologists or deploy this in a live setting. But that
wasn’t the goal this time. The point was to build something that works, makes sense, and
could be trusted enough to take the next step and I think that happened.

The next chapter will go deeper into what this all means, the limits of the study, and
where the project could go from here.

5 Chapter 5: Discussion:

5.1 What the Results Actually Say:

After testing the model, I will say, it worked better than | expected. | mean, | knew it
wouldn’t be perfect, but it was actually making decent calls. It wasn’t just throwing out
predictions for the sake of it.

It was catching a good chunk of the real cases and it wasn’t going overboard with false
alarms either. That’s kind of the sweet spot, right? High precision means it wasn’t just
flagging everything, but it still had decent recall, so it was finding real issues.

That AUC score, just under 0.79, made me feel like it was learning something real, not
just memorizing the training data and hoping for the best.

And honestly, looking at the Grad-CAM images helped. When | saw the areas it focused
on, I could tell it was actually looking at the lungs, not some random part of the X-ray. That
gave me a bit more trust in what it was doing.

5.2 Limitations:

As with any project like this, there were a bunch of things that didn’t go as planned, or
that just couldn’t be done this time around.

First off, the dataset. | used ChestX-rayl4 because it’s huge and widely used, but the
labels aren’t perfect. They were pulled from reports using automated tools, so there’s a
chance some of them were wrong or too vague. That definitely affects how much the model
can actually learn.

Also, the class imbalance was a real problem. Some conditions had thousands of
examples, while others barely showed up. So yeah, the model did better on common stuff and
struggled with the rare ones, no surprise there.

Another big limitation is that this was all done offline. No live deployment, no feedback
from real doctors. Just me and the model. That means | have no idea how it would behave in
a real hospital setting, with all the extra variables and stress that come with that.

So yeah, it worked in my setup. But that’s still a pretty safe, clean environment compared
to the real world.
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5.3 5.3 Ethics:

Building a model like this, especially for healthcare, comes with a bunch of ethical
questions. And honestly, I don’t think they get talked about enough.

For starters, trust is a big deal. If a doctor is going to use something built by a machine,
they need to understand it. Not just the output, but why the model said what it said. That’s
one of the reasons | added Grad-CAM. It’s not perfect, but it helps show where the model
was “looking,” which is better than giving a flat yes or no with no explanation.

Then there’s bias. The dataset I used didn’t include demographic info, so I couldn’t even
check if the model was treating everyone fairly. That’s something that really matters. If a
model works better on certain groups and worse on others, that’s a problem. And if it’s being
used in real hospitals, that kind of issue can actually be dangerous.

Finally, there’s the question nobody likes: who’s responsible if the Al makes a bad call?
Is it me? The hospital? The doctor using it? Right now, there’s no clear answer. So for now,
these tools should only be assistants, not decision-makers.

5.4 Next Steps:

If I had more time or access to more resources, there’s a lot I’d want to do next.

The most obvious step would be to get real feedback from doctors. I mean, the model
looks good on paper and the Grad-CAM maps seem to make sense, but without clinical input,
it’s hard to say how useful it actually is in practice. I’d love to run a small study where
radiologists look at the model’s predictions and explanations and give their thoughts.

Another thing would be to fine-tune the model on better or more balanced data. Some
classes were super underrepresented and that clearly hurt performance. Either finding more
data or using something like oversampling could help improve things a lot.

I’d also explore ways to fit this into a real hospital workflow. Not as a replacement for
doctors, definitely not, but maybe as a second set of eyes. Something that could flag scans for
further review or double-check cases that are easy to miss when people are busy or tired.

This project showed that building an explainable Al for chest X-rays is possible. But it’s
just a starting point. There’s a lot more to do if it’s ever going to be part of real medical
decision-making.

6 Chapter 6: Conclusion:

This project started with a simple idea: build a model that could help spot early signs of
lung cancer in chest X-rays and make sure it explained itself clearly enough for people to
actually trust it.

To do that, I combined a CNN and a RNN into a hybrid model, then trained it on the
ChestX-ray14 dataset. I didn’t just want the model to make predictions, I wanted it to show
its work. So | added Grad-CAM (and tested LIME and SHAP too) to make the outputs more
transparent.

The results were honestly better than | expected. The model reached solid accuracy and
AUC scores and the Grad-CAM heat maps mostly lined up with the parts of the image that
mattered. It wasn’t flawless, far from it, but it worked well enough to show that the approach
has potential.
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At the same time, I'm very aware of the limits. The dataset wasn’t perfect, some
conditions were underrepresented and no actual radiologists were involved in testing.
Everything stayed in a controlled, offline environment. So while the technical results were
good, this isn’t ready for real clinical use, not yet.

What this project really showed me is that explainability matters. If Al is going to help in
medicine, it can’t just give answers. It has to show why and do it in a way people can
understand. That’s what makes the difference between a black box and a useful tool.

If this work continues, | think the next step is to bring in clinicians, test the system in
more realistic settings and see how it holds up under real pressure. There’s a long way to go,
but this felt like a solid first step.
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