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1 Project Environment Setup: 
 

I did everything on my own laptop. It's running Windows 11, nothing fancy, just what I 

already had. I didn’t use Colab or cloud services at all. To be honest, I prefer doing things 

locally. It’s easier to track what’s happening and I don’t lose progress if something crashes or 

disconnects. 

I used Anaconda to manage everything. Most of the time I was in the Anaconda Prompt, 

installing libraries and creating the environment. I created a new one from scratch because I 

didn’t want to mess with anything else I had installed before. It took a while to get the right 

versions of stuff to play nice with each other. I had some weird errors with Tensor Flow at 

first, probably version conflicts, but I reinstalled things until it worked. Kind of trial and 

error. 

My Python version was 3.10. I installed tensor flow, keras, opencv-python, pandas, numpy, 

matplotlib, seaborn, and also scikit-learn. Later I added lime, shap and something called tf-

keras-vis to get Grad-CAM working. That one took a bit more time to set up. I had to follow 

a few tutorials to understand how to apply it to my model. 

Most of the code I wrote in Jupyter Notebooks. I like how you can test stuff step by step. But 

sometimes I used VS Code when I needed to edit a bunch of things at once, especially model 

files or longer scripts. Honestly, switching between both worked well for me. 

The dataset (ChestX-ray14) was stored on my hard drive. I had to split it into folders for 

training, validation and testing. I didn’t automate that part, just used Python scripts and some 

manual checks to make sure things weren’t duplicated across sets. I also resized the images 

and saved them locally so I wouldn’t have to do that every time I ran the code. That helped a 

lot during training. 

Nothing was super polished, but it got the job done. I had problems at times, like broken 

environments or things crashing, but that’s part of the process. Once I had everything 

running, I didn’t change too much. 

 

2 Dataset Handling and Preprocessing: 
 

For this project I used the ChestX-ray14 dataset. It’s a pretty large set, thousands of chest X-

ray images labeled with different lung conditions. Some files were clean, others not so much. 

A few images were blurry or oddly cropped, which kind of made things feel real, like what 

you’d get from a busy hospital system. 

First thing I did was filter out images that didn’t belong to adult patients. Then I checked for 

duplicates. I actually found more than I expected. I used a script to compare image names and 

patient IDs and cleaned those out. It took me a couple tries to get it right, the labels and 

image paths didn’t always line up perfectly. 

I resized all images to 224 by 224 pixels. That size matched the model I wanted to use later, 

so I stuck with it. I also ran histogram equalization using OpenCV, to improve contrast. 
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Visually, it made a difference. Some of the patterns that were hard to see looked clearer after 

that. 

There was also the problem of class imbalance. Some conditions, like infiltration, appeared in 

a lot of images, while others, like Hernia, barely showed up. To help with that, I added data 

augmentation. I rotated, flipped and zoomed a few copies randomly. Nothing too aggressive, 

just enough to add some variation. 

Since images could have more than one label, I converted all the conditions into binary 

vectors. Basically, a one-hot style label but allowing multiple 1s. That way, the model could 

learn to detect several things at once, like how a real X-ray might have more than one issue. 

I split everything into three sets: training (70%), validation (15%), and test (15%). I made 

sure each patient was only in one of the sets, no mixing. I double-checked patient IDs to be 

safe. That took time, but it was worth it. 

Once I finished, I had everything in local folders, resized images, organized sets and CSVs 

for the labels. Preprocessing was slow at first, but after it was set, it didn’t need to be 

repeated. 

 

3 Model Architecture and Training Configuration: 
 

So for the model, I started with a convolutional base, EfficientNetB3 to be specific. I picked 

that one because it gave me good results in earlier experiments, and it’s not too heavy 

compared to some other options. I didn’t use the top classification layer that comes with it. 

Instead, I took the output and passed it into something else. 

I decided to add a Bidirectional LSTM after the CNN part. I know that sounds a bit unusual, 

but I wanted to see if the model could learn something from the spatial patterns like a 

sequence, kind of like how one part of the lung might relate to another. It worked better than 

I expected, honestly. I connected that to a dense layer with 14 outputs, one for each condition 

in the dataset. Each output had a sigmoid activation since it was multi-label, meaning 

multiple diseases could appear in the same image. 

I used binary cross entropy for the loss function. At first, I thought about using something 

more complex, but this one just worked. Also, I added class weights because the dataset was 

pretty imbalanced. Some conditions had thousands of examples, others barely a few hundred. 

Without the weights, the model just ignored the rare ones. 

I trained the model using Adam optimizer. Learning rate was set to 1e-4, which I picked after 

testing a few options. If it was too high, the loss fluctuated like crazy. Too low, and it didn’t 

really learn much. This one seemed stable. 

Batch size was 32. I went higher once, to 64, but my GPU started acting up, memory issues, 

so I stayed with 32. I trained for up to 15 epochs, but I also used early stopping to avoid 

overfitting. In most runs, the training stopped before reaching 15. It usually plateaued around 

epoch 10–12. 

For metrics, I tracked accuracy, AUC, precision, recall, and also specificity. Those were 

helpful, especially for the less frequent classes. I didn’t focus too much on accuracy since it 

doesn’t mean much in multi-label setups, but I included it anyway. 

After training, I saved the model and ran predictions on the test set. The scores were okay. 

AUC was around 0.79, accuracy somewhere near 72%, and recall just above 67%. Not 

perfect, but for this kind of medical data, it was acceptable. 

 

4 Explainability Integration: 
 

After I got the model to train properly, I wanted to understand why it was making certain 

predictions, not just whether they were right or wrong. So I started looking into explainability 
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stuff. At first, I wasn’t really sure where to begin. There are a bunch of tools out there and it’s 

easy to get overwhelmed. 

The one that worked best for me was Grad-CAM. It’s a method that generates heat maps over 

the original image, showing which parts of the image the model was focusing on when it 

made a prediction. I used a library called tf-keras-vis for that. It wasn’t super straightforward 

to set up. I had to change a few layers in the model and load the right weights. Took me a 

couple of tries, but in the end it gave pretty good results. 

I tested Grad-CAM mostly on the test set. In some cases, the heat map clearly showed that 

the model was paying attention to the right area, like a mass in the upper left lung, or a 

thickened region near the pleura. But not always. Sometimes it highlighted parts of the image 

that didn’t seem related at all. I guess that’s just how deep learning works sometimes, it finds 

patterns we don’t really see. Or maybe it's just guessing. 

Besides Grad-CAM, I also tried LIME and SHAP. LIME was okay for local explanations, but 

it didn’t give me much clarity with image data. SHAP was a bit more technical and hard to 

interpret visually. Grad-CAM was the most intuitive of the three, especially since I could 

overlay the heat map right on top of the X-ray. 

I didn’t go super deep into every explanation tool, but at least I got a sense of how the model 

was behaving. It helped me feel more confident that the predictions weren’t completely 

random, at least in some cases, the model was actually “looking” at relevant areas. 

 

5 Version Control and Reproducibility: 
 

I didn’t really use GitHub or anything online for this. I just worked from folders on my 

laptop. Most of the time I’d copy a folder before trying something new, like if I was going to 

change the model or mess with the dataset. That way if something broke, I could just go back 

to the old one. 

I did have Git installed and I used it a bit, but just locally. I never pushed to GitHub. Wasn’t 

sure if I should upload the dataset stuff and honestly, I didn’t want to deal with it. So I just 

kept commits on my own machine. That helped me a couple of times when I forgot what I 

changed. 

I saved the environment using the conda export thing. It creates a .yml file with all the 

packages and versions. That’s useful if I ever need to run everything again. A few times I 

updated something and it broke stuff, so having the export was a lifesaver. 

For the models, I saved the weights and also the training results. Not just the metrics, but also 

predictions, some of the heat maps and even some screenshots when I couldn’t be bothered to 

automate it. Yeah, it’s not the cleanest setup, but it worked for me. 

There were moments where I forgot to save things, like intermediate models or some of the 

curves. I’d have to retrain or just skip it. But overall, I kept track of enough stuff that I could 

repeat most of the steps if I really had to. 

 

6 Challenges and Lessons Learned: 
 

There were honestly a lot of small issues along the way. Some I expected, others just came 

out of nowhere. At the start, I thought the hardest part would be building the model, but it 

turns out the setup and data cleaning took more time than I planned for. 

One big problem was getting the libraries to work together. I lost count of how many times I 

had to uninstall and reinstall TensorFlow or some dependency because something didn’t 

match. At one point I had an environment that just stopped working, and I still don’t know 

why. I had to rebuild it from scratch. That was frustrating. 
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Also, working with medical data, it’s not like working with clean datasets from Kaggle. A lot 

of the images had weird formats or were low quality and the labels weren’t always easy to 

handle. The multi-label setup made it more complicated, especially when I was trying to 

evaluate the model. Precision and recall weren’t giving me the full picture, so I had to learn 

more about things like specificity. 

Another thing that caught me off guard was the class imbalance. Some diseases showed up a 

lot and others barely appeared. That really messed with the training at first. I tried 

oversampling, but it didn’t help much. What worked better was adjusting the class weights 

and adding data augmentation, nothing fancy, just flipping and rotating images here and 

there. 

Explainability was also new for me. Grad-CAM was helpful once I figured it out, but getting 

it to work took some digging. I had to read several blog posts and GitHub threads before I got 

it right. But once it worked, it was pretty cool to see where the model was looking. Some of 

the results made sense. Others… not so much. 

Biggest lesson? Things break. And usually not where you expect. Also, save everything, 

checkpoints, scripts, outputs, even the stuff you think you won’t need again. There were 

moments I had to go back and rerun something I hadn’t saved, and it was annoying. 

But overall, I learned a lot. Not just about deep learning, but also about patience, debugging, 

and how important it is to keep your work organized. If I had to do it all again, I’d probably 

plan better, but at least now I know what to expect. 

 

7 Conclusions: 
 

I am not going to lie, this project was kind of a rollercoaster. 

Some days everything worked fine, and others… it felt like I was just fixing stuff nonstop. 

Errors, broken environments and weird bugs I couldn’t explain. But yeah, I kept going. 

One thing I’m honestly happy about is that I didn’t use any fancy platforms. No cloud, no 

auto tools. Just me, my laptop and a bunch of trial and error. I learned a lot that way, 

sometimes the hard way. But it sticks more, I think, when you figure things out by yourself. 

I had no idea explainability would take that much effort. Grad-CAM sounded simple until I 

actually had to implement it. Same with SHAP. But once I got some results, it felt worth it. 

Seeing what the model “looked at” was kind of cool, even if it didn’t always make sense. 

The main takeaway? Stuff breaks. Plans change. You go in thinking one thing and end up 

building something totally different. But I guess that’s how learning works. 

Would I do it all over again? Maybe not exactly the same way… but yeah, I’d do it again. 

And weirdly enough. 

I’m kind of proud of it. 
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