Literature Review
Pneumonia Classification from Chest X-ray Images Using Convolutional Neural Networks
Pneumonia continues to be one of the leading causes of death worldwide, especially among children under five and elderly populations. Chest X-rays remain the most widely used and cost-effective tool for diagnosing this disease, but the reality is that interpreting these images manually is not always straightforward. Radiologists can disagree on what they see, and in many parts of the world, there simply are not enough trained experts to go around. This is where deep learning—and specifically convolutional neural networks (CNNs)—has shown a lot of promise. Over the past few years, quite a number of research groups have explored how CNNs can be used to automatically classify chest X-ray images as normal or pneumonia, and some have gone further to distinguish between bacterial and viral types.
In this review, we looked at three peer-reviewed studies that we believe represent some of the most relevant and well-executed work in this area. Each of them takes a slightly different approach—one focuses on comparing multiple pretrained models, another proposes a novel ensemble strategy, and the third extends the problem to include COVID-19 classification. Together, they give a good picture of where the field stands and what works well.
Study 1: Rahman et al. (2020)
Transfer Learning with Deep Convolutional Neural Network (CNN) for Pneumonia Detection Using Chest X-ray
Published in Applied Sciences (MDPI) – https://www.mdpi.com/2076-3417/10/9/3233
The authors applied four different deep learning models—Alex Net, ResNet18, DenseNet201, and Squeeze Net—all pretrained on the ImageNet dataset and fine-tuned through transfer learning for pneumonia classification from chest X-ray images. Their goal was to conduct a head-to-head comparison under identical conditions, rather than just testing one model in isolation. They also applied standard data augmentation techniques including rotation (315°), scaling (10%), and translation (10%) to expand the training set, which is a sensible decision considering the relatively modest dataset size. What I appreciate about their approach is the fairness of the comparison—same data, same preprocessing, same evaluation protocol for all four architectures, so the results actually tell you something meaningful about which model performs better and why.
Dataset
They used the Kaggle Chest X-ray Pneumonia dataset (https://www.kaggle.com/paultimothymooney/chest-xray-pneumonia), which is publicly available and has become something of a standard benchmark in this domain. It contains 5,247 chest X-ray images collected from pediatric patients at Guangzhou Women and Children’s Medical Center: 1,341 normal, 2,561 bacterial pneumonia, and 1,345 viral pneumonia. Image resolutions range from 400p to 2000p, so they had to resize everything to fit each model’s input requirements (227×227 for AlexNet/SqueezeNet, 224×224 for ResNet18/DenseNet201). They evaluated performance using five-fold cross-validation, which adds a lot more credibility than a single train-test split.
Results
Out of the four architectures, DenseNet201 consistently came out on top across all classification scenarios:
  •  Normal vs. Pneumonia: 98% accuracy, 97% precision, 99% recall
  •  Bacterial vs. Viral Pneumonia: 95% accuracy, 95% precision, 96% recall
  •  Three-class (Normal, Bacterial, Viral): 93.3% accuracy, 93.7% precision, 93.2% recall
The 98% binary classification accuracy was the highest reported in the literature at the time, which is impressive. Honestly, I was not surprised that DenseNet201 won—its dense connectivity pattern lets it reuse features from earlier layers very efficiently, which matters a lot when you are trying to pick up on subtle differences between, say, bacterial and viral infiltration patterns on an X-ray. The gap between DenseNet201 and the others was not always huge (ResNet18 did reasonably well too), but it was consistent across every single evaluation scheme.
Study 2: Kundu et al. (2021)
Pneumonia Detection in Chest X-ray Images Using an Ensemble of Deep Learning Models
Published in PLOS ONE – https://journals.plos.org/plosone/article?id=10.1371/journal.pone.0256630
The authors applied three different deep learning models—GoogLeNet, ResNet-18, and DenseNet-121—and combined them into a novel weighted average ensemble framework for pneumonia classification. What sets their work apart from the typical ensemble approach is the way they determined the model weights. Instead of setting them manually through trial and error (which is what a lot of researchers do, to be honest), they developed an automatic weighting strategy that fuses precision, recall, F1-score, and AUC scores to calculate how much each base model should contribute to the final decision. This makes the whole pipeline more principled and reproducible. They also released their full codebase on GitHub, which I think reflects a commendable commitment to transparency and is something more papers in this area should do.
Dataset
Unlike most studies that rely on a single dataset, Kundu et al. evaluated their approach on two publicly available datasets: the Kermany dataset (https://www.kaggle.com/datasets/paultimothymooney/chest-xray-pneumonia, the same Kaggle collection used by Rahman et al., with 5,856 chest X-ray images) and the RSNA Pneumonia Detection Challenge dataset (https://www.kaggle.com/competitions/rsna-pneumonia-detection-challenge), which is considerably larger and more challenging. Testing on two datasets is a smart move because it reveals whether the approach truly generalizes or just happens to work well on one particular collection of images. They used five-fold cross-validation on both, which further strengthens their findings.
Results
The results across the two datasets were:
  •  Kermany Dataset: 98.81% accuracy, 98.82% precision, 98.80% sensitivity, 98.79% F1-score
  •  RSNA Dataset: 86.85% accuracy, 87.02% sensitivity, 86.89% precision, 86.95% F1-score
The drop in performance on the RSNA dataset is notable but not unexpected—it is a harder, noisier dataset with more variability in image quality and labeling. What matters more to me is that the ensemble consistently outperformed every individual base model and several other standard ensemble techniques on both datasets. They also ran McNemar’s and ANOVA statistical tests to confirm the results were not just due to random chance, which is something I wish more papers in this field would bother to do. The fact that the approach holds up on two very different datasets gives me considerably more confidence that it would perform well in a real clinical setting.
Study 3: Ibrahim et al. (2021)
Pneumonia Classification Using Deep Learning from Chest X-ray Images During COVID-19
Published in Cognitive Computation (Springer) – https://link.springer.com/article/10.1007/s12559-020-09787-5
The authors applied a single deep learning model—a pretrained AlexNet—and adapted it through transfer learning for multi-class pneumonia classification, with a particular focus on distinguishing COVID-19 from other types of pneumonia. At first glance, using just AlexNet might seem like a limited choice compared to more modern architectures, but the real strength of this study lies in its experimental design rather than model complexity. The authors set up five different classification scenarios: COVID-19 vs. normal, bacterial pneumonia vs. normal, non-COVID-19 viral pneumonia vs. normal, a three-way classification (COVID-19 vs. bacterial vs. normal), and a four-way classification (COVID-19 vs. bacterial vs. viral vs. normal). This multi-scenario approach gives a much more detailed picture of how well a CNN can distinguish between these closely related respiratory conditions, which is more clinically useful than just doing a single binary test.
Dataset
The dataset was assembled from multiple public databases, including the COVID-19 Chest X-ray Dataset (https://github.com/ieee8023/covid-chestxray-dataset) and the Kaggle Chest X-ray Pneumonia dataset (https://www.kaggle.com/datasets/paultimothymooney/chest-xray-pneumonia), combining COVID-19, non-COVID-19 viral pneumonia, bacterial pneumonia, and normal chest X-ray images into a single collection. This was necessary because at the time, no single dataset contained all four classes together. They used a 70/30 train-test split. One limitation they were honest about is that the COVID-19 portion of the dataset was relatively small, which is understandable given how early in the pandemic this work was conducted. Still, it is worth keeping this in mind when evaluating the reported accuracies—the model may not generalize as well to COVID-19 cases in practice as the numbers might suggest.
Results
The results across the different classification schemes were quite strong, especially for the binary tasks:
  •  COVID-19 vs. Normal: 99.16% accuracy, 97.44% sensitivity, 100% specificity
  •  Bacterial Pneumonia vs. Normal: 91.43% accuracy, 91.94% sensitivity, 100% specificity
  •  COVID-19 vs. Non-COVID-19 Viral Pneumonia: 99.62% accuracy
  •  Three-class (COVID-19, Bacterial, Normal): 94.00% accuracy, 91.30% sensitivity
  •  Four-class (All categories): 93.42% accuracy, 89.18% sensitivity, 98.92% specificity
Study 4: Mujahid et al. )2022(
Pneumonia Classification from X-ray Images with Inception-V3 and Convolutional Neural Network
Published in Diagnostics (MDPI) 
https://doi.org/10.3390/diagnostics12051280
This study is about using a kind of computer program to look at chest X-ray pictures and figure out if someone has pneumonia. The pictures came from a website called Kaggle. There were 7750 of them. These pictures were sorted into two groups: pneumonia. The pictures were made smaller so they were all the size, which is 150 times 150 pixels. Some tricks were used to make sure the computer did not get too good at recognizing the pictures it was trained on.
A few different computer programs that are already trained were used to look at the pictures. These programs are called VGG-16, ResNet50 and Inception-V3. The computer programs were also combined in ways to see if that made them better at figuring out if someone has pneumonia.
The results of the study showed that one of the combined programs the one that used Inception-V3 and another program was the best at looking at the pictures and figuring out if someone has pneumonia. This program was right 99.29 percent of the time which's really good. It was even better, than the programs that were used by themselves. The pneumonia classification using chest X-ray images worked well with this combined program.

Data set:
I have a bunch of chest X-ray images. There are 7750 of these images. They are either Normal or they show Pneumonia. I got these images from a dataset, on Kaggle. This dataset is called Kaggle Chest X-ray Pneumonia dataset. It has lots of chest X-ray images that're really useful.
https://www.kaggle.com/datasets/paultimothymooney/chest-xray-pneumonia

Result:
The tests showed that using deep learning models together worked better than using one model that was already trained for classifying pneumonia from chest X-ray pictures.
Among the models the CNN model did the best with an accuracy of 98.25 percent it was precise 99.19 percent of the time it found the pneumonia 97.25 percent of the time and it got an F1-score of 98.21 percent. The Inception-V3 model did not do well as the other single models it was only accurate 96.58 percent of the time
Study 5: Mabrouk et  al. )2022(
Pneumonia Detection on Chest X-ray Images Using Ensemble of Deep Convolutional Neural Networks
Published in Applied Sciences (MDPI) 
 https://doi.org/10.3390/app12136448

This study is about using chest X-ray images to detect pneumonia. The people who did this study used a kind of deep learning that combines multiple models to get better results. They did not just use one model they used models together.
The pictures they used for this study came from a database called Kaggle Chest X-ray Pneumonia dataset. This database has a lot of chest X-ray pictures that are labeled as either normal or pneumonia. The researchers did some things to the pictures to make them better for the models to learn from like making the pictures a little different to prevent the models from getting too used to the things.
The researchers trained different models on their own and then combined them to make a stronger model. The combined model was better than the models and could detect pneumonia more accurately.The results of this study show that using models together is better than using just one model. This means that combining models makes the detection of pneumonia more robust and accurate which is important for medical image classification tasks, like detecting pneumonia from chest X-ray images. The ensemble approach used in this study is a way to improve the detection of pneumonia using chest X-ray images..
Data set:
The data we used for this study came from the Kaggle Chest X-ray Pneumonia dataset that anyone can get to. This dataset has a lot of chest X-ray pictures that are labeled as either Normal or Pneumonia. We did some work on these pictures to get them ready for our model to learn from. We made them all the same size. We also wanted our model to be good, at recognizing pictures it had never seen before. So we used some tricks like turning the pictures and flipping them over. We also made them a little bigger and a little smaller. This helps our model learn better and not get too used to the old pictures.
https://www.kaggle.com/datasets/paultimothymooney/chest-xray-pneumonia

Result:
The experimental results showed that using deep learning models together worked better than using one model for classifying pneumonia. Each of these deep learning models, which are called neural networks, did a good job on its own but putting many models together made the results even better and more reliable.

The model that combined many models was very good at classifying pneumonia it got more than 95% of the cases right. It was also very good at finding all the pneumonia cases and not getting many wrong cases. This study showed that using models together makes the results more consistent and reliable than using just one model.
The results showed that using convolutional neural network models together is a good way to make pneumonia detection, from chest X-ray images better. The pneumonia detection results were better when many models were used together.


Study  6: Satish Chandraet  al. )2025(

NG Boost Classifier Using Deep Features for Pneumonia Chest X-Ray Classification
Published in Applied Sciences (MDPI) 
 https://doi.org/10.3390/app15179821
El-Asnaoui and Rauf looked at some learning models in 2021. They wanted to see which ones were good at telling if someone had pneumonia from a chest X-ray picture. The models they looked at were VGG16, ResNet50, InceptionV3 and Exception. The Exception model was the best at this task. This shows that using a model that already knows some things, like the Exception model can be very helpful when looking at pictures like chest X-ray images to classify pneumonia. The Exception model is an example of how this kind of learning called transfer learning can be useful for medical image classification like pneumonia classification, from chest X-ray images.
Data set:
The research used a dataset of chest X-ray images from the RSNA Pneumonia Detection Challenge. This dataset had 26,684 images, all marked as either pneumonia or normal.The researchers took these images. Used computer programs, called pretrained CNN architectures to pull out important features. These features were then put into another computer program, a classifier to make a guess about each image.
The images were, from a hospital. Showed either pneumonia or normal lungs. https://www.kaggle.com/c/rsna-pneumonia-detection-challenge


Result:

The NG Boost classifier is really good when it is trained on features from ResNet50. It gets 98 percent of the answers right. The NG Boost classifier has precision and recall and F1-score. This is a deal because the NG Boost classifier does a lot better than handcrafted features. The NG Boost classifier is very good, at what it does when it uses features from ResNet50..


Comparative Summary
Table 1: Side-by-side comparison of the three studies reviewed.
	Study
	CNN Models
	Dataset(s)
	Public / Private
	Classification Task
	Best Accuracy
	Best Performer

	

Rahman et al. (2020)
	AlexNet, ResNet18, DenseNet201, SqueezeNet
	Kaggle Chest X-ray Pneumonia (5,247 images)
	Public
	Binary (normal vs. pneumonia), bacterial vs. viral, 3-class
	98% (binary), 95% (bact. vs. viral), 93.3% (3-class)
	DenseNet201

	

Kundu et al. (2021)
	GoogLeNet, ResNet-18, DenseNet-121 (weighted ensemble)
	Kermany (5,856 images) + RSNA Challenge dataset
	Public (both)
	Binary (normal vs. pneumonia)
	98.81% (Kermany), 86.85% (RSNA)
	Weighted ensemble of all three

	

Ibrahim et al. (2021)
	AlexNet (pretrained, transfer learning)
	Combined public CXR databases (COVID-19, viral, bacterial, normal)
	Public
	Binary, 3-class, and 4-class (incl. COVID-19)
	99.62% (binary), 94% (3-class), 93.42% (4-class)
	AlexNet (fine-tuned)

	


Mujahid et    al., 2022
	ResNet50 and Inception-V3. models, like VGG-16 and ResNet50
	7750 Chest X-ray images that I got from Kaggle. These Chest X-ray
	Public
	Binary (normal vs. pneumonia)
	accuracy (99.29%)
	Inception-V3  CNN


	
Mabrouk
et al., 2022

	Multiple CNN models
	Kaggle Chest X-ray (Normal & Pneumonia)
	Public
	Binary (normal vs. pneumonia)
	Improved accuracy (>95%)
	MobileNetV2

Vision Transformer

	

Satish Chandra
et al., 2025

	ResNet50 features from the RSNA ChestX-ray8 images and then we used the NG Boost
	The RSNA ChestX-ray8 dataset has a lot of chest x-ray images. We are talking about 26,684 CXR images.
	Public
	Binary (normal vs. pneumonia)
	Accuracy 98%
	ResNet50

NGBoost
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