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Introduction 
 

As one of the quickest-developing fields in machine learning and artificial intelligence, deep 
learning can be utilized in numerous disciplines, namely medicine, to improve process efficiency 

(Suganyadevi et al., 2022). Through tasks such as cancer screening and infection monitoring, 
deep learning can be utilized to aid doctors in their personalized care and treatment of patients 

while reducing the time and resources required to do so (Zhang et al., 2016). With a dramatic 
increase in requests for medical imaging services and a shortage of radiologists, a strain has 

been put on the healthcare system to address patients’ needs in a timely manner (Puttagunta & 
Ravi, 2021). The use of machine learning for medical image analysis is one way to address this 

problem, as it could lessen the manual time and resources required to analyze images  
(Puttagunta & Ravi, 2021). Notably, however, the lack of large amounts of properly annotated 

data has limited the advancement of deep learning for medical image analysis (Minaee et al., 
2020). Additionally, another major barrier to implementing deep learning models in this context 

is the concern surrounding the use of uninterpretable black-box models in healthcare 
(Suganyadevi et al., 2022). As a solution to this, interpretable supervised learning models with 
easily obtainable tracking and measurements are possibly a feasible way to implement machine 

learning in a clinical setting (Price, 2018, Suganyadevi et al., 2022). Moreover, data 
augmentation techniques that synthetically create more training data for a model could 

potentially improve the performance of any machine learning models used where a lack of 
training data may exist (Chlap et al. 2021, Suganyadevi et al., 2022). The combination of an 

interpretable machine learning model and training data augmentation could provide an approach 
to medical image analysis that addresses issues of validation for healthcare professionals and 

issues of regulation by government officials. If such an approach is reasonably accurate enough, 
its use in a clinical setting could provide medical experts with a tool that informs them during 

their medical image analysis process to reduce the time and resources required to do so, while 
possibly decreasing errors and variability in diagnoses (Marias, 2021; Puttagunta & Ravi, 2021).  

 
Review of Related Literature 

 
Artificial Intelligence in Medical Image Analysis 

Deep learning is a popular field in machine learning and artificial intelligence, with possible use 
in medicine to streamline certain processes (Suganyadevi et al., 2022). In healthcare, machine 

learning models can be implemented for clinical information analysis and image examination to 



 

 
2 

positively affect patients’ lives with little effort or time required (LeCun et al., 205). Notably, the 
process of medical image analysis is a costly one and may involve radiologists consulting 

colleagues or previous cases before diagnosis (Hassan et al., 2020). With ongoing improvements 
in deep learning techniques, however, artificial intelligence models are able to identify and 

classify patterns within clinical images in a much shorter time (Chollet et al., 2015). Through 
tasks such as cancer screening and infection monitoring, deep learning can be utilized to aid 

doctors in their personalized care and treatment of patients while reducing the time and 
resources required to do so (Zhang et al., 2016).  

 
In addition to the possible benefits of artificial intelligence for medical image analysis, certain 

deep learning architectures for image processing have been found to be highly accurate for 
classification and detection (Ahuja, 2020; Bengio, 2012; Singh, 2020). Most notably, the ResNet 

architecture is a common choice for a convolutional neural network which produces results with 
high accuracy for image analysis (Bengio, 2012). In the context of COVID-19 classification and 

detection, variations of the ResNet architecture and other convolutional neural networks have 
produced accuracy levels as high as 99.40% and 93.29%, respectively (Ahuja, 2020; Singh, 

2020).  
 

Benefits of Machine Learning in a Clinical Setting 
In the current state of the healthcare system, there is a larger demand for medical image 
services than there are radiologists to analyze them (Puttagunta & Ravi, 2021). With a dramatic 

increase in requests for medical imaging services and a shortage of radiologists, a strain has 
been put on the healthcare system to address patients’ needs in a timely manner (Puttagunta & 

Ravi, 2021). This strain is compounded by the fact that analyzing medical images is a lengthy, 
time-consuming process for radiologists to undergo, which only furthers this issue (Puttagunta & 

Ravi, 2021). The use of machine learning for medical image analysis is one way to address this 
problem, as their use could lessen the manual time and resources required to analyze images  

(Puttagunta & Ravi, 2021). While not a direct replacement for human analysis, the use of 
artificial intelligence in this manner could be implemented as an initial screening for radiologists 

to streamline their analysis process. 
 

In addition to the cost-benefit of utilizing machine learning for medical image analysis, given a 
model is accurate enough, it could help reduce the number of missed detections and settle 

discrepancies among radiologists as well (Marias, 2021). One of the main benefits of machine 
learning is that its image analysis capabilities exceed the limits of human vision, which could 

potentially provide highly accurate results for medical image analysis comparable to manual 
examination by radiologists (Marias, 2021). Given the possible high degree of accuracy of 

machine learning models in this context, their results and predictions could also be used to cope 
with any inter-observer variability in diagnoses of medical images (Marias, 2021). While still not 

a replacement for radiologists, given a machine learning model is accurate enough for medical 
image analysis, this shows how they could provide insight to mitigate human error and 
variability as well as decrease the cost and resources required to do so.  

 
Challenges with Deep Learning for Medical Image Analysis 

While deep learning models have proven benefits and high accuracy levels for medical image 
analysis, there are challenges with applying artificial intelligence in healthcare that serve as 

significant barriers to implementation (Civit-Masot et al., 2020; Minaee et al., 2020). Notably, 
the lack of large amounts of properly annotated data has limited the advancement of deep 

learning for medical image analysis (Minaee et al., 2020). Especially when compared to general 
computer vision data sets, medical imaging data is far too limited for the purposes of applying 

artificial intelligence (Apostolopoulos & Mpesiana, 2020). This has led to the overfitting of 
training data sets, an issue that limits the capabilities of deep learning in this context 

(Suganyadevi et al., 2022). There has been an increasing trend in the medical community to 
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make large annotated data sets available, but it is still unclear how well artificial intelligence can 
perform given the current data constraints (Panwar et al., 2020).  

 
In deep learning, artificial neural networks form the basis for most architectures and have some 

similarities to biological neural networks (Suganyadevi et al., 2022). Neural networks are 
composed of multiple layers that transform the input into output by processing and learning 

new, nonlinear information (Apostolopoulos & Mpesiana, 2020). With each layer utilized, the 
data is transformed into a higher, more abstract level meaning deeper in the network more 

complex information is learned (Apostolopoulos & Mpesiana, 2020). Deep learning refers to 
deeper networks than simpler machine learning, which can be utilized to analyze highly complex 

and changing data (Apostolopoulos & Mpesiana, 2020). The drawback of utilizing deep learning 
architectures, however, is their “black-box” approach where due to the highly complex network 

and neurons and layers, it becomes impossible to fully explain the process a deep learning 
model undergoes to turn input into output or how it changes in response to new data 

(Suganyadevi et al., 2022). 
 

In addition to concerns about the quantity of data available, another major barrier to 
implementing deep learning models for medical image analysis is the concern surrounding the 

use of black-box models in healthcare (Suganyadevi et al., 2022). In deep learning, artificial 
neural networks form the basis for most architectures and have some similarities to biological 
neural networks (Suganyadevi et al., 2022). Neural networks are composed of multiple layers 

that transform the input into output by processing and learning new, nonlinear information 
(Apostolopoulos & Mpesiana, 2020). With each layer utilized, the data is transformed into a 

higher, more abstract level meaning deeper in the network more complex information is learned 
(Apostolopoulos & Mpesiana, 2020). Deep learning refers to deeper networks than simpler 

machine learning, which can be utilized to analyze highly complex and changing data 
(Apostolopoulos & Mpesiana, 2020). The drawback of utilizing deep learning architectures, 

however, is their “black-box” approach where due to the highly complex network and neurons 
and layers, it becomes impossible to fully explain the process a deep learning model undergoes 

to turn input into output or how it changes in response to new data (Suganyadevi et al., 2022). 
Given this understanding, black-box models like deep learning can be viewed as inherently 

opaque in their method and fluid in their interpretation, raising questions regarding the 
validation and regulation of these models (Price, 2018). Artificial intelligence techniques often 

provide a prediction or recommendation but do not explain how those results were exactly 
derived for justification (Price, 2018). This is contrasted by simpler analytical models which may 

be more interpretable and raises the question of whether machine learning models in healthcare 
should be pushed towards interpretable models aimed at increasing understanding or black-box 

algorithms aimed at practicality (Price, 2018). To compound this problem, black-box algorithms 
often change and adapt in response to new, varied data, an uncommon approach in medicine 

(Price, 2018). While frequent updates are common in software and analytics, this is relatively 
rare in healthcare where, for example, certain verified drugs have been used for centuries (Price, 
2018). 

 
Both the issue of opaqueness and plasticity provide challenges when pitching the implementation 

of deep learning models in medicine to healthcare professionals and government officials. 
Medical professionals may question how black-box models can be ensured for accuracy and use, 

or, if a model can accurately measure a clinical quantity of interest that can usefully guide 
clinical care (Price, 2018). Whereas diagnostic tests would typically be used to determine this, it 

cannot be precisely determined what deep learning models measure and track due to their 
opaqueness (Price, 2018). Moreover, the plasticity of artificial intelligence compounds this issue 

since as models change in response to new data, it becomes impossible to rely on understanding 
to provide confidence in the efficacy of a model. Furthermore, the use of black-box models has 

legal ramifications that act as a deterrent for healthcare professionals and ultimately a barrier 
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for government officials (Suganyadevi et al., 2022). Medical algorithms are under the jurisdiction 
of the Food and Drug Administration, the FDA, which requires the demonstration of the safety 

and efficacy of static potential products and prohibits those which do not allow providers to 
review the justification for their results (Price, 2018). Given that black-box models cannot be 

interpreted and evolve to new data, these specifications by the FDA broadly ban the use of 
black-box models for medical image analysis, at least in their current form. Given that the 

solutions to these challenges are not readily apparent, for the foreseeable future deep learning 
models are unfeasible for the purposes of medical image analysis. 

 
Possible Solutions to Challenges in Medical Image Analysis 

Given that black-box algorithms such as deep learning models are all but infeasible for the 
purposes of medical image analysis, the use of interpretable, mechanistically modeled 

algorithms that are aimed at increasing understanding serves as a possible alternative for image 
processing. While not a replacement for radiologists, such models could be feasibly 

implemented, unlike deep learning, to inform medical experts about the images they are 
examining and streamline their analysis process (Puttagunta & Ravi, 2021). Additionally, while 

larger, annotated data sets may become available in the coming years, another viable 
alternative to combat the issue of limited data to sufficiently train models is the use of data 

augmentation to synthetically increase the size of data sets for model fitting (Minaee et al., 
2020, Suganyadevi et al., 2022). The use of data augmentation could improve the performance 
of machine learning models on a separate validated data set by providing additional data to train 

the model for less cost than collecting a comparable amount of new data (Chlap et al., 2021). In 
this manner, interpretable models and data augmentation techniques serve as possible solutions 

to the challenges of implementing machine learning models in a clinical setting, both of which 
require further discussion. 

 
Related most closely to the task of deep learning models, interpretable supervised learning 

models exist, which could be feasibly implemented for medical image analysis (Suganyadevi et 
al., 2022). Defined as a model where the representation between input examples and a target 

variable is learned, supervised learning problems consist of classifying a class or numeric label 
(Suganyadevi et al., 2022). Neural networks for deep learning are an example of this, as are 

decision trees, support vector machines, logistic and linear regression as well as the k-nearest 
neighbor algorithm (Suganyadevi et al., 2022). For the purposes of medical image analysis, 

supervised learning models could be fed a vector of images as input data with specific disease 
classifications as the target variable to train a model which can predict the classification of a new 

image. In each of these models, other than neural networks, what the supervised learning model 
tracks and measures in order to make predictions can be easily obtained and examined, making 

them possibly feasible for implementation in a clinical setting (Price, 2018, Suganyadevi et al., 
2022). While the exact performance of each of these models for medical image analysis has not 

been tested or compared to the high degree of accuracy of deep learning models, it is possible 
that an interpretable supervised learning model exists which is also accurate for this task. 
 

Various data augmentation techniques exist as well to generate synthetic data, some of which 
are cost-efficient, elementary techniques (Chlap et al. 2021, Suganyadevi et al., 2022). Such 

techniques are centered around transforming an image in such a way to map the points to a 
different position or manipulate intensity values to create a synthetic image (Chlap et al. 2021). 

Examples of this include geometric transformations to the position of the image points, cropping 
or occluding the image, altering the intensity of the image points, injecting noise into the image, 

sharpening or blurring the image through filtering, and performing principal component analysis 
on the image (Chlap et al. 2021, Suganyadevi et al., 2022). Through any of these processes, it 

is possible to significantly increase the size of a training dataset, which could potentially improve 
the performance of machine learning models. Moreover, by augmenting the model training data, 

it is possible to introduce more variance in the image data used for fitting the models, and 
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possibly reduce overfitting (Suganyadevi et al., 2022). The tradeoff between choosing between 
data augmentation techniques must be noted, however, as the basic techniques previously 

discussed are easier to implement than more complex approaches such as generating data using 
deep learning through a GAN, but these elementary approaches also may not yield as positive of 

an effect as more intricate techniques (Suganyadevi et al., 2022).  
 

Problem Statement 
 

Need for the Study 
Given that the use of machine learning models for medical image analysis faces issues of 

interpretability and training limitations, more research is required to offer potential twofold 
solutions to these issues. The use of interpretable supervised models provides a viable 

alternative to black-box models by being able to examine what the algorithm measures and 
tracks with a static model, making it possible to run diagnostic tests and clinical trials on its 

implementation (Price, 2018). Moreover, elementary data augmentation techniques have shown 
the possible ability to improve the performance of machine learning models by providing 

additional, varied data to train the model which is then validated on a separate data set (Chlap 
et al., 2021). While the use of interpretable supervised models for medical image analysis and 

data augmentation techniques have both been examined separately in research, the synthesis of 
these ideas to create a possible accurate, and feasible model for clinical implementation remains 
relatively untested. Therefore, more research is required to determine the useability and 

accuracy of such a strategy for medical image analysis. If successful, the use of an interpretable 
model and data augmentation could provide an approach to medical image analysis that 

addresses issues of validation for healthcare professionals and issues of regulation by 
government officials. Moreover, the possible time and resource benefits implementing a machine 

learning model could have for radiologists requires that an approach be developed which could 
be implemented in a clinical setting. If such an approach is accurate enough, its use in 

healthcare could provide medical experts with a tool that screens images and informs 
radiologists during their examination to reduce the time and resources required to do so while 

possibly decreasing errors and variability in diagnoses (Marias, 2021; Puttagunta & Ravi, 2021).  
 

Purpose of the Study 
The purpose of this study is to propose a medical image analysis framework to address the 

concern of black-box models in healthcare by implementing interpretable supervised learning 
models, and approach the issue of limited training data by utilizing data augmentation 

techniques. Specific research questions include: 
 

● Which machine learning model performs the best? How accurate is it, and how does this 
compare to deep learning models for medical image analysis? 

● What does the best-performing model track and measure, and how can it be interpreted? 
● Which data augmentation technique performs the best? What is its effect on the best-

performing model? 

 
Data Source 

 
The NIH chest X-ray dataset contains 112,120 frontal-view X-ray images, pertaining to 30,805 

unique patients, extracted from the clinical PACS database at the National Institute of Health 
(NIH) Clinical Center and representing about 60% of frontal chest X-rays collected at that 

location. This dataset is considered by NIH as the most representative of real population 
distributions, compared to any previous chest X-ray data sets. The full data set is split amongst 

twelve tar.gz compressed files, each containing 1-4 GB of PNG image files in 1024x1024 
resolution. Metadata for all images are provided in a CSV file (Data_Entry_2017.csv) that 

includes an image index, finding labels, follow-up #, patient ID, patient age, patient gender, 
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view position, original image size, and original image pixel spacing. Each image is associated 
with one of fourteen disease labels including Atelectasis, Consolidation, Infiltration, 

Pneumothorax, Edema, Emphysema, Fibrosis, Effusion, Pneumonia, Pleural Thickening, 
Cardiomegaly, Nodule, Mass, and Hernia. These disease labels were text-mined from patient 

radiology reports and are expected to have an accuracy of > 90%. The full dataset can be found 
here: https://nihcc.app.box.com/v/ChestXray-NIHCC/folder/36938765345  

 
Methodology 

 
Preparing Data 

The NIH X-ray data were downloaded using Google Colab, uncompressed using Python’s tarfile 
module, and stored on Google Drive as Python NumPy array files (.npy). The image data array 

file contains 112,120 unique chest X-ray images, such that each column of the data array 

corresponds to a 64x64 pixel image vector ∈ ℜ4096. The data labels array file is one-dimensional 

and contains the disease classifications corresponding to the 112,120 unique chest X-ray (CXR) 

images. This array data was processed from the clinical findings in the Data_Entry_2017.csv file 
and mapped to their respective images in the CXR data set. Creating data and label arrays for 

this image data set proved to be simpler than storing all 45 GB of data on local machines. 
Similarly, to avoid the memory requirements when processing data, using this approach 

addressed size constraints when reading in the X-ray data. Moreover, loading the data matrix in 
this format reduced computational cost, time, and reduced storage costs (>50% reduction in 

size compared to .csv & .txt files), making it a reasonable choice for this context. 
 

Exploratory Data Analysis 
Upon initial examination of the data, we found that of the total 112,120 images, 60,361 were 

classified with no finding and 51,759 were classified as having a pathology finding, which can be 
seen in Figure 1 below.  

 
Figure 1: Chest X-ray image data set classification - No Finding vs. Finding 

 
 

To further evaluate the distribution of the data, pathologies with less than 1000 images were 

excluded from the data set, and the individual frequencies of each pathology finding were 
examined in Figure 2 below. 

 
 

 
 

 

 

Figure 2: Chest X-ray image data set classification - Pathologies (Nimages > 1000) 

https://nihcc.app.box.com/v/ChestXray-NIHCC/folder/36938765345


 

 
7 

 

 
To begin, initial testing took place to determine the feasibility of modeling various pathologies 
for binary classification. After weighing the performance of classification models and the size of 

the data sets for various pathologies, it was determined that machine learning models for binary 
classification of the CXR images for "No Finding" or finding = “Effusion” would be the most 

feasible. When this pathology was used for binary classification all models performed better 
compared to other pathologies, while still being the third most frequent pathology classification 

found in the data set.  
 
After subsetting the data set to only include classifications of "No Finding" or “Effusion”, issues of 

imbalanced data became apparent. The table in Figure 3 demonstrates this imbalance as 6.15% 
of the images are those labeled as class Effusion and the remaining 93.85% of the images are of 

the class "No Finding".  
 

Figure 3: Data Distribution - No Finding and Finding (Effusion) 

 
 

Additionally, shown in Figure 4 are images of chest radiographs from the CXR data set for each 

class used in this analysis. 
 

Figure 4: Chest X-ray Images - No Finding and Effusion

 
 

Data Set Balancing 
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To examine the possible issues of training and testing classifiers on imbalanced data, both the 
imbalanced data set containing all “No Finding” or “Effusion” images and a balanced data set 

achieved through downsampling the “No Finding” images were tested. 
 

For the imbalanced data set, a total of 64,316 images were used with 60,361 labeled as “No 
Finding” and 3,955 labeled as “Effusion”. This data set was then split into training and testing 

sets, with 80% of the data used for training and the remaining 20% for testing. Each of the 
classifiers were then trained on the 51,452 images in the training set, and then predictions were 

made on the 12,864 images in the testing set to examine each model’s performance. For this 
testing set, 12,099 images were classified as “No Finding” while 765 images were classified as 

“Effusion”. It should be noted that a possible issue with training classifiers on this data set is 
decreased model performance due to an underlying assumption of balanced class distribution 

and equal misclassification costs (Sun et al., 2009). Given this possible concern, the 
performance of models fit on the imbalanced data set were examined to determine the effect of 

unequal class distributions. 
 

For the balanced data set, the “No Finding” images were downsampled to match the number of 
“Effusion” images in the data set. This resulted in a data set totaling 7,910 images, with 3,955 

coming from each classification. This data set was then split into training and testing sets where 
the models were trained on 6,328 images (80% of the data), and predictions were made on the 
remaining 20% 1,582 images, to assess each classifier’s performance. For these splits, each set 

was stratified to ensure that the frequency of each classification remained balanced in both sets 
resulting in a testing set with both 791 “No Finding” and “Effusion” images. This data set 

attempts to correct the issue of imbalanced class distributions but at the cost of using far less 
training data, therefore the performance of models fit on this data set were examined to 

determine the effect of using less training data with equal class distributions.  
 

Classification Models 
Several supervised classification models were implemented such as (Artificial) Neural Networks 

(ANN), K-Nearest Neighbors (KNN), Kernel-Support Vector Machine (K-SVM), Naїve Bayes 
Classifier, Logistic Regression Classifier, and Gradient Boosting, along with unsupervised 

clustering models like K-Means, and unsupervised dimensionality reduction methods like 
Principal Component Analysis (PCA).  

 
For each model, various standard or widely used ML preprocessing techniques were performed 

on the chest X-ray image data. These include flattening image arrays (vectorizing the image 
data), shuffling rows, downsampling the image resolution, converting to grayscale, and 

binarizing the y-response. For the ANN model, initialization steps included selecting the initial 
number of layers, activation function, and L2 regularization term, while tuning model parameters 

in increments. When implementing the KNN model different K-values, distance formulas, and 
weight functions were tested. Multiple K-SVMs with different kernel types, C-values, and 
shrinking heuristics were also trained and tuned. For Logistic Regression, various penalty terms, 

regularization strengths, and optimization algorithms were examined. The Gaussian Naїve Bayes 
classifier with default prior probabilities was implemented with tuned smoothing parameters. For 

the Gradient Boosting model, the learning rate and the number of boosting stages were tested 
to evaluate acceptable performance. Multiple K-Means models with varying initialization methods 

and solver algorithms were also examined to find the best approach. Lastly, for our 
unsupervised PCA model, the goal was to use dimensionality reduction techniques to reduce 

computational cost while hopefully retaining comparable model performance. Multiple models 
were fit with a specified number of principal components to achieve this task. Figure 5 

demonstrates a high-level approach to the methods and techniques implemented in the work 
reported here. 
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Figure 5: ML Approach for Classification using CXR Images. 

 

 
 

Model Tuning 

Models were each tuned using a randomized search of ranges of various hyperparameters. In 
this approach, all specified parameters were searched simultaneously by selecting random 

combinations of hyperparameters, which drastically lowers the run time of a randomized search 
compared to testing all possible combinations in a full grid search. While a randomized search is 

not guaranteed to provide the best possible combination of hyperparameters, it often provides 
comparable performance to a full grid search with slight discrepancies in performance most likely 

being due to a noise effect that would not apply to a testing data set. Given this understanding, 
a randomized search is a feasible alternative to a full grid search that will provide a reasonably 

tuned model in a fraction of the time. The full ranges of hyperparameters tested for each 
classifier can be seen in Figure 6. For full documentation of each classifier model, please visit 
scikit-learn’s website found here: https://scikit-learn.org/stable/user_guide.html. 

 
Figure 6: Hyperparameter Tuning for scikit-learn Classifier Models 

 
 

Data Augmentation 
To attempt to improve the performance of various classifiers, Python’s ImgAug library was used 
to perform various image transformations on the original dataset to generate augmented 

training data sets. The main focus of this augmentation process was to increase the size of the 
training data set which had a notable imbalance between class distributions. By augmenting the 

“Effusion” images, the total number of images of this classification could be increased in the 
training data set and balanced with the “No Finding” images to create a larger training data set. 

Additionally, by augmenting the existing images in this data set, the training data set would then 
account for more variance in chest radiographs with the pathology “Effusion”. Through this 

process, the goal of augmenting the “Effusion” images in the training set was to improve model 
performance by providing a larger data set for model training which better accounted for 

variance across these types of thoracic X-ray images. 
 

https://scikit-learn.org/stable/user_guide.html
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Four main augmentation techniques were implemented which resulted in four new data sets. The 
augmented data sets included noise injection, blurring, cropping, and geometric transformations, 

such as horizontal and vertical flipping on the training data. These four augmented data sets 
were then used to train each of the machine learning models. Afterward, the performance of 

each model using each augmented training set was examined on the testing data set to 
determine the effect each augmentation technique had on model performance. An example of 

the image augmentation methods implemented can be seen in Figure 7. 
 

Figure 7: Sample Images - Data Augmentation Techniques 

 

 

 
 

Classifier Performance Evaluation 
Different classifiers were compared with and without augmented training data, and each model’s 

performance metrics for the detection and/or presence of lung disease using the NIH Chest X-
ray image dataset were reported. Augmented training data generated via geometric 

transformations, image cropping, image blurring, and image noise injection were used to train 
our machine learning classifiers; and each of these augmented training sets were compared to 

the models fit on the non-augmented data for baseline comparison. 
 

The precision, recall/sensitivity, accuracy, F1-score, and Area Under Curve scores (AUC) for each 
of the classifiers were reported with and without data sets using data augmentation, as well as 

for combined methods such as using balanced and imbalanced data for training. Furthermore, 
PCA was performed on the training data for dimensionality reduction to n=10 dimensions.  The 

explained variance ratio for the first 10 principal components was 62.9%, however, PCA was 
eventually not used on the image data as the initial testing yielded poor model performance for 

the classification tasks. Additionally, the Receiver Operating Characteristic curves (ROC) were 
plotted with the true positive rate (TPR) on the horizontal axis and the false positive rate (FPR) 

on the vertical axis. The definitions of each of the performance metrics which will be included in 
the performance summary can be seen below:    

         
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  

𝑇𝑃

𝑇𝑃 + 𝐹𝑃
        𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 =  

𝑇𝑃

𝑇𝑃 + 𝐹𝑁
     𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =  

𝑇𝑁

𝑇𝑁 + 𝐹𝑃
 

 

           𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝐹𝑃 + 𝐹𝑁 + 𝑇𝑁
    𝐹1 𝑆𝑐𝑜𝑟𝑒 =  

𝑇𝑃

𝑇𝑃 + 
1

2
(𝐹𝑃 + 𝐹𝑁)

    𝑇𝑃𝑅 =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
   𝐹𝑃𝑅 =  

𝐹𝑃

𝐹𝑃 + 𝑇𝑁
 

TP = True Positive, TN = True Negative, FP = False Positive, FN = False Negative, TPR = True Positive Rate, FPR = False Positive Rate 
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Through this process, the effect of various data augmentation techniques on model performance, 

as well as the overall performance of each of the classifiers for detecting the pathology of 
effusion in chest X-ray images can be examined. The final discussion attempted to find a 
reasonable method of comparison for the findings of this work to previously reported deep 

learning models trained on the NIH chest X-ray data set. Metrics for comparing results across 
previous work on this data, also referred to as the ChestX-ray14 data set, involve computing the 

AUC score for each disease class (Chen, K., et al., 2022). The summary tables in the previously 
reported work (Chen, K., et al., 2022) provide a comprehensive AUC score comparison for 

various studies using DL and serve as a suitable benchmark for the results shown in our work. 
 

Results 
 

Balanced Non-Augmented Data 
The balanced non-augmented data set consisted of a total of 7,910 images, 80% of which were 

used for training and the remaining 20% for testing. The seven classification models, ANN, KNN, 
kernel-SVM, Logistic Regression, Naїve Bayes, Gradient Boosting, and K-Means were trained on 

6,328 images and then tested on 1,582 images. Of the seven models tested, kernel-SVM had 
the best performance with an AUC score of 0.75 and model test accuracy of 75.0%. Additionally, 

the ANN, KNN, Naїve Bayes, and Gradient Boosting models all achieved comparable precision 
scores, but only the KNN and Gradient Boosting models also had reasonable sensitivity scores. 

Both of these models performed relatively well when considering their F1-Score and accuracy, 
but neither the KNN or Gradient Boosting model performed comparably to the kernel-SVM 
model. Figure 8 summarizes each model’s performance results and their respective ROC curves. 

 
Figure 8: Performance Summary & ROC Curves of Classifier Models - Balanced Non-Augmented Data 

 
 

 

Imbalanced Non-Augmented Data 
The imbalanced non-augmented data set consisted of a total of 64,316 images, 80% of which 

were used for training and the remaining 20% for testing. The seven classification models were 
trained on 51,452 images and then tested on 12,864 images. The imbalanced test data set had 

765 “Effusion” images and 12,099 "No Finding" images, that is, 5.95% of the test set was of the 
class “Effusion”. Of the seven models tested, the Naїve Bayes classifier had the best 

performance with an AUC score of 0.68 and model test accuracy of 63.8%. This model notably 
still had a lower precision, accuracy, and AUC score than the Naїve Bayes classifier fit on the 

balanced non-augmented data set. The KNN, kernel-SVM, and Gradient Boosting models 
incorrectly classified every “Effusion” image in the test set as "No Finding", and correctly 

classified every "No Finding" image, which explains how each model’s accuracy was 94% on the 
test data. This demonstrates the need for a balanced data set to train and tune models for 

binary classification which will perform reasonably. Also, this imbalance of data shows that the 
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models’ test accuracies are misleading, and proves why other performance metrics should be 
reviewed when evaluating overall performance. Figure 9 summarizes each model’s performance 

results and their respective ROC curves. 
 

Figure 9: Performance Summary & ROC Curves for Classifier Models - Imbalanced Non-Augmented Data 

 

 
Balanced Augmented Data Set - Additive Noise 

The balanced augmented data with additive noise consisted of a total of 15,820 images, 80% of 
which were used for training, and the remaining 20% for testing. The seven classification models 

were trained on 12,656 images and then tested on 3,164 images. Of the seven models tested, 
the Naїve Bayes classifier had the best performance with an AUC score of 0.68 and model test 

accuracy of 66.9%. Notably, this model had a lower precision, accuracy, and AUC score than the 
Naїve Bayes classifier fit on the balanced non-augmented data set. In general, when considering 

F-1 and AUC scores, the models performed worse on this set compared to the balanced non-
augmented set. The ANN, KNN, Logistic Regression, and Gradient Boosting models each had 

slightly higher accuracy when fit on this augmented training set. These results also support the 
necessity of examining multiple performance metrics, as each of these models had relatively low 

precision and sensitivity scores. Figure 10 summarizes each model’s performance results and 
their respective ROC curves. 
 

Figure 10: Performance Summary & ROC Curves for Classifier Models - Balanced Additive Noise Data 

 

 
Balanced Augmented Data Set - Blurring 

The balanced augmented data with blurring consisted of a total of 15,820 images, 80% of which 

were used for training and the remaining 20% for testing. The seven classification models were 
trained on 12,656 images and then tested on 3,164 images. Of the seven models tested, the 

Naїve Bayes classifier and the Artificial Neural Network classifier had the best performance with 
AUC scores of 0.68 and 0.67 and test accuracies of 67.0% and 71.4%, respectively. Both of 
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these models notably had comparable accuracy and AUC scores than the Naїve Bayes and ANN 
models fit on the balanced non-augmented data set, though their F-1 scores for this augmented 

data set were relatively lower. Figure 11 summarizes each model’s performance results and their 
respective ROC curves. 
 

Figure 11: Performance Summary & ROC Curves for Classifier Models - Balanced Blurred Data 

 
 

 

Balanced Augmented Data Set - Cropping 

The balanced augmented data with cropping consisted of a total of 15,820 images, 80% of which 
were used for training and the remaining 20% for testing. The seven classification models were 

trained on 12,656 images and then tested on 3,164 images. Of the seven models tested, the 
Artificial Neural Network (ANN) classifier and the Naїve Bayes classifier had the best 

performance with AUC scores of 0.69 and 0.68, respectively; and model test accuracies of 
72.3% and 66.9%, respectively. The findings here are similar to the previous augmented data 

set, as each of the ANN and Naїve Bayes models had comparable accuracy and AUC scores to 
the balanced non-augmented data set, but much lower F1-scores. Figure 12 summarizes each 

model’s performance results and their respective ROC curves. 
 

Figure 12: Performance Summary & ROC Curves of Classifier Models - Balanced Cropped Data 

 
 

Balanced Augmented Data Set - Horizontal and Vertical Flipping 

The balanced augmented data with horizontal and vertical reflection geometric transformations  

consisted of a total of 15,820 images, 80% of which were used for training and the remaining 
20% for testing. The seven classification models were trained on 12,656 images and then tested 

on 3,164 images. Of the seven models tested, the Artificial Neural Network (ANN) classifier and 
the Naїve Bayes classifier had the best performance with AUC scores of 0.70 and 0.68, 

respectively; and model test accuracies of 74.5% and 66.3%, respectively. This is the best 
accuracy and AUC score achieved by the ANN model yet, though notably it still suffers from the 
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same issue of previously examined augmented data sets as the model’s F-1 score is still rather 
low. Figure 13 summarizes each model’s performance results and their respective ROC curves. 
 

Figure 13: Performance Summary & ROC Curves of Classifier Models - Balanced Flipped Data 

 

 

Discussion 
 

Model Performance 
Expectedly, the classification models trained on the imbalanced, non-augmented dataset 

performed the worst across all combinations of dataset balancing and data augmentation 
methods when using AUC scores as the primary aggregate performance metric. These results 

align with the tendency for classification models to struggle when presented with incongruous 
class distributions (Sun et al., 2009). When the training set consists of mostly one class, the 

algorithm fails to learn the differences between classes and develops a bias towards the majority 
class. The models’ high accuracy values, despite low AUCs, are another manifestation of this. 

The accuracy scores are inflated from correctly predicting the majority class, regardless of its 
inability to classify the minority class or distinguish the two. The Naive Bayes model, however, 

performed similarly to other balanced and augmented data sets, perhaps due to its “naive” class 
independence assumption that features are independent, and its ability to better fit smaller 
datasets compared to more sophisticated models.  

 
With an AUC of 0.75 and an accuracy of 76%, the kernel-SVM model trained on balanced, non-

augmented data was the best overall model tested. This partially answers the first research 
question, given the understanding that the kernel-SVM model trained on balanced, non-

augmented data performed the best across all the models and data sets used. While the 
accuracy value is one of the most common and straightforward metrics measuring the 

percentage of correct prediction by the model, the AUC value plots the relation of the true 
positive rate and false positive rate and is an effective measurement for comparing performance 

across multiple models. We can also trust our accuracy metric more heavily when evaluating 
models trained on the balanced dataset compared to the imbalance dataset, as explained 

previously. We can observe how kernel-SVM is an effective image classification algorithm, given 
its ability to overcome linearly inseparable data and generate a decision boundary to classify the 

images. The result of tuning this model was the use of a polynomial kernel function with a third-
degree polynomial, which partially explains this model’s relative success with classifying non-

linearly separable data given its choice of a decision boundary. This explanation helps answer 
the second research question as to what the kernel-SVM model tracks and measures can be 

explained when considering how its decision boundary is formed and its related ROC curve.  
 
None of the data augmentation methods and related models yielded better results than our 

baseline of the balanced, non-augmented dataset, suggesting that our original non-augmented 
models were overfitted or that our dataset is still too small for our models to effectively learn 
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from. Additionally, this partially answers the third research question as it can be seen that each 
augmentation technique had a negative effect on the best performing model, the kernel-SVM 

model. With an AUC score of 0.70 and accuracy of 74.5%, however, the ANN model trained on 
balanced, flip-augmented data performed the closest to our balanced, non-augmented kernel-

SVM model. Given that a neural network must estimate a larger number of parameters 
compared to the other models tested in this study, it would be assumed that the use of larger 

data sets would benefit the ANN models considerably. With this understanding, given that a 
reasonable data augmentation technique can be used to generate more training data, it would 

be assumed that the ANN model could see an improvement in performance, and such is the case 
here in regard to the balanced, flip-augmented dataset. Additionally, the Naive Bayes models 

scored consistently higher than most other models, across all augmentation methods. It would 
appear that the underlying assumptions of this model make it less sensitive to changes in 

features in the data set, causing its performance to vary less when effective data augmentation 
techniques are used, or not. Furthermore, when comparing the performance of all models across 

each augmented data set, the crop-augmented data yielded consistently better results than 
other augmentation methods. This suggests that cropped images were more relevant to models’ 

mapping features compared to image blur, additive noise, and flipping, and could perhaps be a 
viable augmentation technique for increasing data set size when combined with other effective 

augmentation methods. Additionally, this helps answer the third research question given the 
understanding that cropping was the most effective augmentation technique tested. 
 

Comparison to Deep Learning Models 
Most models generated within this methodology did not perform reasonably compared to 

previous deep learning models applied to the same dataset. The kernel-SVM model trained using 
the balanced, non-augmented dataset did perform relatively comparably to previous deep 

learning models, however, with an AUC of 0.75. Most notably, this kernel-SVM model was able 
to be trained and tuned at a fraction of the computational cost compared to similar deep 

learning models, and with the added benefit of interpretability that deep learning models do not 
possess.  

Other models also performed relatively well, most notably, the KNN and gradient boosting 
models generated from the same dataset which performed similarly with AUC’s of 0.72. A full 

comparison of the models fit in this study and relevant deep learning models applied on the 
same dataset can be seen in Figure 14.  

 
Figure 14: Previous DL Results on the CXR data set for Disease Classification  

 
 

This shows the tradeoff between model performance and interpretability when fitting models for 

medical image analysis. While deep learning models may perform better than the models tested 
in this study, they are not interpretable and therefore are not viable for clinical implementation. 
Given this understanding, one could argue that opting for simpler, more interpretable models 

which perform comparably should be implemented over deep learning models. 
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Limitations 
There are multiple limitations to consider before drawing conclusions from these research 

questions. Primarily, despite having more than 100,000 images, it was not apparent how 
imbalanced the data was until performing deeper data exploration through initial data 

processing. Although downsampling the dataset was a feasible solution to move forward with 
analysis, this reintroduced issues pertaining to small datasets.  

 
Time and computational resource constraints also limited how extensively we were able to 

explore these concepts; notably, parameter tuning via random combinations rather than 
parsing, evaluating, and comparing every combination of model parameters. Without time and 

computational barriers, it would have been more viable to use other augmentation methods, 
such as Generative Adversarial Networks (GANs). Although GANs can create impressive, entirely 

new samples that resemble the feature distribution of the original images, they are quite 
computationally costly to generate. Augmenting through GANs would create new challenges like 

labeling synthetic data, but unfortunately, we were not able to thoroughly explore that 
augmentation method. 

 
Conclusions and Recommendations for Future Research 

 
A medical image analysis framework was designed and implemented to address the concern of 
black-box models in healthcare. Variations of interpretable machine learning models were 

trained and tested on the NIH Chest X-ray image data set for classifying the pathology of 
“Effusion” versus “No Finding”. In addition, data augmentation techniques were utilized to 

address the issue of limited training data. Seven machine learning models, ANN, KNN, kernel-
SVM, Logistic Regression, Naїve Bayes, Gradient Boosting, and K-Means, were tuned, trained, 

and tested for each data set variation. These variations included balanced non-augmented data, 
imbalanced non-augmented data, and balanced augmented data using additive noise, blurring, 

cropping, or flipping image transformations for augmentation. The results of this work indicate 
that ANN and Naїve Bayes performed best when using augmented data sets with AUC scores 

between 0.67 and 0.70, and kernel-SVM performed best overall when using the non-augmented 
balanced data with an AUC score of 0.75. Notably, this kernel-SVM model demonstrated a 

slightly worse, but comparable performance to the deep learning models reported in previous 
works (Chen et al., 2022).  

 
The impact of imbalanced data on classifier performance was remarkable. With the balanced 

non-augmented data set, the kernel-SVM model performed best with an AUC score of 0.75. The 
same kernel-SVM classifier applied to imbalanced data was not able to distinguish between a 

pathology finding of “Effusion” and “No Finding”. Augmentation of the training data yielded some 
improvement for the kernel-SVM classifier, with AUC scores of 0.63-0.64. This profound impact 

of imbalanced data on model performance provides supporting evidence that there is a need for 
balanced data to achieve the task of using interpretable machine learning models for classifying 
lung disease from chest X-ray images. 

 
Data augmentation did not improve performance, however, this could potentially be re-

evaluated by improving upon the methods tested in this work. For example, future work could 
try combining various augmentation methods and testing varying levels of augmentation: no 

augmentation, simple augmentation, and complex augmentation. Most notably, more complex 
augmentation techniques such as Generative Adversarial Networks could be utilized to create 

new data of a much higher quality than the basic augmentation techniques utilized in this study 
(Suganyadevi et al., 2022). In addition, it could be beneficial to have clinicians and radiologists 

review the augmented data for their expert opinions on whether or not the augmented images 
are representative samples of clinical findings in real-world medical imaging. Lastly, model 

tuning parameters may need further exploration for handling a wider range of pathologies 
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and/or image augmentation types. Future work could try re-tuning models for augmented 
training data to achieve better model performance.  

 
The results of this study suggest a possibly comparable and interpretable machine learning 

model for medical image classification which addresses issues of opacity and plasticity inherent 
to deep learning models used for the same task, and highlights the effect of data set balancing 

and augmentation for model performance. 
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