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Abstract

Heart and lung failure account for more than 500,000
deaths annually in the United States and are most com-
monly screened for using plain film chest x-rays(CXR). The
time constraints imposed on radiologists by their massive
workload severely impede communication with direct-care
physicians and result in unnecessarily long and deleterious
time-to-treatment periods for patients. A computer-aided
triage system would mitigate these issues by communicat-
ing directly to the primary care physician when more tests
are necessary, but the development of such a system has
been hindered by immense variance of CXR images and
lack of labeled data. Deep learning, a technique that has
seen considerable growth in recent years, allows for classi-
fication of highly heterogeneous images given a sufficiently
large dataset. The Stanford Normal Radiology Diagnos-
tic Dataset (NeRDD) provides us with more than 400,000
CXR cases that have been expertly labeled as either nor-
mal, non-normal, or extremely high-risk(emergent). To ap-
ply deep learning to the novel CXR dataset, we will 1. de-
velop a simple preprocessing pipeline using digital image
processing techniques and expert radiologist advice 2. cre-
ate a pipeline that can apply three neural network archi-
tectures that have proven successful in classification tasks,
GoogLeNet, InceptionNet, and ResNet, on our cohort of
CXR images 3. use neural network visualization techniques
to understand what type of features our model weights most
heavily. With a computer aided triaging system that is able
to visualize its results, we will not only be able to stream-
line higher risk patients to get the immediate help they need,
but also communicate how the network works to clinicians,
ultimately improving the national standard of care.

1 Introduction

In radiology, “turn-around time is king” [1] with radiolo-
gists being evaluated based on their turn-around time rather
than the quality of their reports. Especially in rural areas
where direct care providers rely on teleradiology for their
CXR interpretation, emphasis on turn-around time can
result in sub-standard reports, confusion, misdiagnosis, and
gaps in communication with primary care physicians. All
of these severely negatively impact patient care, and can
have life-changing consequences for patients [2]

A computer-aided triage system would mitigate these is-
sues in several ways. Firstly, it would allow radiologists
to focus their attention immediately on higher-risk cases.
Secondly, it would allow radiologists more information to
help them correct potential misdiagnoses. Lastly, it would
provide the primary care physician with immediate infor-
mation about the patient’s condition and risk level to allow
them to order more diagnostic tests without delay and to
ask appropriate, informed questions of the interpreting ra-
diologist. The input to our algorithm will be .tiff CXR im-
ages along with a label of normal/abnormal. We will then
use a CNN to output a classification of normal/abnormal
per image. We do not have information of levels of abnor-
mality, so the problem will be strictly binary classification.
The development of such a system has so far been hindered
by immense variance of CXR images and lack of labeled
data. Deep learning, a technique that has seen considerable
growth in recent years, allows for classification of highly
heterogeneous images given a sufficiently large dataset.

2 Related Work

The concept of computer-aided diagnosis(CAD) for chest
x-rays has been around for the past fifty years, and has
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made dramatic progress from rule-based survival prediction
from lung x-rays to machine learning approaches to, now,
deep learning [3] [4] [5]. Ginneken et al. make the argu-
ment that CAD in radiology is imperative, as the workload
of radiologists is quickly becoming unmanageable [6]. .

First, computer-aided diagnosis was sought for other
types of diagnostic tasks: breast cancer localization by
GoogLeNet and skin cancer classification by a network
out of Stanford by Esteva et al. [7] [8]. Both of these
well-designed networks, along with others, have proven
that convolutional neural networks can be used very
successfully in not just natural image classification, but
also medical image classification and segmentation [9] [10].

In the world of CXR classification tasks, Rajkomar et
al. used GoogLeNet along with image augmentation and
pre-training on ImageNet to classify CXR images as either
frontal or lateral with 100 percent accuracy [11]. While this
is not directly clinically relevant, it is an important proof
on concept of the use of deep learning on CXR images.
Anavi et al. sought to create a network that could, given
a query image, rank the other CXR images in its database
by similarity to the query. They found that a 5 layer con-
volutional neural network was much more effective than
similarity based on image descriptors [12]. Such a network
could be used to help clinicians search for past cases easily
and help inform their current or future diagnosis. In 2016,
Shin et al. used a CNN to detect specific diseases in CXR
images and assign disease labels. They then used an RNN
to describe the context of the annotated disease based on
the features of the CNN and patient metadata [13]. They
were only able to achieve validation accuracy of .698 on
this ambitious task. This performance may be largely due
to their relatively small data set size of 7470 images, the
challenges of multi-class classification, and incorporating
textual data from patient records. Most recently, in 2017,
Wang et al. successfully designed a CNN to diagnose
specific diseases by detecting and classifying lung nodules
in CXR images with high accuracy [14].

While these approaches function as very good proofs of
concept, and may in and of themselves be useful for assisted
diagnosis, they are not easily generalizable to different dis-
eases as new training data and labels must be obtained to
retrain models for each specific sub-question. Our work
will be the first study that classifies a chest X-ray as normal
versus abnormal to assist primary care physicians and ra-
diologists to move more quickly and efficiently rather than
render radiology obsolete. Given that we are not aiming
to classify images to specific categories of disease, we will
have a much more versatile framework that is applicable to
a much larger patient population.

3 Dataset
Data was acquired from Stanford Radiology, which main-
tains a large database of patient x-rays and includes 400,000
chest x-rays among many other types. For this project,
50,000 images were used for logistical reasons. Some pa-
tients may have more than one image associated with their
file; in this case each image was treated as a separate pa-
tient for purposes of training and prediction. Each image is
labeled 0 (normal), 1 (abnormal) or 2 (emergent). The dis-
tribution of the 3 image types is 65:35:0.1, and in practice,
no emergent cases were included in our subset of data for
this project. Original images are 3000 x 3000 pixels.

4 Methods

4.1 Preprocessing
There are many sources of variance in the CXR data which
may negatively affect the performance of downstream clas-
sification tasks using feature-based methods or neural net-
works. Major sources of variance include contrast variance,
positional variance and view angle variance (eg. Anterior-
Posterior vs Medial-Lateral). In this first iteration, we pro-
cessed all images with histogram equalization to increase
contrast within each CXR image. Guided by radiologist ad-
vice, we deemed it useful to enhance the difference between
the bone and empty space or tissue depicted in x-rays so as
to make relevant information more prominent. All image
processing steps were carried out using the python scikit-
image library [15].

Figure 1: Left: unprocessed image Right: image processed
using histogram equilization

4.2 Data Augmentation
To take advantage of our large dataset, we implemented ba-
sic data augmentation techniques to prevent overfitting in
our model while still making use of all the data available.
Each training image, before being input into a neural net-
work, was flipped 0, 90, 180, or 270 degrees. Additionally,
each image was either flipped left to right or not. Lastly,
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each image had some random small amount of gaussian
noise added to each pixel value.

4.3 Network Architectures

All CNN models were run on a server with 4 NVIDIA Tesla
P40s. The data were split into training and test sets using a
90-10 split. Each CNN model performance was assessed
using a held out test set of 10% of our data. Overfitting was
assessed by comparing the cross entropy loss and accuracy
on training vs test data. Loss was calculated as follows:

L = −(1/n)

n∑
i=1

log(P (CorrectClass)

Default hyperparameter settings were as follows: Learn-
ing Rate = 0.001, Regularization = L2, Batch Size = 256,
and Drop Out = 0.5. These parameters were chosen as those
previously optimized on ImageNet.

4.3.1 GoogLeNet

GoogLeNet[14] relies on the concept of the inception mod-
ule, whose invention aimed to alleviate two main problems:
1. A large network is more accurate and better at classifi-
cation but also more prone to overfitting and 2. Increasing
a network in size dramatically increases the computational
power necessary to train that network. The intuitive solu-
tion to both these problems is to use sparsely connected ar-
chitectures, however, our current hardware is much more
apt at doing dense matrix operations than it is at doing
sparse matrix operations. The inception module is meant
to find optimal local sparse structure and represent it by
dense components. To this end, the module consists of dif-
ferent sized filters that are each passed over the same input
image whose outputs are all concatenated together, along
with a max pooling on the original image, to produce the
final module output. GoogLeNet implements an additional
dimensionality reduction step in each module to limit the
number of dimensions being input to each module to save
computational power. This implementation of GoogLeNet
contains 22 layers.

4.3.2 Inception V3

InceptionV3 [16] uses the same concept of inception mod-
ules as does GoogLeNet so as to allow the depth and model
complexity to expand without undue computational cost. It
does this by using factorized convolutions and aggressive
regularization to create a network that is more than double
the size of GoogLeNet at 48 layers.

4.3.3 ResNet

Residual Networks [17] reformulate the concept of learn-
ing to learn residuals with respect to each layer rather than
functions directly. This means each layers try to learn RES
where RES is the final loss minus the output of the previous
layer. These networks are easier to optimize than traditional
ones, and our implementation attains an incredible 152 lay-
ers without experiencing classical problems like vanishing
gradients.

5 Results
Application of histogram equalization produced CXR
images with enhanced contrast that were used as inputs.
Each training image also underwent the data augmentation
procedure described above.

In this paper, we test the efficacy of 3 qualities: dataset
volume, model complexity and depth, and input data res-
olution. For some experiments, loss curves are shown
rather than accuracy for logistical reasons. Accuracy and
F1 scores are reported for the final model, GoogLeNet, in
section 5.4.

5.1 Dataset Volume
Typically CNN models have a high demand for data in order
to perform classifications effectively. For logistical reasons,
we were interested in exploring how data volume would af-
fect model performance and predictive capacity. After ran-
domizing our data, we choose a subset of 3000, 10000, and
50000 images respectively and fed that into the GoogLeNet
model. The following figure highlights our findings. While
training accuracy increased slightly with the larger data sets,
from 0.89 in 3000 image case to 0.95 in 50000 image case,
the validation accuracy stayed rather consistent at 0.8 max-
imal prediction accuracy. However, more training images
allowed the model to train with fewer iterations, and al-
lowed for large enough batch sizes that the validation ac-
curacy stayed more stable. This slight increase in stability
suggests that, for this task, 50,000 images is sufficient to
achieve generalizable performance. All further experiments
were therefore conducted with 50,000 images.
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Figure 2: Accuracy curves as GoogLeNet trains on datasets
of different sizes

5.2 Network Architecture Comparison

Initially, GoogLeNet was selected for its superior perfor-
mance on the ImageNet challenge, as well as its success
at localizing breast cancer in images[18] [7]. We also ex-
amined the more complex yet similar Inception V3 archi-
tecture, as well as a manifestation of the Residual network
family. As demonstrated in Fig. 3, complexity of the net-
work does not to improve performance of the model signifi-
cantly. From this, it was determined that further fine-tuning
architectures, while potentially effective at increasing per-
formance slightly, would not significantly change the robust
results.

Figure 3: Loss curves as models train over same train-
ing/validation data. Models increase in depth from left to
right

5.3 Input Data size

Original images were 3000 x 3000 pixels, a prohibitive size
for a deep learning network. Images were downsampled by
uniformly at random selecting pixels to create 512x512 and
224 x 224 pixel images. Here, we show that image reso-
lution does not seem to play a role in prediction accuracy.
This may be due to the relatively small difference in pixel
density between the two resolutions selected. Alternatively,
it may be that increased image resolution simply does not

provide significantly different information.

Figure 4: Loss curves for 224x224 and 512x512 pixel im-
ages as GoogLeNet trains on same training images

5.4 Performance
Although neither more complex networks nor larger input
size increased performance significantly, initial perfor-
mance by GoogLeNet on 50,000 images at 224 x224
pixels was significantly better than random. Although the
breakdown of the training data is around 65:35 normal to
abnormal, the validation set used does not reflect this ratio
at 27: 73. Nonetheless, the network is able to attain an
accuracy of 0.8 and an F1 score of 0.66 with the following
confusion matrix.

Predicted
Normal Predicted

Truth Normal 138 55
Abnormal 88 430

The network does not systematically classify either la-
bel incorrectly, however, it does have a slight preference for
predicting ”normal”, most likely due to the original class
imbalance.
Note that the above confusion matrix is reported using val-
idation rather than test images, due to a malfunction of the
server making the test data inaccessible.

5.5 Visualizations
In order to gain insight into the relevant features learned by
the above-mentioned deep learning algorithms, we sought
to create images that were either quintessentially normal or
abnormal. By backpropagating the loss of the opposite la-
bel back to the image pixels rather than the weights of the
network, we were able to modify input images such that the
network would classify them very confidently as the oppo-
site label.
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Figure 5: Input abnormal images as they would look for the
network to confidently classify them as normal

Figure 6: Input normal images as they would look for the
network to confidently classify them as abnormal

We consulted with expert radiologists at Stanford Radi-
ology, who agree that the major feature the network seems
to learn when creating normal images from abnormal ones
is symmetry on a macroscopic level. Though the created
”normal” images do not look exactly like original normal
images, they all have this symmetry in common. The im-
ages that were made to look very abnormal have no obvious
interpretation.

We performed the same process beginning with random
noise rather than original images, with similar results.

Figure 7: Input random noise images as they would look for
the network to confidently classify them as normal

Figure 8: Input random noise images as they would look for
the network to confidently classify them as normal

6 Conclusion
We conclude that GoogLeNet, a well-designed architec-
ture of sufficient complexity, achieves significantly above-
random classification accuracy when distinguishing be-
tween normal and abnormal chest x-ray images. The
model is robust to the two image sizes tested(224X224
and 512X512 pixels) and the neural network architecture
used. Furthermore, network visualization demonstrates that
macroscopic features are learned effectively by the model.
In particular, symmetry appears to be a salient feature of
normal CXR images detected by the model. As deeper net-
work architectures did not change performance, we expect
the same feature to be prominent in InceptionV3 and Resid-
ual Network architectures. The above model may be im-
proved in a number of ways: 1. increased preprocessing
such as cropping lungs from images or cropping edges of
the CXR images to highlight the lung regions 2. weight-
ing of examples such that sensitivity rather than specificity
is emphasized, to orient toward clinical usage 3. integra-
tion of level of uncertainty in physician ground truth diag-
nosis 4. integration of a segmentation component such that
network can learn small, specific features rather than just
macroscopic features and 5. inclusion of more abnormal ex-
amples, which are by nature very variant and also less com-
mon. Though this model is not ready for clinical adoption,
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it promises a future functional classification network that
can classify normal vs. abnormal chest x-ray images and
provide primary care physicians and radiologists with valu-
able information to significantly decrease time-to-diagnosis
and greatly improve the current standard of care.
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