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Abstract

Through the rapid destruction of brain cells, malignant brain tumors can be one of the
most dangerous forms of cancer that exist. Current methods for determining the presence and
type of brain tumor in a given patient’s MRI scan can oftentimes be inefficient and are prone for
error. By using a machine learning algorithm, the error in these classifications is reduced
significantly, and the process is made much more efficient. To approach this problem, we have
implemented an Inception Resnet, which is a pretrained Convolutional Neural Network. The
final model is able to determine the presence of a possible brain tumor as well as distinguish the
type between three different classes. These classes include pituitary, meningioma, and glioma.
Pituitary tumors are the most harmless of the three as they are noncancerous. The five year
survival rate for a patient with a pituitary tumor is 97%. This contrasts greatly with both glioma
and high grade meningioma tumors which are life-threatening [2]. It should be noted, however,
that high grade meningioma tumors are very rare. Along with these three classes, a separate
control class with no brain tumors was also used. After training the model on these four classes,
the results were found to be impressive, as the final accuracy was at 96.7%.

Introduction/Background

Brain cancer is one of the most potent and dangerous forms of cancer that can be, when
left untreated, fatal. This is why it is important to detect tumors as quickly and efficiently as
possible before the masses grow too large. Solving this research problem will be practically
applicable in clinics where this tool could be used daily to determine the presence and type of
tumor in a patient more efficiently. The current approach is to use an MRI to collect the brain
images, which are human labeled [2]. Then a biopsy is performed to confirm the presence of a
tumor [2]. The multiple stages in the existing methods of brain tumor detection allow for a
higher chance of making an error in the diagnosis, and can increase the time needed to
diagnose... The benefits of turning to a machine learning model to autonomously detect the
presence and type of tumors in patients include being less resource intensive as well as being
much more efficient and fast. Thus, we can conclude that using a machine learning algorithm,
specifically the Inception Resnet model, could be an effective solution for this problem. Similar
approaches have been taken to other image classification problems in healthcare. I hypothesize
that the model will be able to detect the presence and type of tumor between three different
possible classes—pituitary, meningioma, and glioma.

Dataset

The dataset used in this model is a set of 5,952 images of MRI scans taken from a variety
of angles, obtained from Sartaj Bhuvaji who is a computer scientist specializing in healthcare.
MRI stands for Magnetic Resonance Imaging, and, as the name suggests, implements a large,
tube shaped magnet that realigns water molecules in a patient’s body [3]. Radio waves then cause
the aligned atoms to produce signals, which are represented on the final image. The specific
dataset used contains images that are labeled as belonging to one of four classes, three of them
being types of cancer—pituitary, meningioma, glioma, and no tumor. Below is an example of
each type of image:
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Figure 1: Images of the four different classes in the dataset

In total, there were 1621 glioma images, 574 meningioma images, 2000 images with no
tumor, and 1751 pituitary images. These images were taken in three different orientations:
sagittal (side), coronal (front), and transverse (top). The figures above are all in the coronal
orientation. As can be seen in the figures, the more lethal glioma and meningioma tumors are
much bigger whereas the pituitary tumor is mostly hidden. It is important to note that there were
many variations in the dataset, namely with different images being of different quality and size.

Methodology

The model that was implemented to solve this problem was an Inception Resnet [4], a
type of Convolutional Neural Network, or CNN. CNNs are generally used to solve image
classification problems such as the one at hand, and utilize a deep neural network to do so [5].
The structure of a CNN includes convolutional, pooling, and fully connected layers. The
convolutional layer utilizes small filters to scan through the given image and detect certain key
features. Once this is done, the pooling layer downsamples the feature map given by the



convolutional layer. Finally, the fully connected layer is responsible for predicting the final
output.

Before this Inception Resnet could be implemented, it was necessary to preprocess the
data in order to minimize the effects of over and under fitting. More specifically, in order to
minimize overfitting, a randomized training and testing split of the data was used. In addition to
this, a random set of the data was either sheared, zoomed into, or flipped so that the final model
would be able to accurately predict the class of the image even under unusual conditions. Once
preprocessing was completed, the next step was to decide on the best hyperparameters to
maximize validation metrics. This was done through a table of different combinations of
parameters, listed below:

A B c D E R G
Dropout Learning rate # of steps # of epochs Training Acc Testing Acc

1 0.5 1.00E-05 150 30 86% 73.30%
2 0.25 1.00E-04 125 31 97.50% 80%

3 0.35 1.00E-06 170 32 53.30% 33.30%
4 0.15 1.00E-03 130 31 91.67% 30%

5 0.2 1.00E-04 120 31 97.50% 73.30%
6 0.3 1.00E-04 130 31 95.83% 86.67%
7 0.3 1.00E-04 130 60 100.00% 80.00%
8 0.3 1.00E-04 130 120 100.00% 93.33%
10 0.3 1.00E-04 130 150 99.17% 96.67%

Figure 2: Hyperparameter Table

When training the model, we prevented overfitting by splitting the dataset into a training
and testing set. Data was split into 80% training and 20% testing respectively. Through running
the model with these different combinations, the last trial was found to yield the best testing
accuracy, and thus the hyperparameters were finalized.

Results and Discussion

Using the hyperparameters from the last trial, the testing accuracy was found to be
96.67%. As expected, this value was a bit less than the training accuracy, which was 99.17%.
The training and testing losses were 0.019 and 0.0596, respectively.
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Figure 3: Model prediction of given images

Figure 3 shows an example of both a correctly and incorrectly classified image. In the
example on the left, the model correctly predicts with 100% certainty that a pituitary tumor is
present. However, on the right, the model is relatively unsure of its prediction of meningioma,
and is ultimately wrong, as the image actually contains a glioma tumor. This is a good way to
check the model on a case by case basis to see how it classifies individual images in the dataset.
Next, I looked at the loss and accuracy functions, which are shown in Figure 4.
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Figure 4: Model loss and accuracy graphs

The graph on the left in Figure 4 depicts the model’s loss curve going down exponentially
as the number of epochs increases. There is a spike around epoch 100 as the model changes its
approach to classifying the images, ultimately leading to a lower loss, meaning the model is quite



accurate. This loss graph corresponds with the model’s accuracy graph shown on the right in
Figure 4. As the loss curve decreases, the model’s accuracy increases, which makes sense as it
becomes better at correctly classifying given images in the dataset.

While the accuracy measurement above is a good way of getting a broad overview of
model performance, using a confusion matrix allows us to more closely inspect the results for
each class. Thus, a confusion matrix was generated and is shown below in Figure 5, where each
row represents the true label of the data, and each column represents the predicted label from the
model output:
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Figure 5: Confusion matrix of the trained Inception Resnet Model

Based on this confusion matrix, it can be seen that the model performed best on
determining if a given image either contained a glioma or pituitary tumor, or no tumor at all.
However, in the meningioma class, the model only correctly predicted 82 out of 114 images that
contained a meningioma tumor. This low accuracy is most likely a result of the rarity of high
grade meningioma tumors in the given dataset. There were only 114 meningioma images in the
dataset compared to the large amounts of data points in the other classes, which explains this
result.

It is also important to note that the model did not have many false negatives, which is
beneficial in that it means there were not many cases where an image contained a tumor but was
classified as having no tumor. Based on these results, the model has a recall of 95% (392/412),
which indicates that only 2% of any kind of cancer cases were not detected. Other sources of
possible error could come with the quality of the dataset and that there were some images that
were not in the best quality or were taken at obscure angles.



Conclusions

By training an Inception Resnet CNN model on our MRI scan dataset, we have created an
accurate brain tumor classification tool that can be implemented in practice. The model’s high
accuracy values means that it can be trusted as a reliable indicator of the presence and type of
tumor in a brain MRI scan. However, it should be noted that the model shows some weakness
when classifying images that contain a meningioma tumor, and that the model has a recall rate of
95%.

In the future, it could be beneficial to incorporate other, more high quality datasets to see
if the model’s accuracy can be improved even further. These other datasets could also be taken
from different methods of scanning a brain that do not involve using an MRI, such as a CT scan.
In addition, other forms of CNNs could be tested on the dataset to again see if the accuracy can
be improved. It could also be beneficial to compare our model’s accuracy to the accuracy of a
traditional diagnosis procedure, in order to better understand the real-world application of Al
models to medical diagnosis.
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