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Abstract— Dementia and other cognitive diseases are a big
problem in the current society. One of the most common
forms of dementia is Alzheimer’s Disease. A lesser form of
dementia called Mild Cognitive Impairment often transistions
into full Alzheimer’s. It is hard for humans to correctly diagnose
early forms of Alzheimer’s and especially hard to differentiate
between them. In this paper the possibilities of classifying
human MRI scans using convolutional networks are explored.
The classification is on three classes Mild Cognitive impairment,
Alzheimer’s Disease and clinically normal. Finally a working
model is presented using 3D convolutional layers that has good
performance on the three classes

[. INTRODUCTION

Alzheimers Disease is the most common form of de-
mentia. It is associated with brain degeneration that causes
problems such as memory impairment and disorientation.
The cause of this degeneration is currently not fully un-
derstood. However it is clear that Alzheimer’s disease does
not strike quickly but is a degrading process that is very
slow and can take multiple decades to develop into a form
that can even hinder daily activities. This means that humans
diagnosed with a Mild Cognitive Impairment could actually
have an early stage of Alzheimer’s Disease, according to
A.J Mitchell et al. [1] this likelihood is significant with an
annual conversion rate of 5-10%. In 2015 more than five
million Americans were victim of this disease.[2]

This paper describes the process of improving the per-
formance of a neural network that classifies sliced MRI-
scans. The main focus of this of this research is the usage of
multiple channels in the network. In other words, the network
will be able to use all slices at once instead of only one.
The improvement should come from features that are shared
between multiple slices

A. The challenge

The data set consists of MRI scans from 321 subjects
(112 of whom are cognitively normal at at least one time
point, 129 mild cognitive impairment, 150 Alzheimer’s
disease) each with multiple scans on different dates. The
scans contain sets of images. These sets represent the 3D
brain into 62 2D axial slices. The images are already
preprocessed and split into train, validation, and test sets.
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Furthermore demographic data is included: clinical
diagnosis, age and sex. The dataset was acquired from the
Alzheimers Disease Neuroimaging Initiative(ADNI)[17]
The challenge that this data set offers is to build an
accurate classifier that can classify individual brain images
into one of three classes: Clinically Normal (CN), Mild
Cognitive Impairment (MCI), or Alzheimer’s Disease (AD).
The slices in the scan sets can be used in different ways to
train the classifier. For example selecting only a few slices
and using them as input. Another way would be combining
multiple slices and use that as an input. The best method
for selecting these slices has to be found in order to
optimise the classifier. Figure 1 is an example of a scan set,
containing the 62 different MRI slices for one subject.
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Fig. 1: Slices of a brain scan from the ADNI data set, a
female of aged 71 classified with Mild Cognitive Impairment
(MCI) Visualisation source code can be found on Github[20].

B. Research Questions

What are the performance differences between 2D- and
3D-convolutions on a three dimensional dataset consisting
of layered images?
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Fig. 2: The 3D convolutional network has 3 convolution layers, 3 max-pooling, and 2 fully connected layers, followed by a
softmax output layer. All 3D convolution kernels are 3 x 3 x 3 with stride 1 in all three dimensions. Number of filters are
denoted in each box. The 3D pooling layers are denoted as pool. All pooling kernels are 2 x 2 x 2. The output units of the

fully connected layers are denoted in each box.

This question is answered with the support of the follow-
ing questions:

o What are the differences between 2D and 3D convolu-
tion and -pooling layers?

o Is it possible to generate focus points using saliency
maps?

II. RELATED WORK

Traditional methods of classifying MRI scans are mostly
done manually by humans using visual assessment. Ph
Scheltens et al. [3] investigated this method in 1992 and they
concluded that visual assessment is certainly possible and
could even be used to assist in the diagnosis of a possible
Alzheimer’s disease. According to their research the method
correctly classified 86% of the test subjects and 61% in the
control group. This method looked at the atrophy of certain
brain parts. The atrophy patterns could be learned by the
neural network. Shi et al. [4] concluded that a deep network
that combines the data from multiple layers of the brain scan
instead of only using one slice and using data from different
scanning techniques would improve the performance of the
network.

Sarraf et al. [5] provide a working neural network that
can classify MRI scan slices on Alzheimers disease with
an accuracy of 98,84%. The network used was based on the
LeNet5 network and was tested by using the ADNI database.
It is important to note that this approach classifies 2d images
in contrast to the goal of this paper which tries to improve the
results by finding the relations between the different layers
or images of a MRI scan. Furthermore, the provided network
could distinguish between disease and no disease.

Ehsan Hosseini-Asl et al [14] provide a deep neural
network that uses 3D convolution layers. The 3D layers are
used in order to get more information out of the brain scans.
They also include a comparison with other networks. It is
important to note that their network can distinguish between
three different classes while retaining a high accuracy. A
network that makes use of 3D convolutions is apparently the
best approach.

ITII. LEARNING FEATURES WITH 3D CONVOLUTIONAL
NEURAL NETWORKS

We hypothesise that 3D convolutional neural networks are
well suited for the classification of the ADNI Alzheimer’s
MRI scans data set since it consists of multiple layers (MRI

slices) per subject. The layers are highly correlated and
features could span over multiple layers. 3D convolutions
and -pooling operations are performed spatially over multiple
layers instead of just spatially. 3D convolutions are also used
for operations on multiple frames of a video to encode spatio-
temporal information. [4]

In figure 3 the difference between 2D convolutions, 2D
convolutions on multiple channels and 3D convolutions ap-
plied on an image are illustrated. Both the 2D convolutions
and 2D convolutions on multiple channels, for example
RGB images, result in a 2D output layer. Therefore 2D
convolutions lose a dimension of information after every
convolution. Only the 3D convolutions preserve the 3rd layer
of information of the input data, resulting in an output that
consists of multiple layers. This phenomena is the same for
2D and 3D pooling. [15]

IV. GENERATE FOCUS MAPS USING SALIENCY MAPS

The visualisation of image classification models is an
important process in understanding deep neural networks in
general. According to Simonyan et. al. [18] such saliency
maps can be used for weakly supervised object localisation.
For the classification of MRI images to detect Alzheimer’s
disease such a object localisation could eventually be a
useful tool for doctors to study the visual markers caused by
Alzheimer’s disease that are used in the visual assessment
of MRI scans. The concept for generating salience maps
is pretty straight forward. Gradients are computed for each
output category with respect to the input image. This should
inform us about the value of the output category with respect
to changes in the input image. Positive values in the gradients
will increase the output value and vice-versa. Therefore
visualising the gradients, which are the same shape as the
input image, it should provide a visualisation of attention
points. [18] Using neural network salience maps have been
successfully applied in multiple fields as a useful tool for
obtaining visual attention points. [19] We tried generating
the salience maps using a Keras function where we obtained
the weights from the model. However we were unable to
obtain any relevant salience maps, this is due to the fact
that research in salience maps is mostly done with 2d
convolutions while we are using a 3D convolutional model.
Therefore it is impossible at this point to say if salience maps
could provide useful insight in detecting visual markers for
Alzheimer’s disease.
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Fig. 3: Convolution type. [15]

TABLE I: Performance comparison*

Approach Modalities AD/MCI/NC  AD+MCI/NC  AD/NC AD/MCI  MCI/NC
| Suk et al. [6] | PET+MRI+CSF | n/a | n/a | 95.9 | n/a | 850 |
| Suk et al. [7] | PET+MRI | n/a | n/a | 95.4 | n/a | 857 |
| Zhu et al. [8] | PET+MRI+CSF | n/a | n/a | 959 | n/a | 820 |
| Zu et al. [9] | PET+MRI | n/a | n/a | 96.0 | n/a | 80.3 |
| Liu et al. [10] | PET+MRI | 53.8 | n/a | 91.4 | n/a | 82.1 |
| Liu et al. [11] | MRI | n/a | n/a | 93.8 | n/a | 89.1 |
| Lietal. [12] | PET+MRI+CSF | n/a | n/a | 914 | 701 | 774 |
| Sarraf et al. [13] | fMRI | n/a | n/a | 96.8 | n/a | n/a |
| Hosseini-Asl et al. [14] | MRI | 89.1 | 90.3 | 97.6 | 95 | 90.8 |
| Our solution | MRI | 81 | n/a | n/a | n/a | n/a |

* This table was adapted from the performance comparison table given by Hosseini-als et al. [14]

V. MODEL

In this section we try to identify a good architecture for
a 3D convolutional model. Since 3D convolutional neural
networks can be very time consuming experiments where
first done with a smaller data set to find a good architecture.
The final architecture was then verified with the full-size
data set. The experiments including the final architecture
are developed using Keras[21], a neural network library for
Python, and Jupyter Notebook[22], a tool that allows for
quick experimentation.

As described in [16] experiments were done on 2D con-
volutional neural networks they yielded the best results with
deeper networks and a kernel size of 3 x 3. D. tran et al.[15]
did further research in 3D convolutional neural networks
where the third dimension of the kernel was varied. It was
concluded that 3D convolutional neural networks with 3 x 3
x 3 kernels performs best among the experimented networks.
Furthermore the same research established pooling kernels of
2x2x2.

Both papers suggested the use of deep networks to get the
best results, we therefore experimented with the batch size
and depth of the network. There is a trade-off between quality
of the network and the speed at witch the network can be

trained. Because of time constraints and limited resources the
resulting parameters were selected on speed above quality.

As previously mentioned related work on 3D convolutional
networks for brain scans E. Hosseini-asl et al. [14] used a
model which also uses convolutional kernels of 3 x 3 x 3
and pooling kernels of 2 x 2 x 2. The researchers used a
network of three convolutional layers all of which have a
batch size of 8, each followed by a pooling layer. After the
convolution part there is a flatten layer followed by two fully
connected layers which use the 'ReLu’ activation function.
Eventually a final fully connected layer with a ’Softmax’
activation function is used in order to get to the three classes.

The convolutional neural network which was used for the
final classification on the test dataset can be found in figure
2. The source code of the final model can be found on
Github[20].

VI. MODEL EVALUATION

Our model will be evaluated by comparing the perfor-
mance of our model to models proposed by other papers. To
be more specific the accuracy of our model will be compared
with he accuracy of other models. The most relevant model
is the model proposed by Hosseini-als et al[14] because their



research resembles ours, including 3D convolutions and three
classes. furthermore their paper is the most recent

In order to easily compare the results the performance
table gathered by Hosseini-als et al[14] was used and adapter.
It can be seen in figure I. It is important to note that this
table only compares accuracy. This paper also only compares
accuracy because it is a metric that is easily retrievable.

VII. RESULTS
TABLE II: Performance results

Precision Recall Fl-score Support
‘ CN ‘ 98% ‘ 96% ‘ 97% ‘ 159 ‘
| MCI | 67% | 79% | 74% | 157 |
| AD | 77% | 67% | 12% | 153 |
avg / total  82% 81% 81% 469

The final model described in the previous chapter was
evaluated using a test set of 469 brain scans. Table II show
the performance metric of the model on the test set. The
overall accuracy was 81%. As seen in the performance
comparison in table I, the accuracy comes close to the
performance of the 3D network proposed by Hosseini-Asl
et al. [14]
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Fig. 4: Confusion matrix of the results

In the confusion matrix (figure 4), it can be seen that
no patients that are clinically normal (CN) are classified
with Alzheimer’s disease (AD) and visa-versa. The confusion
table also shows that there is a high degree of uncertainty
between patients that have mild cognitive impairment (MCI)
and are classified with Alzheimer’s disease (AD) and patients
that have Alzheimer’s disease (AD) and are classified with
mild cognitive impairment (MCI).

VIII. CONCLUSION AND DISCUSSION

According to the results and the research done on 3D
convolutional networks it was observed that 3D convolutional
networks preform well on classifying MRI brain scans. Even

with time constraints and lack of resources a relatively high
accuracy was reached. The accuracy was much higher than
the model that used 2d convolutions provided by Liu et al.
[10]. However it is still hard to say if a 3D convolutional
network is always better further research is therefore needed
to substantiate this hypothesis. Also because only the model
accuracy was compared it could be that, when using different
metrics, the overall model performance is different.

The confusion matrix (figure 4) shows that the highest
uncertainty is between patients that have mild cognitive
impairment (MCI) and are classified with Alzheimer’s dis-
ease (AD) and patients that have Alzheimer’s disease (AD)
and are classified with mild cognitive impairment (MCI).
This is to be expected because a mild cognitive impairment
will often lead to an Alzheimer’s diagnosis and there is no
clear line differentiating them. [1] It is therefore hard to
correctly classify a person correctly. This could result into
wrongly labeled data and could also result into a distribution
that is hard to separate for the model. One solution would
be creating a scale that could be used to determine the
severeness of cognitive impairments.

The results from the confusion matrix also indicate that
the model would perform well when distinguishing clini-
cally normal (CN) with Alzheimer’s diagnosed (AD), when
leaving out the MCI cases.

Research also showed that in theory it is possible to
generate saliency maps for the neural network. However we
did not manage to generate the correct saliency maps for
this network and therefore it remains unknown if saliency
maps could be a helpful tool for detecting visual markers
that could help with the diagnosis of Alzheimer’s disease.

Further research should be done to optimise this model
even further. Most importantly without time and resource
constraints because fine tuning deep neural networks requires
multiple runs of the same model with different parameters.

Research could also be done in combining multiple spe-
cialised models. For example the combination of a model that
can accurately distinguish between clinically normal (CN)
and Alzheimer’s disease (AD) together with a model that can
accurately determine the severity of the Alzheimer’s disease
(AD).
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