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Abstract
Over the last decade, through the increased computational power and availability
of large scale datasets, deep neural networks have become an instrumental tool for
a wide range of machine learning tasks. While these networks continue to provide
breakthroughs across many domains and a large amount of research has focused
on visualizing and understanding these networks, we recognize that much of the
focus has been concentrated on networks that handle images or text and the need to
explore raw-valued datasets is increasingly important. For example, in the medical
domain interpretability is of high importance and through visualization it would be
possible to not only embed clinical knowledge to speed up/skip parts of the training
process, but clinicians could also use their expertise to fine tune a trained network.
Therefore, in this paper we identify this need, show some early exploration, and
state the future work that should be focused on in this area of raw-valued datasets.

1

Introduction

Over the last decade, through the increased computational power and availability of large scale
datasets, deep neural networks have become an instrumental tool for a wide range of machine learning
tasks. While these networks continue to provide breakthroughs across many domains, they continue
to be considered black boxes due to their complexity and their near impossible interpretability. As a
first step in unraveling the effectiveness of these black boxes, research in recent years has identified
the layer-wise structure of convolutional neural networks (CNNs) [11] as well as the images that the
network is learning behind the scenes [10, 15]. Even though this work has enhanced our knowledge
into these networks, much of the focus has been concentrated on networks that handle images or
text. While these are two important mediums to evaluate, we believe that it is paramount for the
community to also place our focus on raw valued datasets that cannot be easily visualized.
Therefore, in this paper we discuss some of the previous work in visualizing neural networks and
state our position on the need to explore raw-valued datasets for this task. To present this position,
we will show the early explorations that we have made in this realm in order to foster discussion and
to show some initial work in this challenging task.

2

Background

In the past couple of years, a vast amount of literature has focused on uncovering the hidden mysteries
embedded within deep neural networks [20, 3, 19, 14]. With the breakthrough in convolutional
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Figure 1: Previous work, titled CNNVis, in which the learned features and concepts of each layer and
its respective neurons is displayed in a visualization.

neural networks (CNNs), the activation maps of large networks such as AlexNet were visualized to
understand which nodes had been activated for images [10]. Beyond that, Google has attempted to
reverse deep CNNs in an attempt to visualize the learned weights by the networks in what has been
referred to as “DeepDream” [15].
Most recently at the last two IEEE Visualization Conferences (2016 & 2017) several papers have
attempted to provide tools to inspect deep neural networks: ActiVis, developed by Facebook, supports
instance level and node level inspection in which diagnosing where a network made an incorrect decision can be identified [8]; Alsallakh et al. visualized CNNs and identified performance improvements
based on the class hierarchy [1]; and CNNVis built on the rich existing literature on understanding
CNNs and built a representation shown in Figure 1 [11].

3

Position

While the existing research has been able to provide explanations in CNNs, there exists a need to
explore raw-valued datasets that are difficult to visualize. This is especially true for the medical
domain that greatly relies on being able to interpret and explain how a decision is made. Much
of the current clinical informatics research focuses on utilizing decision trees due to the high
interpretability associated with the method [7, 9, 17]. However, decision trees are severely limited in
their performance on large datasets and complex tasks, but compared to neural networks, support
vector machines, random forests, and many other methods; they are very easy to understand for a
domain that heavily relies on explanations.
However, while decision trees have been utilized greatly in the medical literature, there has been
research utilizing deep neural networks that has shown breakthrough performance on clinical tasks
using raw-valued datasets, such as the work in Deep Patient [13]. Understanding the network that
was trained by this approach and understanding how clinical decisions are arrived at would reveal
a lot. Ultimately, we envision an approach that is able to build a visualization similar to that of
CNNVis (Figure 1) where the progressive learning of concepts can be easily seen and culminated into
a decision made by the network. Furthermore, by visualizing these networks it would be possible to:
(i) embed clinical knowledge in order to speed up/skip parts of the training process and (ii) utilize
clinicians’ expertise to fine tune a trained network to remove incorrect decisions that are made.
2

Figure 2: A scatterplot matrix of the iris dataset where each color is a different class of flower. This
matrix shows the different properties of the classes and how they are related.
While a lot of work exists for visualizing and understanding deep neural networks with raw-valued
datasets, we will present some of the initial explorations that we have taken with a basic dataset. With
this, we hope to foster discussion and simultaneously move to visualizing some of the large neural
networks that we have trained on raw-valued medical data.

4

Visualizing Iris

4.1

Dataset

To provide an easy to understand example of visualizing and understanding a neural network, we
will present our initial explorations into a network trained on the iris dataset [6, 2]. The iris dataset
is commonly used as an introduction to machine learning due to its simpleness and relatively easy
separability. A visualization, in the form of a scatterplot matrix 2 , is shown in Figure 2 where each
class is mapped to a specific color. Inspecting this matrix, it is possible to see that the blue class is
vastly different from the other two classes; while the orange and green classes are very similar and
even can be difficult to differentiate between at certain points.
4.2

Network Design

Using the neural network library, Keras [4], we constructed a network that contained a single hidden
layer of 8 nodes and an output layer of 3 nodes, where each output node corresponded to a class
within the dataset. For activation functions, the hidden layer utilized ReLU [16, 18] and the output
layer utilized softmax [12]. These functions were chosen due to their simplicity and relatively easy
interpretability as ReLU is a simple linear function.
Next, we trained the network with the categorical cross entropy loss function for 100 epochs on the
entire dataset. Running the trained network against the same dataset, it achieved a 97% accuracy in
predicting the correct class.
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(a) Class 1

(b) Class 2

(c) Class 3

Figure 3: The average node activations across the network for each class within the network.

4.3

Per Class Networks

Using the trained network, we both saved the architecture and its weights as well as ran each instance
through the network to log the activation at each node. These logs of the network at each instance
would allow us to generate visualizations of the network and understand how the data flows through
the network.
The first analysis step that we took was to aggregate the activations of the instances for each class and
generate a visualization based on the average values for each node. The results of this can be seen in
Figure 3. Analyzing the hidden layer of each class, an interesting insight into the data can quickly be
obtained: class 1 primarily activates two nodes while classes 2 and 3 activate a series of different
nodes. This instantly reveals to us a similar insight that we gained from the scatterplot matrix in
Figure 2 that is widely known for this dataset: one of the classes is vastly different than the other two.
4.4

Overall Network

To gain a better overview of the entire network, we attempted to create a visualization for the network
that would encompass all three classes. We accomplished this by utilizing the average activations
from the per class networks building a pie chart at each node location indicating the relative activation
of each class for a particular node. This can be seen in Figure 4 where each class is mapped to a color:
class 1 (blue), class 2 (orange), class 3 (green). Additionally, the weights between nodes are drawn
with both color and size mappings: red to white to green where a dark red indicates a negative weight,
white indicates a zero weight, and a dark green indicates a positive weight. For the size mapping,
the absolute value of the weight is utilized to determine the width of the line: width = |weight| ∗ 5,
causing for weights close to zero to be near non-existent.
The first thing that is possible to notice with this network are the activations at the output layer: class
1 is always predicted blue while classes 2 and 3 have some minimal alternate predictions mixed in.
Additionally, it is easy to notice that a network of 8 nodes was too large for this task as there exists 4
nodes within the network that have an activation of 0 and hardly any weight influence to future layers
of the network.
Moving past these simple observations, looking at the hidden layer we see similar trends to those that
were evident within the per class networks: blue is only activated for nodes 5 and 8 within the hidden
layer and not for any others. Furthermore, the weights between the nodes reveal why these nodes are
limited to only certain classes. Nodes 1 and 2, because they do not activate at all for the blue class,
they have a very negative weight to the blue output node. This can be explained by the fact that the
blue output node can determine that the instance is not blue if these two nodes are activated.
Moving on to the two blue activated nodes in the hidden layer, node 5 has a high negative weight to
the green class while node 8 has a relatively high positive weight to the blue output node. With this,
we can see how these nodes influence the output.
The weights between the hidden and output layer explain what each node learned for the output, the
weights between the input and hidden layer reveal what these nodes are learning. Looking at the 4th
input, petal width, we can see that it is heavily positively weighted towards nodes 1 and 2, while it is
very negatively weighted towards node 5. This indicates that the blue class cannot be explained by
the petal width and that both the green and orange classes can.
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Figure 4: A visualization of the entire iris neural network in which each node contains a plot showing
which of the three classes (blue, orange, and green) activated the particular node.

4.5

Feature Influence Network

While the overall network in Figure 4 explains the connection of the input layer on the hidden layer,
understanding the exact influence of each flower feature is another important task. Figure 5 displays
a visualization of the result of varying each input and the effect/change that it has on each node’s
activation. The features of the iris dataset displayed in this visualizations consists of: sepal length
(blue), sepal width (orange), petal length (green), petal width (red). To construct this visualization,
the minimum and maximum were taken for each feature and then a pass through was made for the
network for each value in between the two extremes, while the other features were remained constant
at 0.
With this influence graph we can see that the nodes that had been considered “useless” and a zero
node, actually does receive influence from several features. Looking back at the nodes described in
the overall network, it is possible to see that nodes 1 and 2 mainly are updated with the green and red
features, while nodes 5 and 8 are mainly influenced by the blue and orange features.
In the output layer, it is possible to see that the blue and orange features heavily influence the first
class (that was the blue class in previous visualizations). Beyond the blue and orange features, the
green and red features are curved in each of the output nodes and it can be seen that there exists a
range for each of these features where the node’s activation is maximized. Using this information, we
can infer the range of the values for both of these features where the two classes can be separated.
4.6

Clustering Network Nodes

While these visualizations have provided insights into the Iris dataset, we seek to explore datasets
that are much more complex and networks that are much larger. To be able to accomplish this,
visualizing the hundreds, thousands, or millions of nodes within a deep neural network would simply
be infeasible and impossible. Therefore, we explore a potential solution to simplifying the Iris
network in Figure 6.
5

Figure 5: The influence of the change in each input feature on the activation of each node in the
neural network.

Figure 6: An example of clustering nodes in order to simplify a hidden layer, which would be useful
for future work in which layers can contain large amounts of nodes.
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In this network, the hidden layer was clustered using the average activations for each class and
utilizing hierarchical clustering [5] to achieve a hierarchical representation of the layer. For this
figure, the nodes in the hidden layer are labeled with numbers indicating the node’s position in the
original overall network from Figure 4. We can see how the nodes with zero activations are clustered
together while the remaining nodes are clustered according to the patterns that we had identified
earlier: 5 and 8 are the only nodes with the blue class. While, this is just an example method, we seek
to explore these types of methods further to be able to achieve an explanation of a large hidden layer.

5

Discussion

Through the position stated in this paper, the need for understanding deep neural networks for raw
valued datasets has been described. Through the example visualizations and exploration that we have
performed, it is clear that analyzing the nodes within the network is important for understanding how
decisions are made and could be applied to real-world examples, such as medical diagnoses.
For the future, we encourage and also seek to build on this exploration by aiming towards building
a network visualization, similar to that of CNNVis in Figure 1, where a large network can be
summarized into the concepts learned by each set of nodes and layer. Furthermore, we also look
forward to utilizing this network visualization to be able to evaluate the training process of the
network and being able to embed clinical knowledge into the training process to: (1) speed up the
learning and (2) optimize parts of the network that make incorrect decisions.
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