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Abstract. The interpretability of Graph Convolutional Neural Networks
is significantly more challenging than for image based convolutional net-
works, because graphs do not exhibit clear spatial relations between their
nodes (like images do). In this paper we explore a method for computing
node-relevance information for graph convolutional classification mod-
els. To do this, we adapt the Grad-CAM algorithm by replacing the part
which heavily relies on the 2D spatial relation of pixels in an image, with
an estimate of the node importance by its appearance count in the re-
sult of the Grad-CAM. Our strategy was defined for a real-world problem
with relevant domain-specific assumptions; thus, we additionally propose
a methodology for systematically generating artificial data, with similar
properties as the real-world data, to assess the generality of the learning
process and interpretation method. The real data is represented by com-
plete, weighted graphs. By applying a sparsification strategy, preliminary
results suggest that informative nodes in the graphs can be identified.

1 Context and motivation

Model interpretability can be important for several reasons: first, it builds trust
and confidence in machine learning models when applied to sensible problems
(e.g. medical diagnosis and prognosis, terrorism prediction, credit assessment,
etc). In such domains, if the model can explain its decisions, it is easier to asses
its fairness (does not discriminate against protected groups), privacy-compliance,
robustness and the ability to identify causality [1]. Second, it is a potentially pow-
erful tool for generating new domain knowledge in ”difficult” domains, such as
neuroscience. For example, interpretable models could provide new insights into
understanding the effect of alcohol on the brain. In the same line of argument,
if the performance of the model beats human performance (e.g. chess, Alpha-
GO), machine-driven instruction could be used to help humans improve their
skills. Last, but not least, interpretability can be thought of as a useful tool for
understanding and correcting model errors.

In general, we are faced with a trade-off between performance and inter-
pretability. Graph classification is normally a domain which requires the ap-
plication of complex learning models, such as deep neural networks, which are
not interpretable by nature. Several relevant attempts have been made to in-
terpret complex models post-hoc (briefly reviewed in section 2). However, most



approaches focus on tabular inputs, or inputs with a known, structured or hi-
erarchical relation between the elements (e.g. the 2D spatial relation between
pixels in an image or the 1D temporal relation between words in a sentence).
For graph data, we do not have such spatial or temporal semantics to work with,
which makes interpreting any model built on such data even more difficult.

The starting point of our research is rooted in neuroscience: trying to iden-
tify neurons in the brain which are most affected by alcohol consumption, and
which separate between non-alcohol and alcohol affected states. Graph/network
analysis methods that are applied to this problem need to produce interpretable
models, because their aim is to help understand brain behavior. The starting
hypothesis is that there is a small subset of neurons whose connection weights
are affected by alcohol, and those neurons are responsible for changing the over-
all behavior and response to alcohol. While initially driven exclusively by this
hypothesis, we assess that the methods investigated are applicable to any graph
classification problem. We propose a method for graph data classification and
model interpretation which generates class-specific relevance heatmaps for the
nodes in the graph by applying a modified version of Grad-CAM [2] – an inter-
pretability method initially designed for image CNNs.

2 Related work

Some classification models (e.g. decision trees, logistic regression) are inherently
interpretable. For the others, which have a black box behavior, interpretability
methods can be divided into model-agnostic and model-specific [3]. The first
category encompasses methods which can be applied to any classification model,
and generally focus either on explaining a model by computing feature relevance
scores – globally [4], [5], [6], or at instance level [7], [8] – or try to build a global
or a local interpretable surrogate model, such as LIME [9].

In the context of Convolutional Neural Network (CNN) models, agnostic
interpretability methods do not exploit that such models learn new features and
concepts in their hidden layers and are computationally inefficient, because they
do not use gradient values [3]. For interpreting CNN models, recent works in
literature focus either on perturbing the input (or hidden network layers) and
observing the corresponding changes – generally computationally intensive and
can show instability to surprise artifacts (a line of research closely related to
adversarial attacks on CNN architectures) – or leveraging gradient values to
infer feature importance – computationally efficient, but poses challenges when
propagating gradients back through non-linear and re-normalization layers.

[10] proposes the use of deconvolution to identify which part of an image most
strongly activates a specific unit in the network: typically, all neurons except one
are set to zero in the high level feature map corresponding to the layer of that
unit, and we perform a backward pass through the CNN down to the input
layer. The resulting reconstructed image shows which part of the input image
most strongly activates that unit. Class specific saliency maps [11] are generated
by computing the gradient of the class score with respect to the input image.
The intuition is to use the gradients to identify input regions that cause the most



change in the output. The main difference between the last two techniques is how
gradients are passed through non-linear layers such as the Rectified Linear Unit
(ReLU): in [11] the gradients of neurons with negative input are suppressed, while
in [10] the gradients of neurons with incoming negative gradients are suppressed.
Guided backpropagation [12] combines both strategies, by suppressing the flow
of gradients of both negative input and negative gradient neurons.

Class Activation Maps (CAMs) [13] identify the image regions used by a CNN
to discriminate between different categories. It can only be applied to a limited
set of CNNs and it alters the architecture by adding at the end a Global Average
Pooling layer (GAP) and then a fully-connected layer. This is done to preserve
the localization ability of any network, which is lost using fully connected layers.
However, this change could affect the performance of the model.

A significant shortcoming of the methods presented above is that they do
not address re-normalization layers, such as max-pooling. Propagating gradi-
ents back through such a layer can be problematic since the functions used are
not generally differentiable. Grad-CAM [2] tries to circumvent this problem by
relying on the activation maps of the final convolutional layer to build a down-
sampled relevance map (heatmap) of the input pixels, which is then upsampled
to obtain a coarse relevance heatmap of the input.

3 Interpreting Graph Convolutional Network models
with Grad-CAM

In the up-sampling step, Grad-CAM performs a bi-linear interpolation between
neighboring pixels, which is computationally efficient and produces good results
for images, but cannot be directly applied to graphs. Consequently, we modify
Grad-CAM to address this and allow the generation of class-relevant heatmaps
containing estimates of the each node’s importance to a specific class. We inte-
grate our solution with the Deep Graph Convolutional Neural Network model
(DGCNN) [14]. Because the neuroscience problem we started from assumes com-
plete, weighted, un-directed graphs, we include a sparsification step to remove
potentially non-informative edges.

3.1 Graph sparsification

The sparsification step is motivated exclusively by the application domain we
started from. The main idea is to try and eliminate non-informative edges in or-
der to improve classification accuracy and model interpretability. Given a com-
plete weighted graph G(V,E), where V represents a set of vertices and E repre-
sents a set of edges, we want to eliminate edges, ei(u, v, wi), whose weights, wi,
are below a computed threshold T . Let SumG be the sum of all the weights from
the graph. We sort the edges in descending order by weight, < e1, e2, ..., en >,
where w1 > w2 > ... > wn, and considering this order we keep only those edges
< e1, e2, ..., em > that have the sum of weights smaller than the threshold T
(computed as a percentage of the total sum of weights):

SumG =

m∑
i=1

wi < p% ∗ SumG, p ∈ [0, 100], m <= n = |E|, (1)



The weights of the edges are always between an interval [a, b]. By using the
descending order, we keep, depending on T , the edges with the highest values of
the weights from this interval. Also, if we sort the edges in ascending order, we
keep the weakest ones (the ones having weights closer to a).

3.2 Deep Graph Convolutional Neural Networks

End-to-end deep learning architectures, such as the Deep Graph Convolutional
Neural Network (DGCNN) [14], take as input graphs of arbitrary structure,
(G, y), where y represents the label of the graph, and build a graph classification
model by applying end-to-end gradient based training. As opposed to methods
which use graph embeddings to transform graphs into tensor data that can be
then classified via traditional machine learning algorithms, end-to-end methods
solve a single joint optimization problem, which includes both feature learning
and classification. This gives them the potential to produce better classifica-
tion outcomes than the decoupled, embedding-based methods, but increases the
complexity of the problem and thus, the computational effort needed to solve it.
The DGCNN architecture is composed of three sequential parts. The first part
extracts useful features for every vertex by using Graph Convolutional Networks
(GCN). The extracted features characterize the graph topology and based on
them, in the middle part, due to the use of the SortPooling layer, an order of
vertices is defined. In the last part, the ordered sequence of nodes are introduced
into a 1D convolutional neural network and then into dense layers with the pur-
pose of learning a classification function. For a more in-depth description of the
specific principles used by DGCNN, we refer the reader to [14].

3.3 DGCNN Interpretability

The next step after classifying graphs is to find the nodes which best discriminate
between classes, in the attempt to interpret the model. We adapted Grad-CAM
to graph classification models by starting from the premise that the graph nodes
ordering resulting after the SortPooling layer in DGCNN encodes specific struc-
tural information (based on the relative structural relevance of the nodes within
the graph), similar – in a way – to how pixels in neighboring regions of an image
are correlated. In the following steps we detail our solution.

Let F1, F2, ..., Fn be the feature maps in the final convolutional layer and Sc

the score of the target class c. The corresponding gradients (w1, w2, ..., wn) are
computed by using the formula:

wi =
∂Sc

∂F
|Fi,∀i = 1, .., n (2)

These gradients are global-averaged pooled in order to obtain a weight of the
importance of a feature map Fi for a target class c. By multiplying the weights
wi with their corresponding feature maps we obtain the weighted activations:

Ai = wi ∗ Fi,∀i = 1, .., n. (3)



The next step is to sum all the activations of the feature maps and apply the
ReLU function, the result being a downsampled feature-importance array:

H = ReLU(

n∑
k=1

Ak) (4)

We don’t upsample H as it is done for images, we go back through the archi-
tecture to find an approximation of a group of nodes that are good predictors for
a target class. The part of the architecture were we apply our reverse process is
the CNN’s part, as it is depicted in the figure 1. In this example, and even in the
architecture which we used, this part is composed of two 1D convolutional layers
and a MaxPooling layer. The first 1D convolutional layer combines the resulted
features of every node from the SortPooling layer into one feature. The dimen-
sions of the ordered array does not change after this layer. Next, a MaxPool-
ing operation is applied and, depending on the values of the hyperparameters,
kernel and step, the dimensions of the previous array changes. A second convo-
lutional layer is applied, changing the dimensions of the array again. We apply
Grad-CAM on the result of the previous convolutional layer. Therefore, we can
associate an element from H with a group of nodes, FG, by going back trough
the architecture. In the illustrated example, FG1 (Final Group 1) is represented
by two previous groups of nodes, where G1 (Group 1) contains the nodes 1 and
2, and G2 (Group2) contains the nodes 3 and 4. In the end, FG1(1) points to
the nodes 1,2,3,4. H consists of values between 0 (meaning that the group of
nodes is not important in classifying the target class) and 1 (meaning that the
group of nodes is a very good predictor for the target class). For every node, vi,
we define an importance 11-bins array, ci, where the indexes represent decimal
intervals from H. For instance, the index 0 represents the values between 0 and
0.1, the index 1 represents values between 0.1 and 0.2 and so on. C is defined
as a frequency matrix where the row ci is the importance frequency array for
the node vi. This matrix is obtained by applying the Importance frequency algo-
rithm (shown below) to every computed H. Based on the C matrix we generate
the interpretability heatmaps(4.3) to visualize the discriminative nodes.

Fig. 1: DGCNN + Grad-CAM



Algorithm 1: Importance frequency algorithm

Input : H - importance array, FG - a matrix of the nodes
Output : C - importance frequency matrix
Initialize: C(i)← 0, ∀ i = 1, ..., n, where n = |V |

1 foreach element h ∈ H do
2 foreach node v ∈ FG(h) do
3 idx← bh ∗ 10c;
4 C(v)(idx)← C(v)(idx) + 1

5 end

6 end

4 Experimental Evaluation and Results

4.1 Dataset description

The initial dataset we developed our solution on consists of a number of classes of
graphs representing the brain functional networks in various physiological states.
We generated a set of 500 synthetic complete weighted graphs, each having 85
nodes. The graphs belong to 2 different problem states (class labels), State1
and State2, being evenly split in 250 graphs per class. Each node has the same
interpretation across all the graphs. The weights of the edges are numbers in the
[−1, 1] range, with strong bias towards positive edges.

Data generation: Consider a graph G(V,E) ∈ GC , where GC - the set of
graphs in class C. For each node v ∈ V , compute c(v, a, b) - the number of edges
e(v, u, w) ∈ E with a ≤ w < a+b. Supposing all the edge weights in G are in the
[w1, w2] interval, select an appropriate value for b such that a ∈ {w1, w1+b, w1+

2b, ..., w1 + (n− 1)b} = B and w1 +nb ≤ w2. Let c(v)
−1

= (c(v, i, b)|i ∈ B). The
edge weight distribution of graph G can then be defined as the matrix

EWDG = (c(v)|v ∈ V ).

By dividing each element in EWDG with the sum of the elements in c(0) we can
obtain the divided edge weight distribution dEWDG, where each element in a
bin represents the percentage of weights that fall in that bin. By capturing the
behaviour of each node’s group of edges, the edge weight distribution is used to
model features from the original graph such as node isolation. Using the edge
weight distributions of 2 states from the initial data we have generated the input
dataset.

4.2 Classification performance evaluation

We performed the classification task using the network structure for DGCNN as
presented in [14]. We used 10 fold cross-validation for hyper-parameter tuning
and built a model for each of the following sparsification percentages p: p =



100%, p = 70%, p = 50%, p = 30%, p = 10%. The number of epochs is 50 for
p = 100%, p = 70%, p = 50% and 100 for p = 30% and p = 10%, because for
these percentages our model learns more slowly. Figures 2a, 2b, 2c, 2d show the
resulting learning curves for percentages p = 100%, p = 70%, p = 30%, p = 10%.
The average test accuracy of the resulting models are presented in Table 1. By
sparsifying graphs, the performance of the models is not affected drastically.
This means that the interpretation result conveys meaningful information.

Table 1: Classification performance, at varying sparsification percentage p
p(%) 100 70 50 30 10

Accuracy(%) 97.9 98.5 97.3 92.9 90.3

4.3 Interpretability heatmaps

In order to visualize the discriminative nodes we created a heatmap where the
horizontal axis (Oy) represents the nodes of the graph, G, and the vertical axis
represents the interval [0,1], the importance of a node in classification (the values
from H). The color represents the difference between two states (classes), State1
- State2. If we have the blue color on the top of the image (values between 0.6-
1) and the red color on the bottom (0.1-0.6), it means that a node is a good
predictor for State2, and if we have the red color on the top of the image and the
blue color on the bottom, it means that a node is very important in classifying
State1. The green colour shows that the node is not important in classifying
any of the states. Also, the values between 0 and 0.1 are removed for better
visualization. The heatmaps for the models presented above are illustrated in
figures 3a, 3b, 3c, 3d. We notice that if we keep all the edges no clear patterns
emerge, because the information is actually distributed across the nodes (figure
3a). But if we sparsify the graphs using a percentage p = 70%, the heatmap 3b
shows how our classifier distinguishes between classes by highlighting different
nodes that are good predictors (and the model performance is the same).

5 Conclusion

Interpretability is – in many application domains – crucial towards accepting
machine learning models. Graph Convolutional Neural Networks add an extra
layer of difficulty for interpretability methods, because graphs do not exhibit
clear spatial relations between their nodes (like images do).

In this paper we propose a method for graph classification and model in-
terpretation, which combines DGCNN with a modified Grad-CAM algorithm,
to obtain heatmaps representing each node’s relevance to the classification of
a specific graph. We alter the Grad-CAM algorithm to apply only operations
which do not assume a specific locality for nodes. We evaluate our method on
a synthetic dataset which was generated to emulate a real dataset representing
brain functional networks in different physiological states. These functional net-
works are represented by complete, weighted graphs that need to be sparsified.
The performance of the model is not affected drastically by the sparsification
process, so that the interpretation result is valid.



(a) The learning curve for p = 100% (b) The learning curve for p = 70%

(c) The learning curve for p = 30% (d) The learning curve for p = 10%

Fig. 2: The learning curves for models at different sparsification percentage p

(a) The heatmap for p = 100% (b) The heatmap for p = 70%

(c) The heatmap for p = 30% (d) The heatmap for p = 10%

Fig. 3: The heatmaps for every sparsification percentage considered.
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