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Abstract. Many explanation methods have been proposed to reveal insights about
the internal procedures of black-box models like deep neural networks. Although
these methods are able to generate explanations for individual predictions, little
research has been conducted to investigate the relationship of model accuracy and
explanation quality, or how to use explanations to improve model performance.
In this paper, we evaluate explanations using a metric based on area under the
ROC curve (AUC), treating expert-provided image annotations as ground-truth ex-
planations, and quantify the correlation between model accuracy and explanation
quality when performing image classifications with deep neural networks. The
experiments are conducted using two image datasets: the CUB-200-2011 dataset
and a Kahikatea dataset that we publish with this paper. For each dataset, we
compare and evaluate seven different neural networks with four different explain-
ers in terms of both accuracy and explanation quality. We also investigate how
explanation quality evolves as loss metrics change through the training iterations
of each model. The experiments suggest a strong correlation between model ac-
curacy and explanation quality. Based on this observation, we demonstrate how
explanations can be exploited to benefit the model selection process—even if
simply maximising accuracy on test data is the primary goal.
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1 Introduction

Interpretability is considered an important characteristic of machine learning models, and
it can be as crucial as accuracy in domains like medicine, finance, and criminal analysis.
Recently, many methods [19,21,22,25,26] have been proposed to generate visual
explanations for deep neural networks. Since both model accuracy and explanations
are relevant for many practical applications of deep neural networks, it is important
to study the relationship between them. This is challenging because (1) the lack of
ground truth for explanations makes it difficult to quantify their quality—the evaluation
of explanations is generally considered subject to users’ visual judgement—and (2) no
universal measurement has been agreed upon to evaluate explanations. Our work aims
to address this problem and provide empirical results studying the correlation between
model accuracy and explanation quality. Based on the observation that model accuracy
and explanation quality are correlated, we examine a new model selection criterion
combining both model accuracy and explanation quality on validation data.
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Fig. 1: Demonstration of different explanations by different models making the same
prediction. From top-left to bottom-right: the original image with Kahikatea highlighted
in the red region, the explanations from ResNet18, ResNet50, AlexNet, DenseNet,
InceptionV3, SqueezeNet, and VGG11 generated by the Guided GradCAM explainer.

1.1 Why it is important to evaluate the quality of explanations?

Intuitively, a model that achieves competitive predictive performance and makes deci-
sions based on reasonable evidence is better than one that achieves the same level of
accuracy but makes decisions based on circumstantial evidence. Given a mechanism for
extracting an explanation from a model, we can investigate what evidence the model
uses for generating a particular prediction. If we consider the explanation to be of high
quality if it is based on reasonable evidence and of low quality otherwise, we can attempt
to use explanation quality to inform selection of an appropriate model.

An example of comparing models from the perspective of explanations is shown
in Fig. 1. Given an image containing Kahikatea trees—a species of coniferous tree
that is endemic to New Zealand—seven deep neural networks (ResNet-18, ResNet-50,
AlexNet, DenseNet, Inception-V3, SqueezeNet and VGG11) correctly flag the presence
of this type of tree in the image, but the explanations are different. For this particular
image, and the visual explanations generated by Guided GradCAM [21] that are shown
in the figure, one can argue that the explanations obtained from AlexNet, Inception-V3,
ResNet-18, and VGG-11 are more reasonable than those from other models because they
more closely align with the part of the image containing the species of tree (the red area
marked in the photo).

If we are able to quantify the quality of an explanation, we can define a score for a
model f with respect to both accuracy and explanation quality as

6]

score(f) = a - scoregec(f) + (1 — @) - scorecppranation ()



Model Accuracy and Explanation Quality 3

and use it for model selection instead of plain accuracy. Here, score,.. represents
the model performance in terms of accuracy, scorecgpianation Tepresents the model
performance in terms of explanation quality, and « € [0, 1] is a user-specified parameter.

In this paper, we propose a mechanism to measure the quality of explanations
SCOT€egplanation Dased on area under the ROC curve and perform a large number of
experiments to test the hypothesis that model accuracy is positively correlated with
explanation quality because a model tends to be accurate when it makes decisions
based on reasonable evidence. Although some recent work [4, 1] makes use of this
intuition, there is no theoretical or empirical proof to support the claim. Our work makes
a complementary contribution aimed to close this gap by providing empirical evidence
for the relationship between model accuracy and explanation quality. We hope this will
boost future research on how to use explanations to improve accuracy. As a first step in
this direction, we use Eq. (1) as the selection criterion to choose deep image classification
models from the intermediate candidates that are available at different epochs during
the training process. The results show that the models chosen by considering the quality
of explanations are consistently better than those chosen based on predictive accuracy
alone—in terms of both accuracy and explanation quality on test data.

The main contributions of our work are:

We show how to use a parameter-free AUC-based metric to evaluate explanation
quality based on expert-provided annotations.

We investigate the relationship between model accuracy and explanation quality by
empirically evaluating seven deep neural networks and four explanation methods.
We demonstrate that explanations can be useful for model selection especially when
the validation data is limited.

We publish a new Kahikatea image dataset together with expert explanations for
individual images.

2 Background and Related Work

We first review work on explainability in neural networks and existing publications that
consider the evaluation of explanation quality.

2.1 Explainability in neural networks

Early research on explainability of neural networks constructed a single tree to mimic the
behaviour of a trained network [5] and uses the interpretable tree to explain the network.
In contrast, recent research focuses on extracting explanations for individual predictions
and can be categorized into two types of approaches: perturbation-based methods and
gradient-based ones.

Perturbation-based methods generate synthetic samples of a given input and then
extract explanations from the synthetic vicinity of the input. LIME and its variations [19,
20] train a local interpretable model (a linear model or anchors) from the perturbations.
The approaches in [3, 16] compute Shapley values based on perturbations to represent
explanations, and KernelSHAP [16] estimates Shapley values with the LIME framework.
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Gradient-based methods aim to estimate the gradient of a given input with respect
to the target output or a specific layer, and visualize the gradient as an explanation.
Saliency [23] generate gradients by taking a first-order Taylor expansion at the input
layer. Backpropagation [23] and Guided Backpropagation [25] are proposed to compute
the gradients of the input layer with respect to the prediction results. Class Activation
Mapping (CAM) [31] and its variants Gradient-weighted Class Activation Mapping
(GradCAM) and Guided Gradient-weighted Class Activation Mapping (GuidedGrad-
CAM) [21] produce localization maps in the last intermediate layer before the output
layer using gradients with respect to a specific class label. While perturbation-based
methods are usually model-agnostic and can be applied for any model, gradient-based
methods are often used in neural networks. A detailed discussion and comparison can be
found in [7, 17].

2.2 Evaluating explanation quality

Evaluating explanation quality is a challenging problem and, to the best of our knowl-
edge, there is no universally recognized metric for this, mainly due to the variety of
representations used for explanations. Manual evaluation [19, 21, 12] is commonly used
for image explanations. However, evaluation by simple visual inspection is subject to
potential bias [2]. In contrast, [31] computes top-1 error and top-5 error of the image
segments generated by explanations provided by class activation mapping (CAM) tech-
nique. The publications on LIME [19] and LEAP [11] calculate precision, recall and
F score to measure explanation quality. The work in [15, 6] converts the problem of
generating image explanations to the problem of weakly-supervised object detection
and adopts the Intersection over Union (IOU) metric that is used in object detection. All
of these methods suffer from the problem that a user-specified threshold or trade-off
parameter is implicitly assumed in the metrics they employ: top-N error, F-measure, and
IOU. In this paper, we adopt a metric based on Area Under the ROC Curve (AUC) to
evaluate explanation quality, which takes into account false positive and true positive
rate for all possible thresholds, and perform an extensive empirical evaluation based on
a large set of explanation methods and models.

3 Definitions

We first give definitions of key concepts that are used in this paper, focusing on the
context of image classification.

Definition 1. Given an image input x of size (M, N) and a model f, the explanation
e for the prediction f(x) is represented as a two dimensional array of the same size
(M, N), where each entry in e is a real number and provides the attribution of the
corresponding pixel in x.

Definition 2. Given an image input x of size (M, N) and a model f, an explainer is a
procedure that takes x and f as inputs and returns an explanation e for the prediction

f(=).
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Fig.2:

(a) Original image (b) Expert explanation

Fig. 3: Example of expert explanation in Kahikatea dataset

An example of an explanation is given in Fig. 2. Given the image input shown on the left
of Fig. 2, and a trained Resnet18 model [8], which makes the prediction that the input
contains Kahikatea trees, the explanation for this prediction is given on the right of Fig.
2. In this example, the explanation is extracted using the explainer GuidedGradCAM
and is visualized as a heat map.

Definition 3. Given an image input x of size (M, N), the expert explanation ey for
x is an image of the same size and contains a subset of pixels of x. The pixels in x
are present in €4 if and only if these pixels are selected by an expert based on their
domain knowledge.

The expert explanations for the Kahikatea dataset introduced in this paper are obtained
by domain experts selecting the pixels that are part of Kahikatea trees; an example is
given in Fig. 3. We also use a second dataset for our experiments in this paper: CUB-
200-2011 [29]. The expert explanations for this dataset are extracted from the bounding
box information that covers the locations of objects; an example is given in Fig. 4. Note
that the expert explanations in this latter dataset may not consist exclusively of relevant
information; however, crucially, all relevant object-specific information is included in
the bounding box.

4 Investigating the Relationship between Model Accuracy and
Explanation Quality

We now discuss the experimental procedure used in our experiments to test the hypothesis
that model accuracy and explanation quality are strongly related.
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(a) Original image (b) Expert explanation

Fig. 4: Example of expert explanation in CUB-200-2011 dataset
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Fig. 5: Process for evaluating the explanation quality

4.1 Evaluating explanation quality

The key step in investigating the relationship between model accuracy and explanation
quality is to quantitatively evaluate the quality of explanations. In this paper, we compute
the Area under the ROC Curve (AUC) to quantify explanation quality because AUC is
scale invariant and threshold invariant.

Given an image annotated with an expert explanation, and an explanation heat map
generated by an explainer for the prediction of an image by a model, we compute AUC
as follows (the procedure is illustrated in Fig. 5.):

— Step 1: Convert the expert explanation €., to a binary two-dimensional matrix

binary '\ here each entry corresponds to a pixel in the image. The binary value is

set to 1 if the corresponding pixel is selected in the expert explanation provided for
the image, and to O otherwise.

— Step 2: Convert the prediction explanation to a two-dimensional matrix e, where
each entry is the attribution of the corresponding pixel. The attributions are generated
by an explainer and are normalized into the range [0, 1].

— Step 3: Flatten both ™" and e into one-dimensional vectors.

true 5
binary

— Step 4: Compute AUC using the e;,.,,. ~ and e vectors.

To show the benefit of using AUC, Fig. 6 shows the comparison of three metrics: pre-
cision, recall and AUC. These metrics are computed for the same generated explanation
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a) Original image

(c) Generated explanation

(d) Binary explanation with (e) Binary explanation with (f) Binary explanation with
threshold=0 threshold=0.1 threshold=0.2

Fig. 6: Comparison of different evaluation metrics. The AUC for (c) is 0.64. (d)-(f) are
the binary explanations that are converted from (c) with different thresholds. Precision
and recall for the binary explanations are as follows: (d) precision=0.29, recall=0.48, (e)
precision=0.66, recall=0.11 , and (f) precision=0.64, recall=0.04

shown in Fig. 6¢. To compute precision and recall, a threshold is required to convert the
generated explanation to a binary representation, thus these metrics change as different
thresholds are applied, while AUC is threshold invariant.

In our experiments, we evaluate the quality of explanations generated by four dif-

ferent explainers from the literature, namely, Saliency [23], BackPropagation [25],
GuidedGradCAM [21], and GradientShap [16].

4.2 Comparing different models

To study the interaction between explainer algorithm and deep neural network that it
is applied to, we evaluate each of the four explainers for seven deep neural networks,
namely, AlexNet [14], DenseNet [9], Inception-V3 [28], ResNet-18 [8], ResNet-50 [30],
SqueezeNet [10], and VGG-11 [24].

We consider accuracy scorege, loss, and explanation quality scoreegpianation- The
primary metric of predictive performance is score,.., which is calculated as the por-
tion of correctly classified test instances, but we also report the results of test losses
in the experiments (entropy losses are used for the neural networks in this paper).
SCOT€eqplanation 18 calculated as the average AUC obtained across all test images.
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As illustrated in the example in Fig. 1, it is clear that different models may reach the
same decision based on different evidence—as indicated by the explanations provided.
Thus, it is important to compare models from the perspective of explanation quality,
especially when the models achieve comparable accuracy. However, we can also investi-
gate the correlation between accuracy and explanation quality across different models.
This is important to test the generality of our hypothesis that a model tends to make
correct decisions when its prediction explanations are of high quality.

4.3 Studying explanations as a model evolves during training

It is also of interest to consider how explanations evolve during the training process of
deep neural networks. To this end, instead of just comparing different models, we also
evaluate the explanation quality obtained with a model at different epochs during the
training process.

Assume a model f is trained with T iterations, and let f; be the intermediate model
at iteration ¢, scorecgpianation(ft) be the explanation metric for f;, and scoreqe.(fi) be
the accuracy metric for f;. Then, we compute the correlation between the sequences
of scores [Scoreexplanation(fl)a SCOT €explanation (.f2)7 B Scoreexplanation(fT)] and
[scoreqce(f1), scoreace(f2), ..., scoreqce(fr)] by Pearson correlation that ranges from
-1 (negatively linearly correlated) to 1 (positively linearly correlated) to measure the
strength of the statistical relationship.

If these two sequences are correlated, it means that the two tasks—Ilearning accurate
classifications and learning accurate explanations—are related. This would provide
some empirical justification for multi-task learning frameworks [4, 1] that jointly learn
classifications and explanations.

4.4 Selecting models based on explanation quality

Assuming model accuracy is positively correlated with explanation quality, it is natural
to consider whether we can choose models based on explanation quality. In the tradi-
tional model selection process, we choose the model that achieves best performance
on validation data and hope it also performs well on test data or unseen data. This
framework usually works if we have a sufficient amount of validation data. However, if
the validation data is limited, a model that performs well on this data will not necessarily
generalise well. In this case, it is worth considering whether the explanation quality on
the validation data (or part of validation data) can be taken into consideration to inform
model selection and thus choose a potentially better model.

A toy example, considering decision trees rather than neural networks, is given in Fig.
7. Assume there are two trained models (Fig. 7b and Fig. 7¢) that perform equally well
on the validation data (Fig. 7a). It is unclear which model will achieve better predictive
accuracy on new data. However, if based on input from domain experts, we know that
features F and F5 reflect the actual causes for the class label, then we can say that
model 1 is better than model 2 because its explanation quality is better.

We explore this idea of using explanation quality for model selection in a case study
with deep neural networks applied to image classification in Section 5.5.
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Model 1: class = 1, because F1=true
Model 2: class =1, because F3 <=4

F1 F2 F3 Class
X true false 1 1
x2 true true 2 1
%3 false false 5 1]
xd false true 3 1
(a) Sample validation data (b) Model 1 (c) Model 2

Fig. 7: Demonstration of how explanations help to choose a better model. Both models
achieve the same accuracy on the validation data. Assuming expert knowledge that F'1
and F'2 are the actual causes for the class label, we can say that model 1 is better than
model 2 as the explanation quality of model 1 is better.

5 Experimental Evaluation

We now discuss the empirical results obtained in our experiments, providing more detail
on the two datasets used and the hardware and software set-up employed.

5.1 Data

The experiments are conducted on two datasets: the CUB-200-2011 dataset and the
Kahikatea dataset. CUB-200-2011 [29] contains 11,788 images (5,994 for training and
5994 for testing) in 200 categories. The images are annotated with bounding boxes reveal-
ing the locations of objects, from where the expert explanations are extracted (see Fig. 4).
The Kahikatea data contains 534 images (426 for training and 108 for testing) in two cat-
egories, and the classification problem is to predict whether an image contains Kahikatea
or not. The expert explanations are generated by domain experts manually selecting the
pixels that belong to Kahikatea trees (see Fig. 3). We publish the Kahikatea dataset with
this paper, and the data can be found at https://doi.org/10.5281/zenodo.5059768.

5.2 Implementation

Our experiments use PyTorch [18] for training the neural networks and Captum [13] for
implementations of the explainers. An NVIDIA GeForce RTX 2070 GPU and an Intel(R)
Core(TM) 17-10750H CPU with 16 GB of memory are used as hardware platform. All
neural networks are trained using the cross-entropy loss function with the SGD [27]
optimizer using batch size = 16, learning rate = 0.001 and momentum = 0.9, while all
explainers are applied with default parameters. The models are trained with 50 epochs
as their performance becomes stable afterwards on the datasets we consider.

5.3 Results - comparing different models

We first compare the models in terms of both classification performance and explanation
quality. The accuracy and loss on the test data for the CUB-200-2011 dataset are reported
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Model Accuracy Loss EQ-GGCAM EQ-SA EQ-GS EQ-BP

AlexNet 0.495 3.326 0.508 0.507 0.622 0.521
DenseNet 0.764  0.943 0.649 0.641 0.641 0.710
Inception-V3  0.765 0.949 0.662 0.661 0.632 0.661
ResNet-18 0.705 1.141 0.622 0.681 0.644 0.657
ResNet-50 0.758 0.934 0.681 0.687 0.637 0.687
SqueezeNet  0.614 2.090 0.678 0.643 0.644 0.676

VGG-11 0717 1371 0526 0522 0.650 0.591
Corr(Acc) - - 0563  0.620 0516 0.747
Corr(Loss) - - 0.606  -0.691 -0.566 -0.784

Table 1: Comparing models on the CUB-200-2011 data. Explanation quality is shown
for GuidedGradCAM (EQ-GGCAM), Saliency (EQ-SA), GradientShap (EQ-GS), and
BackPropagation (EQ-BP). Corr(Acc): Pearson Correlation between accuracy and expla-
nation quality; Corr(Loss): Pearson Correlation between loss and explanation quality.
Best metrics are shown in bold.

in the second and third column in Table 1. The remaining columns in the table detail the
quality of the explanations generated by the four explainers, measured using AUC. The
correlation between accuracy and explanation quality and the correlation between loss
and explanation quality across these models for each of the four explainers are reported
in the last two rows. Similar results are shown in Table 2 for the Kahikatea dataset.
For both datasets, it can be seen that model accuracy is positively correlated with
explanation quality, while the loss is negatively correlated with explanation quality.
However, it is also worth noting that the model achieving the highest accuracy is not
necessarily the model achieving the best explanation quality. For example, for the
CUB-200-2011 dataset, the Inception-V3 model achieves the highest accuracy, but its
explanation quality is not the best one using any of the explainers—in fact, the ResNet-50
explanations always achieve a better score. This observation highlights the fact that it
may not be advisable to solely rely on accuracy when selecting models in some cases.

5.4 Results - studying a model at different iterations during training

We now investigate the relationship between accuracy and explanation quality for the
intermediate models obtained during the training process. Each model is trained with
50 iterations, which generates 50 intermediate models (including the last iteration).
We compute the accuracy, loss, and explanation quality from four explainers for every
intermediate model. For all intermediate models, we get an accuracy vector of size 50, a
loss vector of size 50, and four explanation quality vectors of size 50. Then, we calculate
the correlations between the accuracy vector and each explanation quality vector, and
the correlations between each loss vector and each explanation quality vector.

The results for the CUB-200-2011 and Kahikatea datasets are reported in Table 3
and Table 4 respectively. It can be seen that during the training process of all seven
models, the accuracy is positively correlated with the explanation quality, and the loss is
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Model Accuracy Loss EQ-GGCAM EQ-SA EQ-GS EQ-BP

AlexNet 0.926 0.199 0.517 0.542 0.554 0.470
DenseNet 0.981 0.072 0.615 0.587 0.619 0.611
Inception-V3  0.954 0.166 0.526 0.519 0.532 0472
ResNet-18 0.954 0.137 0.518 0.554 0.563 0.563
ResNet-50 0972 0.137 0.545 0.566 0.570 0.617
SqueezeNet  0.935 0.227 0.536 0.538 0.558 0.525

VGG-11 0.963 0.118 0.587 0.580 0.600 0.631
Corr(Acc) - - 0.738 0.698 0.669 0.787
Corr(Loss) - - -0.764 -0.791 -0.770 -0.731

Table 2: Comparing models on the Kahikatea data. Explanation quality is shown for
GuidedGradCAM (EQ-GGCAM), Saliency (EQ-SA), GradientShap (EQ-GS), and Back-
Propagation (EQ-BP). Corr(Acc): Pearson Correlation between accuracy and explanation
quality; Corr(Loss): Pearson Correlation between loss and explanation quality. Best
metrics are shown in bold.

GuidedGradCAM Saliency GradientShap BackPropagation
Model Corr(A) Corr(L) Corr(A) Corr(L) Corr(A) Corr(L) Corr(A) Corr(L)

AlexNet 0.707 -0.857 0.842 -0.790 0.827 -0.856 0.786 -0.652
DenseNet 0.840 -0.816 0903 -0.908 0.759 -0.832 0.738 -0.705
Inception-V3 0.507 -0.603 0.758 -0.802 0.585 -0.661 0.954 -0.934
ResNet-18 0.673 -0.860 0.211 -0.952 0.782 -0.949 0.920 -0.923
ResNet-50 0921 -0.891 0.891 -0.867 0.974 -0.962 0.905 -0.880
SqueezeNet 0917 -0.708 0.970 -0.875 0.933 -0.743 0.872 -0.900
VGG-11 0.875 -0.476 0.701 -0.451 0934 -0.773 0.637 -0.671

Table 3: Results - studying models during training with the CUB-200-2011 dataset.
Corr(A): Pearson Correlation between accuracy and explanation quality; Corr(L): Pear-
son Correlation between loss and explanation quality. Best metrics are shown in bold.

negatively correlated with the explanation quality. This validates our intuition that the
explanation quality improves as the accuracy increases.

5.5 Using Explanations for Model Selection

We now proceed to a case study* where we investigate whether explanations can be
used to improve the model selection performance in the Kahikatea problem under the
assumption that the validation data is limited.

Given training and validation data, in the traditional model selection setting, can-
didate models (i.e., different models structures, identical model structures trained with

* The code and supplementary material are available at https://bit.ly/3xdcrwS
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GuidedGradCAM Saliency GradientShap BackPropagation
Model Corr(A) Corr(L) Corr(A) Corr(L) Corr(A) Corr(L) Corr(A) Corr(L)

AlexNet 0.507 -0.602 0.585 -0.689 0.530 -0.520 0.646 -0.585
DenseNet 0.510 -0.548 0.493 -0.427 0.550 -0.612 0.461 -0.423
Inception-V3 0.358 -0.421 0475 -0.526 0.780 -0.710 0.576 -0.551
ResNet-18 0423 -0350 0.659 -0.460 0.706 -0.548 0.801 -0.562
ResNet-50  0.510 -0.454 0.499 -0.571 0.391 -0311 0.394 -0.493
SqueezeNet 0.478 -0.281 0.498 -0.387 0.415 -0.535 0.498 -0.421
VGG-11 0417 -0.511 0.663 -0.469 0.655 -0.384 0.722 -0.521
Table 4: Results - studying models during training with the Kahikatea dataset. Corr(A):
Pearson Correlation between accuracy and explanation quality; Corr(L): Pearson Corre-
lation between loss and explanation quality. Best metrics are shown in bold.

different hyper-parameters, or intermediate models from different training stages) are
obtained on the training data, and the model that achieves the best performance in terms
of accuracy or loss on the validation data is selected to later be applied on test data or
unseen data.

Instead of using the accuracy metric as the selection criterion, we use score(f) =
a-scoregee(f)+ (1—a) - scoreeppranation (f) (see Eq. (1)), such that the model with the
best score(f) on the validation data is selected. This selection criterion is based on our
previous observation that explanation quality and model accuracy are strongly correlated.
SCOT€explanation Can be viewed as a regularization term regarding explainability, and it
helps to reduce variance and avoid overfitting by choosing models that make decisions
based on reasonable evidence.

It is worth noting that in the case when a = 1, the selection criterion only relies on
accuracy, which is the way traditional model selection makes its choice, whilst in the
case when o = 0, the selection criterion only relies on explainability.

Given the Kahikatea dataset and a deep neural network model structure, we perform
the following steps:

— Step 1: Randomly divide the Kahikatea dataset into three subsets such that 20% of
the samples are for training, 10% are for validation, and the remaining 70% are for
testing.

— Step 2: Train the model on the training data for N = 50 iterations to generate 50
model candidates f1, fo,..., fn.

— Step 3: Compute score(f) in Eq. (1) on the validation data for f;,¢ € [1,2,..., N],
where scoreq..(f;) is calculated as the percentage of correct predictions of f; on the
validation data, scoreegpianation (fi) is calculated using the AUC-based metric (see
Section 4.1) with expert explanations for the validation data and model explanations
generated with GuidedGradCAM.

— Step 4: Compute test accuracy (percentage of correct predictions on the test data)
Acctest(f) for fi,’t' S [1, 2,..., N]
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— Step 5: Calculate the Pearson correlation between (score(f1), ..., score(fy)) and
(Acciest(f1), - - -y Accrest(fn)). The correlation is 1 if the ranking of the candidate
models based on score( f) is the same as their ranking based on test accuracy.

— Step 6: Repeat step 1-5 for 10 times and compute the average correlation.

The procedure is applied on seven deep neural networks (AlexNet, DenseNet,
Inception-V3, ResNet-18, ResNet-50, SqueezeNet and VGG-11) and « is varied from
the list (0,0.1,0.2,0.3,0.4,0.5,0.6,0.7,0.8,0.9,1.0) to cover both extreme cases.

The correlation between the scores of the selection criterion and test accuracy is
reported in Table 5. It can be seen that, for all models, the highest correlations are
achieved when « is neither 0 nor 1, which suggests that a combination of validation set
accuracy and explanation quality is best for model selection.

o AlexNet DenseNet Inception-V3 ResNet-18 ResNet-50 SqueezeNet VGG-11

0 0.5335 0.5076 0.4602 0.5914  0.4281 0.4448  0.6011
0.1 0.6006 0.5996 0.6393 0.6734  0.5345 0.5426 0.678
0.2 0.6629 0.6807 0.7627 0.7372  0.6289 0.6348  0.7438
0.3 0.717 0.7466 0.8332 0.7838 0.7057 0.7073  0.7947
0.4 0.7587 0.7964 0.8666 0.8156  0.7633 0.7578  0.8305
0.5 0.7844 0.8311 0.88 0.8354  0.8038 0.7899  0.8531
0.6 0.7929 0.8533 0.8834 0.8458 0.8305 0.8077  0.8653
0.7 0.7873  0.8655 0.882 0.8494  0.8465 0.8152  0.8694
0.8 0.7734  0.8703 0.8783 0.8479 0.8545 0.8153  0.8678
0.9 0.7561 0.8698 0.8735 0.8433 0.8568 0.8106  0.8619
1.0 0.7378 0.8657 0.8684 0.8366  0.8553 0.8028  0.8532

Table 5: Results - Correlations of selection scores and test accuracy for different . Best
metrics for each model are shown in bold.

The comparison of the test accuracy of models selected with explanations and that
of the models selected without explanations is shown in Table 6. When o« = 1, it is
the case that we choose the models without considering explanation quality. Besides
the test accuracy, the explanation quality on the test data of models selected with
explanations is consistently better than that of models selected without explanations
(see the supplementary material). It can be seen that the models selected by consulting
explanation quality consistently outperform the models (except for SqueezeNet) selected
using accuracy alone. It also shows that we cannot simply optimize the explanation
quality (when o = 0), and one possible reason is that the expert explanations can be
biased and noisy.

Do we need expert explanations for all validation data? It is interesting to consider
how many instance-level expert explanations are sufficient to improve the performance
of model selection if these are not available for the whole validation set. We follow
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« AlexNet DenseNet Inception-V3 ResNet-18 ResNet-50 SqueezeNet VGG-11

0 79.95% 81.37% 76.87% 83.08% 82.64%  T7.28% 83.711%
0.1 79.97% 81.07% 77.28% 82.99%  82.61% 80.0%  83.71%
0.2 79.97% 82.39% 82.01% 82.8%  8299%  80.96% 84.59%
0.3 82.01% 82.42% 82.34% 82.69%  83.1% 81.59% 84.78%
0.4 82.06% 82.17% 82.34% 82.99%  83.38%  81.18% 84.64%
0.5 82.06% 82.09% 82.23% 82.99%  83.68%  81.92% 84.64%
0.6 82.06% 82.99% 82.34% 82.94% 83.63%  81.81% 84.09%
0.7 82.06% 83.24% 82.5% 82.99% 83.49%  81.43% 84.42%
0.8 82.06% 83.24% 82.5% 82.99%  83.49%  81.54% 84.45%
0.9 81.54% 83.24% 82.5% 82.99%  83.49%  81.54% 84.45%
1.0 81.18% 82.42% 82.2% 82.72% 83.43%  82.01% 84.42%

Table 6: Results - Test accuracy of models selected using selection criterion with different
a. Best metrics for each model are shown in bold.

the setting described above and vary the availability of expert explanations from 10%
to 100% of the validation set. The model selection result (test accuracy) for AlexNet
with the GuidedGradCAM explainer is shown in Table 7. It can be seen that even with
10% expert explanations it is possible to improve the model selection performance. The
results of other neural network structures (see the supplementary material) follow a
similar trend: availability of expert explanations for 10% of the validation data (or more)
can benefit the model selection process for the selected dataset.

Level of expert explanation availability
a 10% 20% 30% 40% 50% 60% 70% 80% 90% 100%

0 823% 81.8% 81.8% 82.0% 81.9% 81.3% 82.0% 80.7% 82.6% 79.9%
0.1 82.3% 81.8% 81.8% 82.0% 81.7% 81.4% 82.0% 80.7% 82.6% 80.0%
0.2 82.3% 82.0% 81.8% 82.0% 81.7% 81.4% 82.0% 80.7% 82.3% 80.0%
0.3 82.3% 82.0% 82.1% 82.0% 81.7% 81.4% 82.0% 81.3% 82.3% 82.0%
04 82.1% 82.1% 822% 82.0% 82.0% 82.0% 82.0% 82.0% 82.3% 82.1%
0.5 82.1% 82.1% 82.4% 82.0% 82.0% 82.1% 82.0% 82.2% 82.3% 82.1%
0.6 82.1% 82.1% 82.4% 82.2% 81.9% 82.4% 82.1% 82.2% 82.4% 82.1%
0.7 82.2% 82.3% 82.5% 82.2% 82.1% 82.6% 82.1% 82.2% 82.4% 82.1%
0.8 82.4% 81.8% 82.6% 81.8% 81.8% 82.6% 82.2% 82.3% 82.4% 82.1%
0.9 82.0% 81.9% 82.4% 81.8% 81.3% 82.6% 82.2% 81.9% 81.9% 81.5%
1.0 81.2% 81.2% 81.2% 81.2% 81.2% 81.2% 81.2% 81.2% 81.2% 81.2%

Table 7: Results - Test accuracy of models selected with different percentages of expert
explanations. Best results for each model are shown in bold.
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6 Conclusion

We empirically evaluate the relationship between model accuracy and explanation
quality using seven deep neural networks and four explainers. To evaluate explanation
quality, we adopt the Area under the ROC Curve (AUC), which is threshold invariant.
The experimental results indicate that models tend to make correct predictions when
these predictions are accompanied by explanations of high quality. Moreover, during a
model’s training process, predictive accuracy increases together with explanation quality.
Our results provide strong empirical support for the claim that model accuracy and
explanation quality are correlated. Exploiting this observation, we demonstrate how
measuring the quality of explanations can help to improve the performance of model
selection and also consider how this is affected by the number of available expert-
provided explanations. To boost research in this area, we publish the Kahikatea dataset,
which provides instance-level expert explanations for positive instances.
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