
SSplain: Sparse and Smooth Explainer for Retinopathy of Prematurity
Classification

Elifnur Sunger1, Tales Imbiriba2, Peter Campbell3, Deniz Erdogmus1, Stratis Ioannidis1, Jennifer Dy1

1Northeastern University, Boston, MA, USA
2University of Massachusetts Boston, Boston, MA, USA

3Oregon Health & Science University, Portland, OR, USA
1{sunger.e, d.erdogmus, e.ioannidis, j.dy}@northeastern.edu, 2tales.imbiriba@umb.edu,

3campbelp@ohsu.edu

Abstract

Neural networks are frequently used in medical diagno-
sis. However, due to their black-box nature, model explain-
ers are used to help clinicians understand better and trust
model outputs. This paper introduces an explainer method
for classifying Retinopathy of Prematurity (ROP) from fun-
dus images. Previous methods fail to generate explanations
that preserve input image structures such as smoothness
and sparsity. We introduce Sparse and Smooth Explainer
(SSplain), a method that generates pixel-wise explanations
while preserving image structures by enforcing smoothness
and sparsity. This results in realistic explanations to en-
hance the understanding of the given black-box model. To
achieve this goal, we define an optimization problem with
combinatorial constraints and solve it using the Alternat-
ing Direction Method of Multipliers (ADMM). Experimen-
tal results show that SSplain outperforms commonly used
explainers in terms of both post-hoc accuracy and smooth-
ness analyses. Additionally, SSplain identifies features that
are consistent with domain-understandable features that
clinicians consider as discriminative factors for ROP. We
also show SSplain’s generalization by applying it to ad-
ditional publicly available datasets. Code is available at
https://github.com/neu-spiral/SSplain.

1. Introduction

Retinopathy of Prematurity (ROP) affects premature infants
and is a leading cause of childhood blindness [15]. Early
detection and treatment can prevent vision impairment; this
has motivated the study of automated, machine-learning
based methods for detecting the disease. Early work on
ROP detection from fundus images [3, 40] used signal pro-
cessing techniques to extract clinically relevant features; di-

lation, i.e., thickness of vessels in the retina, and tortuosity,
as captured by vessel curvature. Generally, the more dilated
and tortuous the vessels, the more severe the ROP [11].

While these approaches lead to interpretable algorithms,
recent research has improved classification performance
by employing convolutional neural network (CNN) ar-
chitectures [6, 44] combined with attention-based mecha-
nisms [49, 50]. For example, Brown et al. [6] propose a
state-of-the-art ROP detection CNN based on the Incep-
tion architecture [38] that achieves 91% balanced accuracy.
However, due to the black-box nature of neural networks,
clinicians often hesitate to trust the diagnostic outcomes of
such deep learning methods [17].

As an attempt to explain classifiers’ decisions, the so-
called black-box explainers [14, 30, 35] have been fre-
quently used. When applied to image classifiers, they pro-
duce explanation maps, i.e., scores of pixels indicating their
relevance to prediction.

Unfortunately, generic explainers fail to incorporate
domain-specific image structures that might aid in inter-
pretability. For example, fundus images, as shown in Fig-
ure 1(a), exhibit sparsity: images consist mostly of black
pixels corresponding to the background, and discriminative
features are concentrated on a subset of the vessels. An-
other relevant property is smoothness: regions of impor-
tance form contiguous segments of proximal vessel pixels
of similarly (elevated) dilation and tortuosity. Black-box
explainers for ROP detection need to consider and preserve
the input image structure, such as smoothness and sparsity,
to generate realistic explanation maps or attribution scores.

We introduce a Sparse and Smooth Explainer (SSplain)
for ROP, which generates pixel-wise sparse and smooth ex-
planations for the given black-box model and exploits the
inherent image structure. Our contributions are as follows:
• We propose an explainability method that preserves inher-
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Figure 1. Explanation maps of (a) a sample image with ROP using (b) SSplain, (c) Input⇥Gradient [33], (d) Occlusion [52] and (e)
Extremal Perturbation [13] methods. We visualize only the top 5% of pixels, as ranked by the corresponding explanation maps, coloring
the remaining pixels as purple. SSplain generates sparse and contiguous regions of importance, that are also more dilated and tortuous than
obscured vessels. Sparse method Input⇥Gradient focuses on similar areas but it is highly fragmented. Occlusion and Extremal Perturbation
select discontinuous regions: tortuous vessels and dilated vessels, respectively. Both, however, fail to preserve vessel structure.

ent ROP image structures by enforcing explainer smooth-
ness and sparsity. This approach enhances the under-
standing of the black-box predictor for classifying ROP
images by highlighting relevant structures.

• This problem is non-convex and has combinatorial con-
straints; we use the Alternating Direction Method of
Multipliers (ADMM) [5] to reduce this optimization to
tractable subproblems.

• Through post-hoc performance and smoothness analyses,
we demonstrate that SSplain outperforms several state-of-
the-art competitors.

• We evaluate the explainers on two domain-specific met-
rics, dilation and tortuosity, which are discriminative fac-
tors for ROP. SSplain consistently identifies more dilated
and tortuous regions than competitors, accentuating the
superiority of SSplain towards ROP explainability. We
stress that this occurs even though the tortuosity and di-
lation are neither explicitly measured nor incorporated in
SSplain design objective.

• We perform a sanity check test [2] for explainability
methods, showing that SSplain is sensitive to changes in
the model, as desired.

• We apply SSplain to MNIST [22] and FMNIST [46],
demonstrating its generalization and outperforming state-
of-the-art methods in post-hoc analyses.

2. Related work

Numerous methods have been proposed to explain black-
box models. They can be categorized into gradient-based
and perturbation-based approaches. Gradient-based ex-
plainers [4, 32, 33, 35, 36] compute attribution scores us-
ing the gradients with respect to the inputs or interme-
diate feature maps. Perturbation-based approaches [13,
14, 30, 52] compute attribution scores via the neural net-
work’s response to perturbations. For instance, the Oc-

clusion method [52] measures feature importance by an-
alyzing changes in the model predictions when apply-
ing binary masks to image regions. Some gradient-based
and perturbation-based explainability methods use attention
weights to generate explanations [1, 8, 9]. These meth-
ods work only for Transformer-based black-box models and
cannot explain the decisions of the state-of-the-art ROP
classifier since it is CNN-based.

Recent work on the explainability of ROP classifica-
tion includes the use of gradient-based explainers like
DeepSHAP [43] and GradCAM [45]. However, these
generic explainers do not integrate domain-specific image
characteristics, such as sparsity and smoothness, which are
important for ROP images.

Several explainability methods have attempted to incor-
porate sparsity or smoothness or both. The Input⇥Gradient
[33] generates sparse explanations by multiplying the input
with the model’s output gradient with respect to the input.
Nevertheless, it exhibits a lack of smoothness across neigh-
boring vessels, as seen in Figure 1(c). Fong et al. [13, 14]
define their objective function to generate smooth and
sparse explanation masks by learning these masks through
applying perturbations to images, such as blurring or re-
placing pixel values with a constant. In Fong et al. [14]
the authors incorporate the `1 norm for sparsity, total varia-
tion norm, and upsampling from a low-resolution mask with
the application of a Gaussian kernel for smoothness. While
the `1 norm indeed leads to sparse solutions, it serves as an
approximation of the `0 norm; therefore, it results in a re-
laxed sparsity constraint (see also our experiments with `1
constraints in Section 4). To leverage a hard sparsity con-
straint, Fong et al. [13] employ a ranking-based area loss
and incorporate smoothness using a Gaussian kernel. How-
ever, starting from a priori non-smooth masks and smooth-
ing them afterward leads to discontinuous regions and fails
to preserve vessel structure, as seen in Figure 1(e).
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There are multiple adaptations of the method proposed
by Fong et al. [13] specifically for the medical domain
[25, 42]. They focus on improving the perturbation method
described by Fong et al. [13], which involves applying
blurring or replacing pixel values with a constant value.
However, they do not focus on improving the sparsity and
smoothness of the explainer. In contrast, we propose a
method that can incorporate sparsity constraints using the `0
or `1 norms, along with a smoothness constraint during the
mask optimization process. Given the optimization problem
with multiple constraints, including potentially non-convex
constraints, we propose to solve this problem using the Al-
ternating Direction Method of Multipliers (ADMM).

ADMM decomposes problems with combinatorial con-
straints into subproblems that can be solved efficiently [19,
53]. Recent studies [24, 39] have demonstrated that ADMM
is also effective for solving non-convex problems. This has
led to applications in various areas such as weight pruning
[19, 26, 53], adversarial attacks [47], and ranking regression
[48]; we expand this repertoire of applications.

3. Methodology
3.1. Problem formulation
Given a trained neural network model and an ROP image,
our goal is to find pixels across the image that affect the
model’s decision significantly. One way of finding the im-
portance of image pixels is by perturbing the image through
masking and observing its effect on the model output.

Formally, a black-box model is defined as a function that
maps input image or features to a probability distribution
(using a softmax layer), denoted as f : Rh⇥w ! Rc,X 7!
f(X), where c is the number of classes. We consider an im-
age mask M 2 Rh⇥w

+ to be applied to an input image X 2
Rh⇥w, where h and w denote the image height and width.
We treat this mask as an explanation map: zero values cor-
respond to non-discriminative pixels, while positive values
rank remaining pixels with respect to their discriminative
value. To exploit the vessel network structure of segmented
fundus images, focusing on vessel features, we only con-
sider non-zero mask elements over image vessels; formally,
M 2 S0 where S0 = {M : supp(Mjk) ✓ supp(Xjk)},
where supp(·) denotes the support (i.e., the non-zero pix-
els). Given such a mask, by taking the Hadamard product
of X and M, we obtain a masked image X�M 2 Rh⇥w.

Our objective is to create masks M that highlight im-
portant, discriminative pixels across the image and suppress
pixels that do not influence model decisions while satisfy-
ing two additional desiderata: ensuring mask sparsity and
smoothness. As discussed in Section 1, sparsity allows us
to focus only on important vessel pixels across the image,
while smoothness enhances the mask segment contiguity.
Given X and a corresponding ground truth label y, consider

a loss function l : Rc⇥R! R, f(X)⇥y 7! l(f(X), y). We
find masks by solving the optimization problem in Eq. (1):

min
M

l(f(X�M), y) + �⌫(M) .

s.t. M 2 S1, M 2 S2

(1)

Here, the constraint S1 enforces sparsity, S2 enforces that
mask values stay within the range [0, 1], while the regular-
ization ⌫(·) enforces smoothness, and � � 0 is a regulariza-
tion parameter. In particular, the sparsity constraint is de-
fined as S1 = {M : kMkp  ↵p} \ S0 to limit the number
of nonzero pixels, where k·kp denotes the `p norm where
p 2 {0, 1}, i.e., the number of nonzero elements if p = 0
and the sum of the absolute values of elements if p = 1.
Here, ↵0 2 N and ↵1 2 R+ are constants. Constraint S2 is
defined as S2 = {M : Mjk 2 [0, 1]} \ S0. Finally, we en-
force smoothness using the total variation function [7, 18]:
⌫(M) =

P
ikMi· �Mi�1·k1 +

P
jkM·j �M·j�1k1 ,

where Mi· and M·j denote the rows and columns of M.
We follow a supervised approach with label y available.

However, an unsupervised scenario is possible by using the
most likely output class as an objective, or taking the expec-
tation of the loss with respect to the class posterior [10, 51].

3.2. Computing masks via ADMM
The optimization problem in Eq. (1) is non-convex with
combinatorial constraints. We solve it using the Alternating
Direction Method of Multipliers (ADMM), since it allows
to decompose the problem into three subproblems that can
be solved efficiently and separately [19, 53]. For specific
non-convex constraints such as the `0 norm, the ADMM
process carries out exactly as the convex case [5]. Fong et.
al. [14] have a similar problem definition where they use `1
norm for sparsity. Nevertheless, `1 norm serves as an ap-
proximation of the `0 norm. For the weight-pruning prob-
lem, Zhang et al. [53] demonstrate that employing the `0
norm with the ADMM process results in sparser solutions
compared to `1 norm-based methods. Using ADMM allows
for the use of either `0 or `1 norms for sparsity constraints,
whereas other methods cannot use the `0 norm.

We rewrite Eq. (1) with auxiliary variables M1 and M2

in Eq. (2), where gSi(⇠) represent the indicator functions
such that gSi(⇠)=0 if ⇠ 2 Si and gSi(⇠)=+1, otherwise.

min
M

l(f(X�M),y)+�⌫(M)+gS1(M1)+gS2(M2).

s.t. M = M1,M = M2

(2)

Defining dual variables U1,U2 2 Rh⇥w and the penalty
value ⇢, we write the augmented Lagrangian problem as:

L(M,M1,M2,U1,U2)= l(f(X�M), y)+�⌫(M)+
2X

i=1

h
gSi(Mi)+⇢(Tr(UT

i (M�Mi)))+
⇢

2
(kM�Mik22)

i
.

(3)
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ADMM algorithm iteratively optimizes the augmented La-
grangian via a primal-dual approach until convergence or a
maximum number of iterations. At iteration k, the steps are:

M(k) :=argmin
M

L(M,M(k�1)
1 ,M(k�1)

2 ,U(k�1)
1 ,U(k�1)

2 ),

(4a)

M(k)
1 ,M(k)

2 :=argmin
M1,M2

L(M(k),M1,M2,U
(k�1)
1 ,U(k�1)

2 ),

(4b)

U(k)
i :=U(k�1)

i +⇢(M(k)�M(k)
i ) for i = 1, 2. (4c)

The problem in Eq. (4a) is equivalent to Eq. (5) and can be
solved using standard gradient descent.

M(k) :=argmin
M

l(f(X�M), y)+�⌫(M)

+
2X

i=1

⇢

2
kM�M(k�1)

i +U(k�1)
i k22 .

(5)

Eq. (4b) for M1 and M2 is equivalent to:

M(k)
i :=argmin

Mi

gSi(Mi)+
⇢

2
kM(k)�Mi+Ui

(k�1)k22 . (6)

Crucially, the problems in Eqs. (6) correspond to Euclidean
projection operators that can be solved efficiently in poly-
nomial time [5, 53]. Therefore, we define projections for
three cases: S1 with the `0 norm, S1 with the `1 norm, and
S2. In particular, we define the Euclidean projection opera-
tor as: ⇧Si = argminMi2Si

k(M(k) +Ui
(k�1))�Mik22,

which maps (M(k) + Ui
(k�1)) onto the set Si. When

S1 = {M : kMk0  ↵0} \ S0, where ↵0 2 N is a con-
stant, we update M1

(k) by keeping the top ↵0 values of
(M(k) + U(k�1)

1 ) and setting the rest to zero. We can per-
form this despite the non-convexity of the set S1 with the `0
norm. For S1 = {M : kMk1  ↵1} \ S0, where ↵1 2 R+

is a constant, we follow the projection operation described
by Duchi et al. [12]. Lastly, for S2, we update M2

(k) by
setting the values of (M(k) +U(k�1)

2 ) that are smaller than
zero to zero and larger than one to one. Algorithm 1 outlines
the ADMM process for computing masks.

4. Experiments
4.1. Dataset and Model Details
ROP Dataset The ROP dataset [6] contains 224 ⇥ 224
segmented fundus images. A committee of three experts
assigned Reference Standard Diagnostic (RSD) labels [31]
as “Plus”, “Pre-plus”, or “Normal”, indicating severe, inter-
mediate, or no ROP, respectively. For training a classifier,
we followed the setup by Brown et al. [6]. We split the data

Algorithm 1 SSplain Algorithm
Input: Black-box model f(·), Input image X, Target label
y, Loss function l(·), Sparsity parameter ↵, Regularization
parameter �, Penalty value ⇢, Maximum iteration K
Output: Attribution Mask M

1: Initialize M0

2: U0
i 0 for i = 1, 2

3: M0
i = ⇧Si(M

0 +Ui
0) for i = 1, 2

4: for k 1, . . . , K do
5: M(k)  argminM

⇥
l(f(X�M), y) + �⌫(M) +

⇢
2

P2
i=1kM�M(k�1)

i +U(k�1)
i k22

⇤

6: M(k)
i = ⇧Si(M

(k)+Ui
(k�1)) for i = 1, 2

7: U(k)
i  U(k�1)

i +⇢(M(k)�M(k)
i ) for i = 1, 2

8: end for
9: return M(K)

into training and testing sets with 5561 and 100 images, re-
spectively. We use this dataset since a state-of-the-art clas-
sification method exists for it, the ROP classification setup
proposed by Brown et al. [6], which achieves a balanced ac-
curacy of 91%. Following Brown et al. [6], we train a clas-
sifier leveraging the Inception architecture [38], while re-
serving the test set for evaluating different explainers. Note
that ROP images in this work are segmented fundus images,
which is important since disease severity is determined by
the appearance of retinal vessels [11].

The focus of our work is not model training. To evaluate
SSplain on the ROP dataset, we need a trained model, which
we get from the ROP classifier by Brown et al. [6].

We initialize masks with values proportional to the corre-
sponding pixel intensity between 0 and 1, as follows: M =

X
kXk1

. The mask initialization depends on the use case.
Alternatively, one can initialize masks as all ones assigned
to the support of the image using S0, where M0

j,k = 1 for
Mj,k 2 S0 with S0 = {M : supp(Mjk) ✓ supp(Xjk)}.
supp(·) denotes the support (i.e., the non-zero pixels). See
Appendix I for mask initialization comparison. Intensity-
based initialization is appropriate for our use case, as the op-
timization problem is constrained by sparsity and smooth-
ness, and vessel intensity is an appropriate starting point.

We use cross-entropy for l(·, ·) and run 50 iterations of
ADMM for each image. We utilize Adam optimizer [20]
to solve problem (4a) with 0.01 learning rate, ⇢ = 0.01 and
� = 10�5. We set ↵0 in S1 to 50% of kXk0 for the `0 norm.
To maintain the same sparsity constraints in both the `0 and
`1 norm cases, we use ↵0 to determine ↵1. Specifically,
when using the `1 norm in S1, where S1 = {M : kMk1 
↵1}\S0, we set ↵1 based on ↵0. At each ADMM iteration,
↵1 is set to the sum of the top ↵0 values of (M(k)+U(k�1)

1 ).
See Appendix C for analyses with different ↵ levels.
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Additional Datasets We apply SSplain to two other
datasets, MNIST [22] and FMNIST [46], where images ex-
hibit sparse and smooth structures similar to ROP images.
This allows us to evaluate the generality of SSplain.

We train the LeNet-5 [23] separately on the MNIST
and FMNIST datasets using the Adam optimizer [20] with
learning rate 0.001, weight decay 0.0001, for 50 epochs,
batch size 32, and early stopping. This results in two sepa-
rate black-box models, achieving 98.53% test accuracy on
MNIST and 88.67% on FMNIST. We then perform our
post-hoc explainability analyses on 500 images from the
test sets. Refer to Appendix E for additional details on the
MNIST [22] and FMNIST [46] datasets and model details.

4.2. Competing Methods

We compare SSplain with nine state-of-the-art explainers
available within TorchRay [13] and Captum [21] libraries.
Here, we provide the application details for the ROP dataset.
Gradient-based: Saliency [35], Guided Grad-CAM [32],
Integrated Gradients [36] and DeepSHAP [27]. We ap-
ply Guided Grad-CAM method to the output of the last In-
ception layer (“inception 5b”). Perturbation-based: Ker-
nelSHAP [27], LIME [30] and Occlusion [52]. LIME and
KernelSHAP employ 200 input samples. Occlusion uses
16 ⇥ 16 windows with 4 ⇥ 4 strides. Incorporating spar-
sity or smoothness or both: Extremal Perturbation [13] and
Input⇥ Gradient [33]. Extremal Perturbation uses a Gaus-
sian blur, a “hybrid” loss with 400 iterations, 0.05 smooth-
ing factor, and a target area to 50% of kXk0. It initializes
mask values to all ones. See Appendix D for method de-
tails, and Appendix E for the application to MNIST and
FMNIST.

4.3. Experimental Setup

Insertion and Deletion Tests We follow a supervised ap-
proach to generate explanations, using true labels as tar-
gets. This is because we evaluate explainer performance not
only based on accuracy but also on domain-specific feature
similarity for ROP, which are disease and severity indica-
tors. For consistency, we use this approach throughout the
paper. See Appendix J for results using an unsupervised
setup, using the model predictions as targets. Subsequently,
we evaluate several metrics defined in Section 4.4 using
the insertion and deletion processes described by Petsiuk
et al. [29]. The insertion/deletion process evaluates perfor-
mance by adding/ removing image pixels with the highest
attribution scores. We evaluate this process with respect to
the sparsity level s, representing the fraction of pixels se-
lected between 0% and 100%. At each s, we obtain a corre-
sponding image Xs. Some methods pick black pixels, i.e.,
the background. Therefore, we also evaluate performance
with respect to the normalized sparsity s =

kXsk1

kXk1
.

Sanity Checks We evaluate the sensitivity of SSplain us-
ing “Model Parameter Randomization Test” by Adebayo et
al. [2]. We recursively randomize the model weights, layer
by layer from top to bottom, while the explainer generates
attribution scores for each case. This test assesses explainer
sensitivity to model changes, and explainers should produce
different attribution scores with randomized weights.

Computing Infrastructure We ran experiments using Py-
Torch [28] on an Intel Core i7-9700K CPU with 64GB RAM.

Computational Costs SSplain’s execution time depends
on the number of ADMM iterations, image size, and size of
the black-box model. At each iteration, we perform a stan-
dard gradient descent (line 5 of Algorithm 1) and projection
operations (line 6 of Algorithm 1). These projection opera-
tions are polynomial in time with respect to the image size,
where we select the top ↵ values for the `0 norm projection
(S1 constraint) and apply clipping for the S2 constraint.

SSplain’s runtime is comparable with the perturbation
methods, the explainability family to which it belongs. Ex-
tremal Perturbation’s runtime depends on the iteration num-
ber, image size, patch size, and model size. KernelSHAP
and LIME depend on the model size and the perturbation
samples. Occlusion depends on the model size, image size,
patch size, and stride. Gradient-based methods depend on
model size and are typically faster than input-perturbation
methods. Note that explanations and runtimes are sensitive
to method configurations. Please see Appendix H for the
execution times.

4.4. Evaluation Metrics
We evaluate explainers’ performance on balanced accuracy.
We use “Connected Components” to evaluate smoothness
on ROP data. We also define two domain-related metrics
to measure the explainer’s ability to capture semantically
meaningful ROP features: tortuosity and dilation.

Connected components We measure the smoothness of
explanation maps, focusing particularly on the smoothness
of vessel structures at each insertion step s. To achieve
this, we extract graphs from X and Xs, and identify the
length of the largest connected component in each graph.
This length is the number of nodes in the largest connected
component. To both extract graphs and find the connected
components in graphs, we use the NetworkX library [16];
we describe processes in Appendix A.1. We compute the
ratio of the length of the largest connected component in
Xs to the length of the largest connected component in X.
A higher largest connected component value at s indicates
that the inserted pixels create smoother vessel structures.
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(a) Accuracy, connected components, normalized sparsity s metrics vs. sparsity s.

(b) Curvature and dilation analyses vs. sparsity s and normalized sparsity s.

Figure 2. Comparison of explainers for the ROP dataset: SSplain-0 (S1 with `0 constraint), SSplain-1 (S1 with `1 constraint), Saliency [35],
Input⇥Gradient [33], Guided Grad-CAM [32], Integrated Gradients [36], DeepSHAP [27], KernelSHAP [27], LIME [30], Occlusion [52]
and Extremal Perturbation [13]. (a) We report the average of: Post-hoc balanced accuracy with deletion (lower is better) and insertion
(higher is better) of pixels with the highest attribution scores, connected components ratio during the insertion process, and sparsity s
versus normalized sparsity s during the insertion process. (b) Curvature and dilation similarity with insertion process with respect to
sparsity s and normalized sparsity s. In (a), both SSplain methods consistently outperform competitors and competitors give importance
to the background. In (b), both at the same s and s level, SSplain methods exhibit higher curvature and dilation similarity.

Curvature Tortuosity is an ROP indicator. Therefore, we
also evaluate the explainers’ ability to capture tortuous re-
gions at each insertion step s. For this, we measure the simi-
larity of images at each insertion step s with pixel-wise cur-
vature values C 2 Rh⇥w

+ for X. These curvature values are
calculated using the Tubular Curvature Filter Method [37].
Higher pixel-wise curvature values indicate greater tortuos-
ity. Refer to the Appendix A.2 for details on this metric.

We use cos(Xs,C) = Xs·C
kXskkCk to compute the cosine

similarity between the curvature values C and Xs. A higher
value at s shows that the inserted pixels capture tortuous re-
gions, and doing this at an earlier s indicates that the ex-
plainer assigns greater importance to these regions.

Dilation Another disease indicator is dilation, i.e., dilated
vessels on the retina. To assess if explainers identify dilated
vessels, we measure the similarity between dilated vessels
in X and Xs during the insertion process. We extract dila-
tion using the Average Segment Diameter (ASD) [3]. ASD
measures the total number of pixels in a vessel branch di-
vided by the curve length, allowing us to evaluate how well
the explainer captures dilation at each insertion step s.

We evaluate cos(Ds,D), where D 2 Rb⇥1 contains the

ASD features from X and Ds from Xs. b is the num-
ber of vessel branches. Similar to the curvature metric, a
higher value at an earlier s indicates that the explainer as-
signs greater importance to dilated vessel regions. We ex-
tract ASD features following Ataer et al. [3] and Tian et
al. [41]. See Appendix A.3 for details.

4.5. Post-hoc and Similarity Analyses
We report averages of the metrics defined above over the
test set for ROP dataset. SSplain-0 refers to when S1 in-
cludes the `0 norm as the sparsity constraint, while SSplain-
1 refers to when it includes the `1 norm. Figure 2 shows
the evaluation of explainability methods. Across all anal-
yses from Figure 13a, SSplain with both `0 and `1 con-
sistently outperforms comparative methods, demonstrating
lower deletion and higher insertion post-hoc accuracy, as
well as higher values for max connected components ratio.
Across all analyses, SSplain-0 performs as well as or bet-
ter than SSplain-1. Thus, we include only SSplain-0 in the
following analyses.

Except for the deletion analysis, the third-best is the Ex-
tremal Perturbation. The last column of Figure 13a shows
competitors assign importance to the background, requiring
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Figure 3. Comparison with other explainers for the ROP dataset. From left to right: (a) images, explanation maps generated using (b)
SSplain-0, (c) Saliency [35], (d) Input⇥Gradient [33], (e) Guided Grad-CAM [32], (f) Occlusion [52] and (g) Extremal Perturbation [13].
We visualize only the top 5% of pixels, as ranked by the corresponding explanation maps, coloring the remaining pixels as purple. SSplain
effectively preserves image structures and assigns more importance to tortuous and dilated regions. Except Input⇥Gradient, competitors
treat images as a whole and assign importance to pixels that are not associated with vessels.

more steps to reach the s level that SSplain achieves faster.
Figure 13b shows that at the same s and s level, SSplain
exhibits higher curvature and dilation similarity, indicating
better capture of domain-related features. See Appendix B
for an ablation study on the ROP dataset.

4.6. Visualization
Visualizing the most important features can be challenging
when comparing the outputs of the different methodologies
and objectives (see Appendix F.2). To circumvent this is-
sue, we visualize only the top 5% of pixels, as ranked by
the corresponding explanation maps, coloring the remain-
ing pixels purple. We illustrate this visualization procedure
for the examples from the ROP dataset in Figure 8. Here,
we only include SSplain with the `0 norm used in S1. SS-
plain preserves image structures and assigns more impor-
tance to pixels with high tortuosity and dilation while main-
taining smoothness. The S0 and S1 constraints in SSplain’s
optimization provide this sparsity advantage. Among com-
petitors, only Input⇥Gradient has an S0-like component,
restricting explanations by multiplying the input with the
output gradient. While Input⇥Gradient also preserves ves-
sel shapes, it fails to generate smooth attribution scores and
capture tortuous and dilated areas. SSplain generates attri-
bution scores specifically for pixels associated with vessels
by preserving their structure and enforcing sparsity. In con-
trast, competitors treat images as a whole and thus do not
distinctly focus on the pixels associated with vessels. See

Figure 4. Sanity check [2] for an ROP image. Model weights
are progressively randomized from the “fc” layer to the “incep-
tion3a.branch3.1.conv” layer in the Inception model [38]. The first
row shows a sample image, original attribution scores, and attribu-
tion scores with only the “fc” layer randomized. The second row
provides examples from the other layers during progressive ran-
domization. SSplain is sensitive to model weights, i.e., attribution
scores change when we randomize the weights as desired. S0 en-
sures the mask applies only to the vessels, so the mask values for
the background do not change.

Appendix G.1 for visualizations of SSplain-0 and SSplain-
1. Refer to Appendix G.2 for SSplain-0 and Extremal Per-
turbations (pixel-wise), which uses the `1 norm to illustrate
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(a) MNIST results.

(b) FMNIST results.

Figure 5. Comparison of explainers: SSplain-0, Saliency [35],
Input⇥Gradient [33], Guided Grad-CAM [32], Integrated Gradi-
ents [36], DeepSHAP [27], KernelSHAP [27], LIME [30], Oc-
clusion [52] and Extremal Perturbation [13] for (a) MNIST and
(b) FMNIST datasets. From left to right, we report the average
of: Post-hoc accuracy with deletion (lower is better) and inser-
tion (higher is better) of pixels with the highest attribution scores,
and sparsity s vs normalized sparsity s during the insertion pro-
cess. For MNIST, SSplain outperforms the competing methods in
all analyses. It also stabilizes earlier than other methods, mean-
ing that performance changes become minimal when inserting or
deleting pixels in later attempts. For FMNIST, we observe that
SSplain performs best in accuracy analysis with the insertion pro-
cess and in normalized sparsity s analysis. Input⇥Gradient and
Occlusion outperform SSplain in deletion analyses. Despite their
superior performance in deletion analyses, these methods signif-
icantly underperform compared to SSplain in insertion analysis,
having lower insertion accuracy.

an example where both methods share an all-ones mask ini-
tialization and SSplain is without S0.

Sanity Check In Figure 4, we visualize the sensitivity
of the attribution scores by progressively randomizing the
model weights from top to bottom, as proposed by Adebayo
et al. [2], and apply SSplain-0 to the ROP dataset. This
visualization shows how sensitive attribution scores are to
changes in model weights. It is desired that the scores vary
with randomized weights. We observe these changes in Fig-
ure 4 that the attribution scores change with the randomized
weights. Note that S0 ensures the mask applies only to the
vessels, so background mask values do not change.

4.7. Analyses on the Additional Datasets
MNIST Figure 5a demonstrates the performance of ex-
plainability methods across different analyses and metrics

for the MNIST dataset. SSplain-0 consistently outperforms
the competing methods, demonstrating lower deletion and
higher insertion post-hoc accuracy, as well as higher nor-
malized sparsity s. Additionally, SSplain stabilizes early,
reaching its maximum sooner and maintaining stability un-
til the end of the insertion process. Similar to ROP results,
competitors prioritize both background and non-zero pix-
els, requiring more steps to achieve the s level that SS-
plain reaches in just a few steps. Refer to Appendix F.2 for
attribution score visualizations of the MNIST dataset.

FMNIST Figure 5b shows the performance of explain-
ers across different analyses and metrics for the FMNIST
dataset. Although SSplain-0 excels in insertion-based accu-
racy analysis and in normalized sparsity s analysis, other
methods such as Occlusion and Input⇥Gradient perform
better than SSplain in deletion analysis. These methods,
however, significantly underperform compared to SSplain
in insertion analyses, exhibiting lower insertion accuracy.
This means that the pixels with the highest attribution scores
in the Occlusion and Input⇥Gradient methods significantly
affect the classification when removed from the image but
do not impact it when added. Similar to the MNIST and
ROP results, SSplain stabilizes earlier. See Appendix F.2
for attribution score visualizations of the FMNIST dataset.

5. Conclusion
This paper proposes a black-box explainer designed to pre-
serve input image structures by enhancing smoothness and
sparsity for ROP classification. Unlike previous methods,
SSplain effectively maintains input image structures, such
as smoothness and sparsity, thus it generates realistic ex-
planations to enhance clinicians’ trust in model outputs. To
generate attribution scores while ensuring both sparsity and
smoothness, we define and solve a non-convex optimization
problem with combinatorial constraints using ADMM. Ex-
periments demonstrate that SSplain outperforms nine com-
monly used explainers not only in post-hoc performance but
also in domain-based feature similarity analyses of tortuos-
ity and dilation. Additionally, the sanity check visualiza-
tions show that SSplain is sensitive to changes in the model,
which is desired for explainers.

In addition to showing SSplain’s performance on the ROP
dataset, our experiments include additional results on the
MNIST and FMNIST datasets to demonstrate SSplain’s ap-
plicability to other domains. SSplain is specifically defined
for segmented ROP images, which have sparse and smooth
characteristics. Therefore, it is also dependent on the seg-
mentation quality in terms of smoothness and sparsity. While
we define the optimization problem specifically for this, for
other possible problem formulations requiring different op-
timization constraints, one can add or substitute constraints
based on domain knowledge and solve them using ADMM.
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tural visual guidance attention networks in retinopathy of
prematurity. In 2021 IEEE 18th International Symposium
on Biomedical Imaging (ISBI), pages 353–357. IEEE, 2021.
1

[51] Jinsung Yoon, James Jordon, and Mihaela van der Schaar. In-
vase: Instance-wise variable selection using neural networks.
In International Conference on Learning Representations,
2018. 3

[52] Matthew D Zeiler and Rob Fergus. Visualizing and un-
derstanding convolutional networks. In Computer Vision–
ECCV 2014: 13th European Conference, Zurich, Switzer-
land, September 6-12, 2014, Proceedings, Part I 13, pages
818–833. Springer, 2014. 2, 5, 6, 7, 8, 14, 15, 17, 19, 20

[53] Tianyun Zhang, Shaokai Ye, Kaiqi Zhang, Jian Tang, Wu-
jie Wen, Makan Fardad, and Yanzhi Wang. A systematic
dnn weight pruning framework using alternating direction
method of multipliers. In Proceedings of the European con-
ference on computer vision (ECCV), pages 184–199, 2018.
3, 4

1715


	Introduction
	Related work
	Methodology
	Problem formulation
	Computing masks via ADMM

	Experiments
	Dataset and Model Details
	Competing Methods
	Experimental Setup
	Evaluation Metrics
	Post-hoc and Similarity Analyses
	Visualization
	Analyses on the Additional Datasets

	Conclusion
	Evaluation metrics
	Connected components
	Curvature
	Dilation

	Ablation study
	Sparsity area limit  for SSplain
	Competing method details
	Additional Dataset and Model Details
	MNIST
	FMNIST

	Visualization
	ROP
	MNIST and FMNIST

	Sparsity constraints (0 vs 1)
	SSplain with 0 and 1 constraints
	SSplain vs Extremal Perturbations

	Execution Times
	Mask Initialization
	Visualizations
	Post-hoc Analyses

	Unsupervised Generation
	Post-hoc Analyses
	ROP Dataset
	MNIST Dataset
	FMNIST Dataset



