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Abstract

Using deep models to classify brain functional net-
works (BFNs) for the auxiliary diagnosis and treat-
ment of brain diseases has become increasingly
popular. However, the unexplainability of deep
models has seriously hindered their applications
in computer-aided diagnosis. In addition, current
explanation methods mostly focus on natural im-
ages, which cannot be directly used to explain the
deep model for BFN classification. In this paper,
we propose a novel concept-level causal explana-
tion method for BEN classification called CLCEM.
First, CLCEM employs the causal learning method
to extract concepts that are meaningful to humans
from BFNs. Second, it aggregates the same con-
cepts to obtain the contribution of each concept to
the model output. Finally, CLCEM adds the contri-
bution of each concept to make a diagnosis. The
experimental results show that our CLCEM can
not only accurately identify brain regions related
to specific brain diseases but also make decisions
based on the concepts of these brain regions, which
enables humans to understand the decision-making
process without performance degradation.

1 Introduction

The brain functional network (BFN) is usually constructed
from functional magnetic resonance imaging (fMRI) data,
which can reveal the patterns of brain functional activity. Cur-
rent studies have shown that functional connectivity (FC) is
an effective biomarker for the diagnosis of mental disorders,
so it is of great significance and value to diagnose mental
disorders based on the BFN [Seguin et al.2023, Steward et
al.2023, Liu et al.2022]. In recent years, using deep learning
methods to classify BFN has realized the auxiliary diagnosis
and treatment of brain diseases, which has become a research
hotspot in the medical imaging area. However, the black-box
nature (uninterpretability) of deep learning methods has led
to a fatal flaw in real applications [Gu ef al.2020]. Therefore,
it is necessary to explore a novel explanation method for deep
learning methods in BEN classification [Hu ef al.2021].
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Current explanation methods can be roughly divided into
two categories: post-hoc methods, and built-in methods. The
post-hoc methods aim to explain the decision-making process
of a well-trained model by some means, including saliency
map methods [Selvaraju et al.2019], example-based methods
[Kim et al.2016], and perturbation-based methods [Wagner
et al.2019]. Among them, the saliency map methods reverse-
propagate the model to obtain the derivatives of input features
and measure the contributions of input features to model out-
puts. The example-based methods pick a specific example
from the dataset to explain the predictions and data distri-
bution of models. The perturbation-based methods observe
changes in the output of the model by perturbing some input
data, determine the weight of the perturbation data based on
the degree of changes, and explain by the perturbation data
and its weight. Overall, these methods have difficulty in au-
tomatically explaining how a deep model makes decisions.

By comparison, built-in methods are apt to reveal the rea-
soning process of models through some customized structures
or restrictions in training, which can automatically produce an
explanation that humans can understand. The existing built-
in methods can be roughly divided into three types: activation
map-based methods [Woo et al.2018], protype-based meth-
ods [Li et al.2018] and concept-based methods [Ghorbani et
al.2019]. Activation map-based methods use feature upsam-
pling to obtain a weighted combination of activation maps
to indicate the important pixels. Essentially, activation map-
based methods belong to the pixel-level explanation, which
is difficult for humans to understand. The prototype-based
methods use special structures to extract prototypes in the
training process, and make a decision by comparing the in-
put samples with each prototype. However, their prototype
extraction abilities may poor. Thus, they always deal with
relatively simple gray image datasets, e.g., MNIST. In con-
trast, concept-based methods can explain the reasoning pro-
cess and result in a way that humans easily understand, and
the explanation effects for these methods have nothing to do
with the complexity of the data. Therefore, from the per-
spective of convenience, the concept-based methods are bet-
ter than other built-in methods in real applications [Yao et
al.2023]. This provides a clue for explaining BFN classifi-
cation. Even so, current concept-based methods usually bind
extracted features with concepts by visual means, which are
suitable for natural pictures. In fact, BFN data have no vi-
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sual meaning, so there is an urgent need for a new method,
which can bind the extracted features with concepts that are
meaningful to clinicians without visual means and provide a
reasonable explanation for the BFN classification process.

To accommodate this need, we propose a novel concept-
level causal explanation method for BFN classification called
CLCEM in this paper. The proposed method can bind the ex-
tracted features from BFN with the concepts of BFN by using
the strength of causal relationships between them, and give a
reasonable explanation from the view of concepts. In detail,
CLCEM includes three phases: concept extraction process,
concept aggregation process and decision process. CLCEM
first extracts human-understandable concepts (regions of in-
terest) from the BFN by means of causal concept loss in the
concept extraction process. After that, it utilizes the location
connection to aggregate the same concepts to obtain the con-
tribution of every concept to the output of the model in the
concept aggregation process. Finally, CLCEM computes the
contribution of each concept for outputs to obtain a probabil-
ity of whether the subject is a patient or not in the decision
process. The main contributions of our paper can be summa-
rized as follows:

* To the best of our knowledge, the proposed CLCEM is
the first work that develops a concept-level causal expla-
nation method to explain the inference process of deep
learning models in the brain network classification task.

* The proposed method employs the causal concept loss,
which can automatically extract human-understandable
concepts (regions of interest) from BFN without the
need for manual intervention.

» Systematic experiments have been conducted to verify
that CLCEM can effectively explain the decision process
of the BFN classification model without losing the clas-
sification performance of original deep learning models.

2 Related Works

2.1 BFN Classification Methods

Current studies have shown that the connection between brain
regions is an effective biomarker for the diagnosis of brain
disorders [Liu et al.2024, Zhang et al.2024]. Therefore, an
increasing number of BFN classification methods have been
proposed for the computer-aided diagnosis (CAD) of men-
tal illness in the past several years. These methods can
be roughly divided into two categories: traditional machine
learning methods and deep learning methods. The traditional
machine learning methods including linear regression (LR),
support vector machine (SVM), random forest (RF), often
achieve low performance without manually extracting fea-
tures [de Vos et al.2018, Sen and Parhi2021]. Different from
traditional machine learning methods, deep learning methods
can automatically extract high-level features to obtain good
classification performance. Therefore, using the deep learn-
ing method to classify BFNs has received increasing popu-
larity from related researchers. Henaff [Henaff et al.2015]
pointed out that a convolution neural network (CNN) can ef-
fectively extract the topology information of BFN with fewer
parameters. Kawahara [Kawahara et al.2017] proposed a new
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CNN called BrainNetCNN that is more suitable for the spe-
cial topology of BFNs by using three new convolution lay-
ers: e2e, e2n, and n2g. Ji [Ji ef al.2021] proposed a new
convolution kernel CNNEW with an elementwise weight-
ing mechanism to extract hierarchical topological features of
brain networks. Each weight is assigned to an element with
a unique neuroscience significance. Although deep learning
methods tend to obtain better performance more easily than
traditional machine learning methods, there is a fatal defect in
them called uninterpretability, which makes people unable to
understand the decision process of deep models and hinders
their widespread adoption in CAD [Kwon et al.2019].

2.2 Explanation Methods

At present, the explanation methods can be divided into two
types: post-hoc, and built-in. post-hoc methods treat the
entire deep model as a black box and try to explain its de-
cisions by analyzing the external behavior of the model.
However, the explanations given by the post-hoc methods
illustrate particular areas valued by deep models [Selvaraju
et al.2019, Kim et al.2016, Wagner et al.2019, Byrne2023].
These post-hoc methods regard the deep model as a black
box and cannot explain the decision-making process of the
models. By comparison, built-in methods [Woo ef al.2018,Li
et al.2018, Ghorbani et al.2019], which are integrated into
deep models, can explain their decision-making processes.
In recent years, a multitude of concept-based built-in meth-
ods have been introduced [Goyal et al.2019, O’ Shaughnessy
et al.2020, Heskes et al.2020], owing to their advanced func-
tionality in comparison to other methods. However, current
concept-based methods focus on tasks related to natural pic-
tures and are not applicable to BFN classification [Huai et
al.2022]. Therefore, there is an urgent need to develop novel
concept-based explaination methods for BFN classification.

3 Preliminaries

3.1 Problem Description

BFN can be described as a two-dimensional matrix, where
each element (feature) represents the functional connectiv-
ity strength between two brain regions. Since most existing
human-brain medical studies focus on brain regions, which
are also known as regions of interest (ROIs), we define the
ROI as the concept to facilitate understanding the decision-
making process of deep models for BEN classification. The
corresponding elements of each ROI in the BFN are shown
in Figure. 1, where ROI ¢ corresponds to the elements in the
t-th row and ¢-th column of the BFN.

FEE D

ROI O ROI 1 ROI2 ROIn

Figure 1: The corresponding elements of each ROI in BFN.
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Figure 2: The schematic diagram of CLCEM. The CLCEM first utilizes the causal concept loss to extract m concepts from the BFN in the
concept extraction process, subsequently aggregates the same concepts to obtain the contribution of each concept to the output of the model
in the concept aggregation process by the location connection, and finally makes decisions by computing these contributions of concepts to
the output in the decision process. Notably, grey balls represent common features (The features may be extracted from any deep learning
model that needs to be explained. In the experiment section, we employed the most commonly used convolutional neural network (CNN)
model), each color ball represents one of n concepts, and bicolor balls represent the contributions of concepts to the output, in which the left

color represents the concept and the right color represents the category.

Current explanation works mostly focus on traditional nat-
ural image classification tasks, and the pixel set is easy for hu-
mans to understand, such as with a bird’s head and feathers.
However, for BFN classification, each element has a unique
neurological significance. Limited by current human brain
medical studies, the element set may be difficult for people to
understand. This has also caused great obstacles to the expla-
nation works. Therefore, it is necessary to define the concept
to provide an understandable explanation in BFN classifica-
tion tasks.

3.2 Notations

Let X € R™*™ be the matrix of a BFN, where n is the number
of ROIs. The label of the BFN is given by ). The concept
set of a BFN can be denoted as {Cy, C1, ...,Cp—1}, Where n
is the total number of ROIs. The feature set of the concept
extraction process can be represented as {vg, V1, ..., Um—1 }»
where m is the number of concepts which are extracted by
the method. According to the definition, n and m may be
different. Note that we treat ROIs (brain regions) as human-
understandable concepts, so numerically they are considered
equal in this paper (m = n).

4 Methodology
4.1 Main Idea

In this section, we propose a concept-level explanation
method based on causality called CLCEM to provide
an explanation of deep models for BFN classification.
The proposed method can automatically extract human-
understandable concepts from BFN through depth structure
and use these concepts to make decisions to explain deep
models. Figure. 2 shows the schematic diagram of the
CLCEM. The feature extractor only plays the role of a deep
feature extractor without any special requirement, which can
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be artificial neural network (ANN), CNN and so on. There-
fore, in this paper, we focus on the concept extraction process,
concept aggregation and decision process. Next, we will in-
troduce them in detail.

4.2 Concept Extraction

From Figure. 2, we can see that the concept extraction pro-
cess takes the deep features extracted from BFN as inputs and
outputs human-understandable concepts. In detail, the con-
cept extraction process first uses the causal estimator to eval-
uate the causal relationship strength between the deep fea-
tures extracted from BFN and the FC strength of n concepts
in BFN. Then, it utilizes the causal relationship strength to
calculate the causal concept loss. By optimizing it, the con-
cept extraction process can automatically extract the concepts
that are meaningful to humans. Next, we introduce the causal
estimator and causal concept loss, respectively.

Causal Estimator

The causal estimator is consists of n multilayer perceptrons
(MLPs), which can be regarded as nonlinear structural equa-
tion modeling (SEM). They can evaluate the causal strength
between n concepts of BFN and each of m features in the
concept extraction process. Next, we explain how to evaluate
causal strength by causal estimators.

The SEM used by the causal estimator is a special form of a
Bayesian network model, and is skilled in verifying the causal
relationship between continuous variables. Generally, SEM
can be roughly divided into two categories: linear and nonlin-
ear. Considering the complex nonlinear relationship between
the input features and the outputs of hidden layer neurons,
we choose nonlinear SEM to evaluate causal strength in the
causal estimator.

For concept C; and feature v;, we can use nonlinear SEM
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to evaluate the causal strength between them as

€ij = (.fCi,,vj (CZ) - Uj)27 (1)

where fc; ., () is a nonlinear fitting function for v; by Cj,
and ¢; ; is the fitting error. By Eq. (1), the loss for the causal
estimator can be written as

n—1m-—1

CEL=)_> &, )
7 J

where m is the quantity of features in the concept extraction
process and n is the number of ROIs or concepts in the BFN.

After fitting well by minimizing CE'L, €; ; is inversely pro-
portional to the causal strength from C; to v;. By Eq. (1), we
can obtain the causal strength from C; to v; as

1 1
i = — = : 3)
T (fouw (C) — ;)

And the s; ; can be used to calculate the causal concept
loss for CLCEM.

Causal Concept Loss
The causal concept loss can be calculated by the causal rela-
tionship strength evaluated by the causal estimator. By min-
imizing it, the concept extraction process can automatically
extract m concepts from BFN. Next, we will introduce how
to calculate the causal concept loss.

Through the causal estimator, we have obtained the causal
relationship strength from the ¢th concept of BFN to the jth
feature in the concept extraction process as s; ;. We can ob-
tain the causal concept loss as

m—1,8;[1
COL = Y75 ()
5.t.8; = sort(s; ;|i € [0,n)),

“

where sort(.) is the descending sort function. According to
Eqgs.(3) and (4), we can finally obtain the causal concept loss
as

m—1,&;
CCL =" 2 m)

s.t.E; = sort(e; j|i € [0,n)), ®)
where sort(.) is the ascending sort function. By minimizing
CC L, each feature of the concept extraction process is forced
to maintain a strong causal relationship with one of the n con-
cepts in BFN and weaker causal relationships with the other
concepts. Therefore, we can think that there are m concepts
automatically extracted from BFN by minimizing the causal
concept loss in the concept extraction process.

4.3 Concept Aggregation and Decision

Through the concept extraction process, we obtained m con-
cepts extracted from the deep features of BFN. The causal
concept loss CCL cannot guarantee that there are no dupli-
cates in m concepts. This will lead to a misunderstanding if
the model uses these concepts to make decisions directly. We
cannot explain the difference among the duplicate concepts.
So we need the concept aggregation process to aggregate the
same concepts to obtain the contribution of every concept to
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outputs. Then the deep model can make decisions based on
these contributions of concepts in the decision process.

In the concept aggregation process, CLCEM uses loca-
tion connections to aggregate the same concepts. There are
2n aggregated concepts in it as {a; 0, ;,1|¢ € [0,n)}, and
each kind of concept corresponds to two aggregated concepts,
which represent its contribution to the subject as a healthy
person or as a patient. When aggregating, CLCEM connects
only the neurons representing the ith concept in the concept
extraction process to ;o and a; 1.

During the decision process, CLCEM can calculate the
probability that the subject is a patient or healthy person
through addition as follows:

P(y=0) =" (o)
Ply=1)= 5" (ar), ®

where y = 0 or 1 represents that the subject is a healthy per-
son or patient, respectively.

In other words, through the concept extraction process,
concept aggregation process and decision process, we can
say that the CLCEM has a transparent decision-making pro-
cess, reflects the contribution of various concepts to decision-
making and is highly explanatory.

4.4 Model Training

In training, the causal estimator attempts to use n concepts
to fit the deep features extracted from BFN by the feature ex-
tractor. This increases the accuracy of the estimation of causal
relationship strength. The causal concept loss for the feature
extractor tries to extract m concepts by making each of the m
features in the concept extraction process fit well by only one
of the n concepts using the causal estimator. Therefore, we
can also regard this training process as adversarial training,
and the loss for the causal estimator and feature extractor can
be separately written as Loss; and Losss

Lossy = CEL, %
Losss = A\CCL+ CE(Y', ),

where A (set to 0.1) is the weight of causal concept loss for
concept extraction, CE(., .) is the cross entropy loss for clas-
sification, and )’ or ) represents the output label or real label
vector, respectively.

The whole process of CLCEM’s training is shown in Algo-
rithm 1, where nbepochs is the number of training epochs, Ir
is the learning rate and wd represents the L2 regularity coef-
ficient.

In detail, the algorithm takes the training set (X;, );) and
verification set (X, ),) as inputs and the parameters of the
total network © as the output. A; and X, are the BFNs in
the training and verification sets, respectively. ); or ), is
the corresponding label set in the training or verification set,
respectively. {vg,v1, ..., Um—1} is the output of the feature
extractor, which can be bound to concepts by the concept ex-
traction process. fc, ;(C;) is the output of the causal es-
timator in the concept extraction process, which tries to use
concept ¢ of BFN to fit v;.

Algorithm 1 can be roughly divided into three stages in
each epoch: first, train the causal estimator in the concept
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Algorithm 1 Model Training of CLCEM

Input: &3, V;, X, ),
Parameter: nbepochs, lr, wd, A
Output: ©

1: Initialize Adam optimizer.

2: Let minloss = 1e®.

3: for _in range(nepochs) do

4:  for _inrange(2) do

5: Input &; into the feature extractor to get the output
as {vo, V1, «+oy Umn—1}-
6: Input AX; into the causal estimator to get the output

as { fc,v0,(Ci),i € [0,n),5 € [0,m)}.
7 Calculate Lossy by Egs.(1), (2) and (7).
8: Minimize Loss; by optimizer;.
9: end for
0:  Input A} into the causal estimator to get the output as
{fCi,’Uj (C'L')a (&S [Oa Tl),] € [07 m)}
11:  Input A&} into the feature extractor to get the output as
{UO’ U17 A Um*l}‘
12:  Calculate Losss by Eqgs.(1), (5) and (7).
13:  Minimize Losss by optimizers.
14:  Input X, into the causal estimator and feature extractor
separately.
15:  Calculate Losss by Egs.(1), (5) and (7).
16:  if minloss > Losss then

17: minloss = Loss,.

18: Save the parameters of the total network as ©.
19:  endif

20: end for

21: return O.

extraction process on the training set by minimizing Loss;
(5-10). Then, calculate Losss by the output of the causal
estimator and feature extractor on the training set and min-
imize it to train the feature extractor (11-14). Finally, keep
the best parameters of the total network with minimal Losss
on the verification set (15-20). To clarify the training process
of CLCEM, we have drawn it as Figure. 3. In practical us-
age, CLCEM as an explanation method, is trained end-to-end
together with a BFN classification model (e.g., CNN).
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Figure 3: The training process of CLCEM.
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5 Results and Discussion

In the experiments, our initial evaluation focuses on assess-
ing the strength of the causal relationship between BFN con-
cepts and the features of the concept extraction process. This
evaluation aims to verify whether CLCEM can automatically
extract human-understandable concepts based on the causal
concept loss. Subsequently, the explanation’s accuracy is
confirmed through an assessment of the contribution of ROIs
to classification. This involves a comparison of evaluation
results with existing medical studies, followed by the identi-
fication of key ROIs to guide the classification process. The
code is available at https://github.com/bjutAILab/CLCEM.

5.1 Configuration of the Device Operating
Environment

This section outlines the computational framework used for
the experiments, which includes both hardware and soft-
ware components. The hardware setup features a high-
performance NVIDIA GeForce RTX 3090 and RTX 3080 Ti
GPUs, paired with an AMD Ryzen 9 5950X 16-Core Proces-
sor. This combination forms a powerful computing environ-
ment. The system operates on Ubuntu 20.04 LTS, providing
a stable foundation for our projects. It is equipped with 64GB
of high-speed DDR4 RAM, ensuring exceptional responsive-
ness and efficiency. For deep learning operations, we use
the PyTorch framework, version 1.12.1, which includes GPU
support via CUDA version 11.4.

5.2 Dataset Description

The dataset used in this paper is obtained from the ABIDE I
database. It has both functional and structural brain imag-
ing data of 1112 individuals including 539 autism spec-
trum disorder (ASD) patients and 573 typically developing
(TD) controls, which were collected from 16 different sites
around the world. Since the data processing of fMRI is
very flexible, the preprocessed connectomes project provides
the preprocessed fMRI data of ABIDE I, and is available at
http://preprocessed-connectomes-project.org/abide/.

In this study, we chose 505 ASD patients and 530 TD con-
trols from the dataset after removing subjects who did not
have complete phenotypic information. The data employs au-
tomated anatomical labeling (AAL, 90 ROIs except for cere-
bellum) template and regard the mean value of all voxels in
an ROI as its signal.

5.3 Metric Description

Concept Extraction Metric

In this paper, the metrics we use can be divided into two cat-
egories: causal metrics and performance metrics. For the
causal metric, we mainly use it to evaluate the causal rela-
tionship strength between the concepts of BFN and the fea-
tures of the concept extraction process. By this, we can ver-
ify whether the causal concept loss in CLCEM works. For a
given causal structure G, the causal metric M, can be calcu-
lated as

My = —2logp(X;0,G), (8)
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Figure 4: The M., between the randomly selected 50 concepts of BFN and the features of concept extraction process. Note that the 50
concepts represent the causal relationships between features in the concept extraction process, not the final selection of 90 concepts (ROIs).

where X € R7*% represents the given data, 0 is the maxi-
mum likelihood estimation of G’s parameter 6, dy is the di-
mensionality of 6 or the amount of variables in G and 7 de-
notes the amount of samples in X.

Then, we choose regression models to describe every
causal relationship and assign the Z¥ as the corresponding
estimate for a:f, which is the ith variable in the kth observed
sample. Thus we can obtain M as

dg—1

RSS;
My = 1 , 9
! ; (7log(=—=)) ©
where RSS; = ;;é(if — 2¥)? represents the fitting error

of the regression models. Moreover, the Eq. (9) is equivalent
to the log-likelihood objective used by GraN-DAG, and we
further assume that the variances of noise are equal. Thus,
the M; can finally be written as

S (RSS;)

0T

M = dp log( ), (10)
where dy is the dimensionality of # or the amount of variables
in G and 7 denotes the amount of samples in X. RSS; =

;;é (2% — 2%)? represents the fitting error of the regression
models. The smaller the M, the stronger the causal relation-

ship.

Classification Performance Metric
We use six performance metrics primarily to verify the cor-
rectness of the explanation and evaluate the influence of
CLCEM on classification performance. Four common perfor-
mance metrics include accuracy (Acc), recall (Rec), precision
(Pre) and F1-score (F1). In addition, we also utilize balanced
accuracy (b-Acc) and the area under the curve (AUC) to fur-
ther evaluate the expected performance.

b-Acc is a metric used to evaluate the performance of clas-
sification models, particularly when dealing with imbalanced
datasets where the number of instances in each class is not
evenly distributed. It can be calculated by:

b-A —lx( e + N )
“CTy*\TPYFN T FP+TN”

an
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where TP, FP, TN and FN are the number of true positive sub-
jects, false positive subjects, true negative subjects and false
negative subjects, respectively.

AUC refers specifically to the area under ROC curve in this
paper, which takes false positive rate (FPR) as abscissa and
true positive rate (TPR) as ordinate. They can be calculated
by:

FP
FPR= —— 12
R FP+TN’ (12)
TP
PR = 7p PN 1

5.4 Effectiveness of Causal Concept Loss in
CLCEM for Concept Extraction

To verify that CLCEM can automatically extract human-
understandable concepts by the causal concept loss to explain
the decision process of deep models, we evaluate the causal
relationship strength between the concepts of BFN and fea-
tures of the concept extraction process. In this paper, we use
M., to accomplish this goal.

The M, between the concepts of the input BFN and the
features of the concept extraction process are shown in Fig-
ure. 4, where the abscissa represents the serial number of fea-
tures, and the ordinate represents the value of M. In detail,
the M, is calculated by Eq. (10), and then we standardized
them by

My — min(My)
max (M) — min(My)

For the demonstration purposes, we randomly selected
only 50 features from all features. Because too many features
will make the graph too dense and difficult to understand.
There are two different types of graphs in Figure. 4. The his-
togram represents the M; of the strongest causal relationship
between the corresponding feature and n BFN concepts, and
the box diagram represents the distribution of M. between
the corresponding feature and the other n — 1 BFN concepts.
We find that all bar charts are much lower than the lower edge

Mcl =

)- (14)
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of the corresponding box chart. Because M, is inversely pro-
portional to the strength of causal relationship, we can assert
that every feature maintains a strong causal relationship with
one of n BFN concepts and weaker ones with the others. It is
worth noting that there are thousands of features in brain net-
work classification involving 90 brain regions. We randomly
displayed 50 to convey that the relationships extracted by our
method are effective.

Therefore, we can conclude that by causal concept loss,
CLCEM can automatically extract concept-level causal ex-
planations for deep models’ decision processes.

5.5 Explanation Analysis of CLCEM in ASD
Classification

To verify the correctness of the explanation generated by
CLCEM, we used the explanation to locate the ROI highly
related to ASD. Then, we checked these ROIs based on ex-
isting brain science research results. Finally, we relied only
on these ROI for classification to more intuitively show the
correctness of the explanation.

Next, we introduce how to use the explanation generated
by CLCEM to locate the ROI highly related to ASD or con-
tributing most to the CAD of ASD. The concept aggregation
process uses location connections to aggregate the same con-
cepts to obtain the contribution of each concept to the output.
Let us abstract the concept extraction process and concept
aggregation process of CLCEM into a nonlinear function IT".
Then, the output o € R?" of the concept aggregation process
for an input can be written as

o = T(z), (15)

where o = {a; ;}(i € [0,n),5 € [0,2), and = represents
an input subject. ¢ ; is the probability of the input subject’s
label equaling j according to the concept .

From the perspective of classification, we think that the
concept whose probability differs greatly for different classes
is important. Therefore, we can use « to locate the ROI that
contributes greatly to classification by

142
si:fZ|af’0—aﬁl|, (16)
7,5

where s; is the score of ROI 7 and is positively correlated
with the contribution to classification, aﬁ ; 1s the probability
of the kth input subject’s label equaling to j according to the
concept ¢ and ¢ is the quantity of input subjects.

Using Eq. (16), we can obtain all ROI contributions to
classification. For ease of presentation, we standardized them
according to Eq. (14). For a comprehensive and detailed pre-
sentation, we use Table 1 and the Figure. 5 to display the
location of the top 10 important ROIs in the human brain,
which can show the important ROI more figuratively. In Ta-
ble 1, “No.” is the default order of ROI in the AAL template,
and “score” indicates scientific counting.

To more clearly illustrate the important ROIs, Figure 5 is
presented to display the locations of these ROIs. From Figure.
5 we can find that most of the functions of the ROI are closely
related to some typical manifestations of ASD patients, such
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No. ROI abbreviation score
48 Lingual gyrus LING.R 1.00€°
82  Superior temporal gyrus STG.R 9.99¢ 1
21 Olfactory cortex OLFL 4.37¢7!
65 Angular gyrus ANG.L 1.47¢ "
43 Calcarine .ﬁssure and CALL 1466~

surrounding cortex

Superior frontal gyrus 1

26 (medial orbital) ORBsupmed.R 1.14e
86  Middle temporal gyrus MTG.R 7.80e™2
56 Fusiform gyrus FFG.R 7.24e72
44 Calcarine .ﬁssure and CALR 6.83¢—2

surrounding cortex
88 Temporal pole: TPOmidR  6.36¢ >

middle temporal gyrus

Table 1: The score of the top 10 ROIs evaluated by CLCEM.

ORBsupmed.R

OLEL y TPOmid.R

Figure 5: Visualization of top 10 important ROIs selected by
CLCEM in human brain.

as lack of social contact, difficulty in communicating, stereo-
typed or repeated behavior and interest, lack of sensitivity to
facial features and slow development of perception. Corre-
spondingly, the LING.R is related to visual signal process-
ing, logic analysis and visual memory. The STG.R is the
language center and plays an important role in social cog-
nition. The ANG.L is mainly involved in the language and
digit processing of human brain and in processes related to
attention. The CAL.L is related to visual function. The ORB-
supmed.R is believed to contribute to cognitive function. The
MTG-.R is associated with different processes that recognize
known faces, semantic memory processing, integrate multi-
modal sensory, etc. Finally, the FFG.R is important in object
and face recognition.

Several existing medical studies showed that changes in
these ROIs are directly and significantly associated with the
onset of ASD. Keehn [Jao Keehn et al.2017] found that com-
pared with TD, the ASD group showed a bilateral cluster of
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ROI Selection Methods Acc(%)1 Rec(%)1 Pre(%) 1 F1(%)1 b-Acc(%)t AUC(%)1
AAL (All regions) 65.02+4.47 64.05+8.84 64.62+6.44 63.82+5.43 65.25+4.45 69.45+4.58
LIME (2016) 66.09+3.87 69.80+11.26 64.92+3.31 66.84+5.86 65.95+4.11 70.23+4.78
Grad-CAM (2019) 65.80+3.81 66.52+12.88 64.98+5.46 64.85+6.35 66.09+3.98 69.63+4.62
FGVis (2019) 65.26+2.92 65.11+8.98 66.87+4.87 65.39+3.35 65.33+3.11 69.78+4.16
AutoRMI (2022) 65.9642.43 64.084+8.02 66.154+4.05 64.714+4.14 66.04+2.45 69.984+2.88
CMIC (2023) 66.18+3.78 65.92+9.97 66.06+5.06 65.09+6.82 66.31+3.81 69.944+5.15
CLCEM (Ours) 68.37+2.37 71.27+6.07 67.62+3.73 69.20+3.03 68.16+2.57 71.75+2.67

Table 2: The BEN classification performance of CNN using various ROISs selected by different explanation methods. The AAL atlas comprises
all 90 ROIs, while other explanation methods select the top 30 most important ROIs from 90 ROIs.

activation with peak intensity in the right lingual gyrus, which
has a more significant effect on the activity of the left lingual
gyrus. Kana [Kana et al.2016] studied the FC difference in
age- and IQ-matched adults with and without ASD and found
that the brain activation level of the superior temporal gyrus in
ASD patients decreased significantly during implicit emotion
processing. David [Menassa et al.2017] believes that ASD is
characterized by sensory abnormalities, including impaired
olfactory recognition, and changes in the cellular structure of
the olfactory cortex may be the basis for the olfactory differ-
ences in ASD. Li [Li et al.2014] thinks that the local con-
nectivity of the angular gyrus in ASD patients is stronger to
support their cognitive function. Libero [Libero et al.2014]
collected fMRI data from ASD patients and TD individuals
when judging the model’s actions and intentions, and found
that patients with ASD had significantly reduced activation in
the calcarine sulcus compared with TD individuals when at-
tending to the intentions of actions. Yerys [Yerys et al.2015]
found that children with ASD demonstrated increased acti-
vation in the superior frontal gyrus during the switch-vs-stay
contrast compared to controls. Cauda [Cauda ef al.2011] an-
alyzed the voxel-based morphometry findings and found that
gray matter in the middle temporal gyrus was significantly in-
creased in ASD patients. Van [van Kooten et al.2008] found
that the activity of the fusiform gyrus and other cortical re-
gions supporting face processing in ASD patients decreased.

5.6 Comparative Analysis of Explanation Methods

Through the above demonstration, we have proven the cor-
rectness of the explanation given by CLCEM from the per-
spective of the brain mechanism. However, it is still uncertain
whether CLCEM is more effective in aligning with deep clas-
sification models of BFN when elucidating significant brain
regions, compared to other explanation methods. Indeed,
CLCEM is a general explanation method for BFN classifi-
cation (suitable for most deep models), rendering direct com-
parisons with established methods challenging. To validate
its advantages in explaining BFN classification tasks, we in-
directly assess whether the features explained by CLCEM are
the most significant for model decisions, in comparison with
other explanation methods.

In our experiments, we utilized extensively adopted and
high-performing deep learning models CNN [Henaff et
al.2015] for brain network classification. The explanation
methods encompass: LIME [Ribeiro ef al.2016], Grad-CAM
[Selvaraju et al.2019], FGVis [Wagner et al.2019], AutoRMI
[Huai et al.2022], and CMIC [Yao et al.2023]. In detail, we

use the explanations provided by CLCEM and other state-of-
the-art methods to identify the top 30 most important ROIs,
and then employ CNN to classify BFNs using only these
ROIs. We choose the top 30 ROIs, because most explana-
tion methods could yield approximately optimal results. The
number of brain regions selected can be 10, 30, 70, or any
number less than the total of 90 brain regions. We chose
30 for the presentation of results because preliminary testing
with different quantities showed that selecting 30 regions pro-
vides a balance where the number is not too high, yet the per-
formance is significantly improved. In particular, the dataset
was randomly divided into 10 equal parts, and we conducted a
10-fold cross validation. For fair comparison, different num-
bers of ROIs have the same network structure except that the
input layer was finely tuned to accommodate different scales
of BFN. The results are shown in Table 2 by mean =+ stddev.

In Table 2, we can see that the performance of models us-
ing the top 30 most important ROIs is better than the per-
formance of models using all ROIs for most of the meth-
ods. And CLCEM demonstrates the most outstanding perfor-
mance, achieving optimal results across all metrics. There-
fore, we can conclude that the explanation (important ROIs)
obtained from CLCEM is consistent with the characteristics
that the deep classification model actually values.

In summary, through a series of experiments and analy-
sis, we have established the correctness and advantages of
CLCEM’s exposition across three dimensions: brain neu-
ral mechanism, existing medical research, and classification
model performance. Considering these factors, we posit
that CLCEM’s explanation is comprehensible to humans and
aligns with the decision logic of the deep model.

6 Conclusion and Future Work

To explain deep models for BFN classification, we pro-
posed a novel concept-level causal explanation method called
CLCEM. The proposed method can automatically extract
human-understandable concepts from BFN under the con-
straints of causal concept loss and use these concepts to
explain the decision logic of deep models. CLCEM pro-
vides a better explanation than other kinds of explanation
methods and does not require the input data to be human-
understandable natural pictures.

In the future, we will study the theoretical aspects and ex-
tensibility of CLCEM in BEN classification, and explore the
use of CLCEM in multi-class brain disease diagnosis tasks.
Additionally, we will also attempt to incorporate other easily
comprehensible brain information as concepts.
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