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Abstract

The lack of interpretability in the field of medical image analysis has significant eth-
ical and legal implications. Existing interpretable methods in this domain encounter
several challenges, including dependency on specific models, difficulties in under-
standing and visualization, as well as issues related to efficiency. To address these
limitations, we propose a novel framework called Med-MICN (Medical Multi-
dimensional Interpretable Concept Network). Med-MICN provides interpretability
alignment for various angles, including neural symbolic reasoning, concept se-
mantics, and saliency maps, which are superior to current interpretable methods.
Its advantages include high prediction accuracy, interpretability across multiple
dimensions, and automation through an end-to-end concept labeling process that re-
duces the need for extensive human training effort when working with new datasets.
To demonstrate the effectiveness and interpretability of Med-MICN, we apply it
to four benchmark datasets and compare it with baselines. The results clearly
demonstrate the superior performance and interpretability of our Med-MICN.

1 Introduction

The field of medical image analysis has witnessed remarkable advancements, especially for the deep
learning models. Deep learning models have exhibited exceptional performance in various tasks,
such as image recognition and disease diagnosis [31} 46} 1], with an opaque decision process and
intricate network. However, this lack of transparency is particularly problematic in the medical
domain, making it challenging for physicians and clinical professionals to trust the predictions made
by these deep models. Thus, there is an urgent need for the interpretability of model decisions in the
medical domain [43} [13}57].

The medical field has strict trust requirements. It not only demands high-performing models but
also emphasizes comprehensibility and earning the trust of practitioners [20]. Thus, Explainable
Artificial Intelligence (XAI) has emerged as a prominent research area in this field. It aims to enhance
the transparency and comprehensibility of decision-making processes in deep learning models and
large language models by incorporating interpretability [65} 21} 22} 164, 63| 25| [8]]. Various methods
have been proposed to achieve interpretability, including attention mechanisms [56} 61} 27, 26| 24]],
saliency maps [70} [16], DeepLIFT and Shapley values [38| 4], influence functions [34}|55]. These
methods strive to provide users with visual explanations that shed light on the decision-making
process of the model. However, while these post-hoc explanatory methods offer valuable information,
there is still a gap between their explanations and the model decisions [42]]. Moreover, these post-hoc
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Figure 1: Med-MICN demonstrates multidimensional interpretability, encompassing concept score
prediction, concept reasoning rules, and saliency maps, achieving alignment within the interpretative
framework. The 'Peripheral ground-glass opacitiestjs and along the y-axis, it sequentially

explanations are generated after the model training and cannot actively contribute to the model
ne-tuning process, hindering them from being a faithful explanation tool.

Thus, there is increasing interest among researchers in developing self-explanatory methods. Among
these, concept-based methods have garnered signi cant atteb@d) [B5). Concept Bottleneck

Model (CBM) [35 initially predicts a set of pre-determined intermediate concepts and subsequently
utilizes these concepts to make predictions for the nal output, which are easily understandable to
humans. Concept-based explanations provided by inherently interpretable methods are generally
more comprehensible than post-hoc approaches. However, most existing methods treat concept
features alone as the determination of the predictions. This approach overlooks the intrinsic feature
embeddings present within medical images, thus degrading acc4ejcyvforeover, while these
concepts are human-understandable, they lack semantic meanings, thus questioning the faithfulness
of their interpretability[B9]. To improve further human trust, several recent wo{saim to leverage
syntactic rule structures to concept embeddings. However, there are still several potential issues.
First, unlike CBMs, current concept models with logical rules mainly focus on the supervised concept
case, which is quite strict for biomedical images as concept annotation is expensive. Second, while
current concept models (with logical rules) provide interpretations via concepts, we found that the
importance of these concepts is misaligned with other explanations, especially the explanation given
by saliency maps/[0, 16]. This will lead to a possible reduction in human trust when using these
models.

To address these challenges, we introduce a new and innovative end-to-end concept-based framework
called theMed-MICN (Medical M ulti-dimensional nterpretableConceptNetwork), as illustrated

in Figure 3. As shown in Figure 2, Med-MICN is an end-to-end framework that leverages Large
Multimodals (LMMs) to generate concept sets and perform auto-annotation for medical images,
thereby aligning concept labels with images to overcome the high cost associated with medical
concepts annotation. In contrast to typical concept-based models, our interpretation is notably more
diverse and precise (shown in Figure 1). Speci cally, we map the image features extracted by the
backbone through a concept encoder to obtain concept prediction and concept embeddings, which are
then input into the neural symbolic layers for interpretation. This also establishes alignment between
image information and concept embeddings by utilizing a concept encoder, leading to the derivation
of predictive concept scores. Furthermore, we align concept semantics with concept embeddings
by incorporating neural symbolic layers. Thus, we effectively align image information with con-
cept semantics and concept saliency maps, achieving comprehensive multidimensional alignment.
Additionally, unlike most concept-based methods, we use concept embeddings to complement the
original image features, which enhances classi cation accuracy without any post-process. Our main
contributions can be summarized as follows:



» We proposed an end-to-end framework called Med-MICN, which leverages the strength of
different XAl methods such as concept-based models, neural symbolic methods, saliency
maps, and concept semantics. Moreover, Med-MICN generates rules and utilizes concept
embeddings to complement the intrinsic medical image features, which improves accuracy.

» Med-MICN offers an alignment strategy that includes text and image information, saliency
maps, and concept semantics. It is model-agnostic and can easily transfer to other models.
Our outputs are interpreted in multiple dimensions, including concept prediction, saliency
maps, and concept reasoning rules, making it easier for experts to identify and correct errors.

» Through extensive experiments on four benchmark datasets, Med-MICN demonstrates
superior performance and interpretability compared with other concept-based models and
the black-box model baselines.

2 Related Work

Concept Bottleneck Model. The Concept Bottleneck Model (CBM3%] has emerged as an in-
novative deep-learning approach for image classi cation and visual reasoning by incorporating a
concept bottleneck layer into deep neural networks. However, CBM faces two signi cant chal-
lenges. Firstly, its performance often falls short of the original models without the concept bottleneck
layer, attributed to incomplete information extraction from the original data to bottleneck features.
Secondly, CBM extensively depends on meticulous dataset annotation. To solve these problems,
researchers have delved into potential solutions. For exantpleaye extended CBM into interactive
prediction settings by introducing an interaction policy to determine which concepts to label, ulti-
mately improving the nal predictions. Additionally4fl] has addressed the limitations of CBM by
proposing a novel framework called Label-free CBM, which offers promising alternatives. Post-hoc
Concept Bottleneck model§6] can be applied to various neural networks without compromising
model performance, preserving interpretability advantages. Despite much research in the image eld
[18, 33, 32, 45, 47, 36, 28, 23, 37], concept-based method for the medical eld remains less explored,
which requires more precise results and faithful interpretati®@huged a conceptual alignment

deep autoencoder to analyze tongue images representing different body constituent types based on
traditional Chinese medicine principle8q introduced CBM for osteoarthritis grading and used ten
clinical concepts such as joint space narrowing, bone spurs, calci cation, etc.

However, previous research heavily relies on expert annotation datasets or often focuses solely
on concept features to make predictions while overlooking the intrinsic feature embeddings within
images. Furthermore, while the concept neural-symbolic model has been explored in the graph domain
[3], its application to images, particularly in the medical domain, has been largely absent. Additionally,
our work addresses these gaps by proposing an end-to-end framework with an alignment strategy that
leverages various explainable methods, including concept-based models, neural-symbolic methods,
saliency maps, and concept semantics, to provide comprehensive solutions to these challenges.

Explanation in Medical Image. Research on the interpretability of deep learning in medical
image processing provides an effective and interactive approach to enhancing medical knowledge
and assisting in disease diagnosis. User studies involving physicians have revealed that doctors
often seek explanations to understand Al results, especially when the outcomes are related to their
own hypotheses or differential diagnosés][ They also turn to explanations to resolve con icts
when their judgments differ from those of AB][ thereby enhancing the intelligence of medical
models. Previous studies have visualized lesion areas through methods such as hé&fimaps [
and attention visualizatiorLP], aiding in the identi cation of lesion regions and providing visual
evidence. Additionally, utilizing language model-based methods like LLM or LMM to generate
medical reports complements the interpretation of model results (Chat68DX{rayGPT (2],
Med-PalLM f|9]). Saliency maps have emerged as the most common and clinically user-friendly
explanation for medical imaging tasks3 68, 69]. Recent research underscores the importance

of understanding the pivotal features in uencing Al predictions, particularly when clinicians must
compare Al decisions with their own clinical assessments in cases of decision incongdjity [

addition to the image's intrinsic feature recognition, assisted discrimination methods based on concept
injection are widely employed in assisted medical diagn@&isq]. Compared to relying solely

on self-supervised training, conceptual feature-based supplementation integrates expert knowledge,
offering more accurate assistance for interpreting detection results.



However, previous research on medical images relies on single-dimensional explanations, potentially
lacking suf cient decision information for physicians. Furthermore, erroneous single-dimensional
explanations could signi cantly impact physicians' judgments. Thus, there is a pressing need for a
multi-dimensional explanatory framework where explanations across various dimensions complement
each other. In instances of incorrect explanations, physicians can turn to explanations in alternative
dimensions to aid their judgment.

Figure 2: (a) module, output rich dimensional interpretable conceptual information for the speci ed
disease through the multimodal model and convert the conceptual information into text vectors
through the text embedding module; (b) module, access the image to the image embedder to get the
image features, and then match with the conceptual textual information to get the relevant attention
region. Then, we get the in uence score of the relevant region information through pooling, and
nally send it to the lter to sieve out the concept information with weak relevance to get the disease
concept of image information.

3 Preliminaries

Concept Bottleneck Models. To introduce the original Concept Bottleneck Models, we adopt
the notations used by¥5]. We consider a classi cation task with a concept set denoted as
Ci1;Cy;:::; Cy and a training dataset represented @s; yi; ¢ )gM, . Here, fori 2 [M], x; 2 RY
represents the feature vectgr,2 R% denotes the label (with, corresponding to the number of
classes), and 2 RY% represents the concept vector. In this contextj ttieentry ofc; represents
the weight of the concep; . In CBMSs, our goal is to learn two representations: one that transforms
the input space to the concept space, denotedt &' | RY%, and another that maps the concept
space to the prediction space, denotefl aR% ! R%. For any inputx, we aim to ensure that

its predicted concept vectdr= g(x) and prediction} = f (g(x)) are close to their underlying
counterparts, thus capturing the essence of the original CBMs.

Fuzzy Logic Rules.As described by17, 3], continuous fuzzy logic extends upon traditional Boolean
logic by introducing a more nuanced approach to truth values. Rather than being con ned to the
discrete values of either 0 or 1, truth values are represented as degrees within the continuous range
of {0, 1}. Conventional Boolean connectives including t-notm [0; 1] [0; 1] 7! [O; 1], t-conorm
_:[0;1] [0;1] 7! [O;1], negation x =1 x. The logical connectives, including _;”*;) ;( ;, ,

are utilized to convey the logical relationships between concepts and their representations. For
example, consider the problem of deciding whether an X-ray lung image has COVID, given the
vocabulary of concepts "ground-glass opacities (GO)," "Localized or diffuse presentation (LDP),"
and "lobar consolidation (LC)." A simple decision rule carybe cgo ”: CLc . From this rule, we

can deduce that (1) Having both "no LC" and "GO" is relevant to having COVID. (2) Having LDP is
irrelevant to deciding whether COVID exists.



Figure 3: Overview of the Med-MICN Framework. The Med-MICN framework consists of four pri-
mary modules: (1feature Extraction Module: In the initial step, image features are extracted using

a backbone network to obtain pixel-level features.G@hcept Embedding Module The extracted
features are fed into the concept embedding module. This module outputs concept embeddings while
passing through a category classi cation linkage layer to obtain predicted category information. (3)
Concept Semantic Alignment Concurrently, a Vision-Language Model (VLM) is used to annotate

the image features, generating concept category annotations aligned with the predicted categories. (4)
Neural Symbolic Layer: After obtaining the concept embeddings, they are input into the Neural
Symbolic layer to derive conceptual rules. Finally, the concept embeddings obtained from module (2)
are concatenated with the original image embeddings and fed into the nal category prediction layer
to produce the ultimate prediction results.

4 Medical Multi-dimensional Interpretable Concept Network

Here, we present Med-MICN (Figure 3), a novel framework that constructs a model in an automated,
interpretable, and ef cient manner. (i) In traditional CBMs, the concept set is typically generated
through annotations by human experts. When there is no concept set and concept labels, we rst
introduce the automated concept labeling alignment process (Figure 2). (ii) Then, the concept set
(output by LLMs such as GPT4-V) is fed into the text encoder to obtain word embedding vectors.
Our method utilizes Vision-Language Models (VLMSs) to encode the images and calculate cosine
distances to generate heatmaps. We apply average pooling to these heatmaps to obtain a similarity
score aligned with the concept set through a threshold to obtain concept labels. (iii) Next, we extract
image features using a feature extraction network and then map them through a concept encoder to
obtain concept embeddings. (iv) We nally use these concept embeddings as input into the neural
symbolic layers to generate concept reasoning rules and incorporate them as complementary features
to the intrinsic spatial features for predictions, proving multi-dimensional interpretation alignment.
We provide details for each component of Med-MICN as follows.

4.1 Concept Set Generation and Filtering

GivenM . classes of target diseases or pathology, the rst step of our paradigm is to acquire a set of
useful concepts related to the classes. A typical work ow in the medical domain is to seek help from
experts. Inspired by the recent work, which suggests that instruction-following large language models
present a new alternative to automatically generate concepts throughout the entire grhekgs [

We propose to generate a concept set using LMMs, such as GPT-4V, which has extensive domain
knowledge in both visual and language, to identify the crucial concepts for medical classi cation.
Figure 2 (a) illustrates the framework for concept set generation. Details are in Appendix A.

4.2 VLMs-Med-based Concept Alignment
Generating Concept Heatmaps. Suppose we have a set & useful conceptsC =



labels for each image in the dataset corresponding to its concept set. Inspired by the satisfactory
performance in concept recognition within the medical eld demonstrated by VI89s \ve use

BioViL [5] to generate the pseudo-labels for the concepts of each image. Figure 2 (b) illustrates the
detailed automatic annotation process of concepts.

Given an imagex and a concept set, its feature m&a® R" W P and the text embeddirtg 2 RP
for each concept are extracted as follows:

V= v(X); ti= 1(g); i=1;:::;N

where y and 1 are the visual and text encodetsis the embedding of thieth concept in the
concept poolH andW are the height and width of the feature map.

GivenV andt;, we can obtain a heatmd, i.e., a similarity matrix that measures the similarity
between the concept and the image can be obtained by computing their cosine distance:
th v
Phwi = i hw h=1;::1;H;, w=1;:::;W
it 5 Vawli’
whereh; w are theh-th andw-th positions in the heatmaps, aRdy.i represents a local similarity
score betweeN andt;. Then, we derived heatmaps for all concepts, denoté®as,;:::;Pn Q.

Calculating Concept ScoresAs average pooling performs better in downstream medical classi-

cation tasks p2], we apply average poop,ng to the heatmaps to deduce the connection between

the image and concepts; = g 1W h=1 1 Hhwi . Intuitively, s; is the re ned similarity
score between the i image and conagpf hus, a concept vectarcan be obtained, representing the

similarity between an image inputand a set of concepts:= (S3;:::;sn)".

Alignment of Image and Concept Labels.To align images with concept labels, we determine the
presence of a concept attribute in an image based on a threshold value derived from an experiment. If
the values; exceeds this threshold, we consider the image to possess that speci ¢ concept attribute
and set the concept label to Bruie We can obtain concept labels for all images fci;:::;¢u 0,

whereC; 2 f 0; 1g\ is the concept label for thieth sample. Finally, to ensure the truthfulness of
concepts, we discard all concepts for which the similarity across all images is below 0.45. To achieve
higher annotation accuracy, we only annotated 20% of the data for ne-tuning the model to adapt to
different datasets. We sampled 10% of the pseudo-labels generated and compared them with expert
annotations11]. It is notable that in the case where the concept set and concept labels are given, we
can directly skip Section 4.1 and 4.2.

4.3 Multi-dimensional Alignment

In Section 4.2, we get the concept labels for all input images. However, as we mentioned in the
introduction, such representation might signi cantly degrade task accuB&cgT]. To overcome

this issue, recentlyg7] propose using concept embeddings, which increase the task accuracy of
concept-based models while weakening their interpretability. Motivated by this, we use these concept
embeddings to increase the accuracy and leverage our concept label to enhance interpretability. In the
following, we provide details.

Concept Embeddings.For the training datX = f(Xm;ym)gM-, , we use a backbone network
(e.g., ResNet50) to extract featufes= ff (xy,)g¥_, . Then, for each feature, it passes through a
concept encode#[/] to obtain feature embeddin@is(xm ) and concept embeddings . The specic
process can be represented by the following expression:

f(Xm) = b(Xm);fc(Xm); ém = o(f (xm)) form2 [M];
where pand . representthe backbone and concept encoder, respectively.

To enhance the interpretability of concept embeddings, we utilize binary cross-entropy to optimize
the accuracy of concept extraction by computingbased or¢ = f ¢, gM_, and concept labelsin
Section 4.2:

L. = BCE (¢;0): 1)

Neural-Symbolic Layer. Our next goal is to use concept embedding to learn concept rules for
prediction, which is motivated byg]. We aim to generate rules involving the utilization of two sets

of feed-forward neural networks{ ) and ( ). The output of( ) signi es the assigned role of
each concept, determining whether it is positive or negative (such as “no LC” and “GO”). On the



other hand, the output of ) represents the relevance of each concept, indicating whether it is
useful within the context of the sample feature (such as “LDP"). The overall process can be divided
into three distinct parts: (i) Learning the role (positive or negative) of each concept Caltextpt
Polarity. For each prediction clags there exists a neural network ( ). This network takes each
concept embedding as input and produces a soft indicator, a scalar valug¢dnith@nge. This soft
indicator represents the role of the concept within the formula; (ii) Learning the relevance of each
concept calledConcept Relevanc&imilar to concept polarity, for each prediction clasa neural
network () is utilized,; (iii) Output the logical reasoning rules of the concept and the contribution
scores of concepts. For each clasae combine the previous concept polarity vedtgr and the
concept relevance vectby; to obtain the logical inference output. This is achieved by the following
expression (Details are in Appendix B):

% = "iN=1 Cloig _ ey )= inz]i[ﬂlf maxfl g ;leij 99 (2)

4.4 Final Objective

In this section, we will discuss how we derive the class of medical images and the process of
network optimization. First, we have the ldssin (1) for enhancing the interpretability of concept
embeddings. Also, as the concept embeddings are input into the neural-symbolic layer to output
logical reasoning rules of the concept and predic§gfram in (2) for x,, we also have a

loss between the predictions given by concept rule and ground truth, which corresponds to the
interpretability of our neural-symbolic layers. In the context of binary classi cation tasks, we employ
binary cross-entropy (BCE) as our loss function. For multi-class classi cation tasks, we use cross-
entropy as the measure. Using binary classi cation as an example, we calculate thg.lpgs by
comparing the output from the neural-symbolic layer to the labehs follows:

Lneurar = BCE ($neural ;Y); (3

Classi cation Loss. Note that ad eyrar in (3) is purely dependent on the concept rules rather than
feature embeddings, we still need a loss for nal prediction performance. In a typical classi cation
network, the process involves obtaining the feafupe, ) and passing it through a classi cation
head to generate the classi cation results. What sets our approach apart is that we fuse the previously
extracted .(xm ) with thef (X, ) using a fusion module as input to the classi cation ahead. This can
be expressed using the following formula:

¥m = We  Concaff (Xm); fc(Xm));

Note thatWg represents a fully connected neural network. For training our classi cation model, we
use categorical cross-entropy loss, which is de ned as follows:

Liask = CE(y1Y);
Formally, the overall loss function of our approach can be formulated as:
L=L@sxk + 1 Lc+ 2 Lneua ;

where 1; » are hyperparameters for the trade-off between interpretability and accuracy.

5 Experiment

In this section, we introduce the experimental settings, present our superior performance, and
showcase the interpretability of our network. Due to the space limit, additional experimental details
and results are in the appendix C.

5.1 Experimental Setting

Datasets.We consider four benchmark medical datasets: COVID-Z for CT images, DDI LQ]
for dermatology images, Chest X-Ra4], and Fitzpatrick17k15] for a dermatological dataset with
skin colors.

Baselines We compared our model with other state-of-the-art interpretable models, such as Label-free
CBM[41] and DCRp], to highlight the robustness of our interpretability capabilities. Furthermore,
we conducted comparisons with black-box models, such as SSSD-COVID [51].



Evaluation Metrics. In this study, we concentrate on medical image classi cation. To comprehen-
sively evaluate our classi cation model, we employ a range of key metrics, including binary accuracy,
precision, recall, F1-Score, and AUC value. Speci cally, we calculate each metric for positive
and negative samples in each dataset, alongside utilizing AUC for further insight into classi cation
performance.

Experimental Setup. We employed three different models as our backbones: ResNe&t9ho |
VGG19 [48], and DenseNet16B[]. To demonstrate the superiority of our method, we use the
same backbones without any additional processing. For the concept encoder, we utilized the same
structure as described iBY]. Before training, we obtained pseudo-labels for the concepts in each
image using the automatic labeling process. Although previous work has shown that operations
like super-resolution reconstruction can improve model accuracy on our dataset, to demonstrate the
superiority of our method, we used the original images as our input. During training, we adopted
the Adam optimizer with a learning rate of 5e-5 throughout the training stages. For hyperparameter
selection, we set; = ,=0:1.

Method  Backbone COVID-CT DDI ChestX-Ray Fitzpaticki7k oo ooy
Acc.(%) FL(%) Acc.(%) FL1(%) Acc.(%) F1(%) Acc.(%) F1(%)

ResNet50 8136 81.67 77.27 7277 7564 71728079 80.79 x
VGG19 7960 79.88 7652 7012 8141 7756 75.37  75.37 x
Baseline DenseNetl69 8559 8559 78.03 6951 6955 61.66 76.85  76.83 x
SSSD-COVID 81.76  80.00 - - - - - - x
Label Free CBM  69.49  69.21  70.34  69.21 71.21 7084 7524 7541 X
DCR 5593 5141 7652 6532 6202 4133 68.05 6612 X
ResNet50 8475 8475 81.82 7633 7837 7442 8276 83.03 X
Ours  VGG19 83.05 84.37 8258 78.07 8830 88.16 77.34  77.53 X
X

DenseNet169 86.44 87.15 79.55 69.79 73.88 65.70 80.79 81.11

Table 1: Utility results. We conducted ten repeated experiments and calculated the average results for
each metric. Red and blue indicate the best and the second-best result. Our approach outperforms
the baseline backbone models while also providing interpretability. Our model exhibits signi cantly
higher accuracy compared to other state-of-the-art interpretable models.

5.2 Model Utility Analysis

Med-MICN delivers superior performance. In Table 1, our method achieved different improve-
ments on various backbones for the COVID-CT dataset. Taking Acc as an example, it increased by
3.39% with ResNet50 and by 3.45% with VGG compared to backbones. Compared to SSSD-CQOVID,
our method outperforms in terms of Acc and F1, with improvements of 4.68% and 7.15%, demonstrat-
ing the superiority of our method in enhancing model accuracy. Additionally, our method possesses
interpretability, which is not achievable by SSSD-COVID. On the other hand, our method achieved
signi cant improvements on different backbones for the DDI dataset. For instance, Acc increased by
6.01% with VGG. Despite the signi cant differences between the two datasets in terms of modality,
our method demonstrated signi cant effects on both datasets, indicating its good generalizability.
Details are shown in Table 4, 5, 6, and 7 in Appendix.

Meanwhile, when compared to existing well-performing interpretable models, our approach demon-
strates signi cant advantages in terms of accuracy and other metrics across different datasets. This
indicates that our joint prediction of image categories using both concept and image feature spaces
outperforms predictions based solely on a limited concept space.

5.3 Model Interpretability Analysis

Explanation across multiple dimensions. In our approach, we discover and generate concept rea-
soning rules based on the neural-symbolic layer. Analyzing these rules enhances the interpretability of
our network. In addition, our approach derives concept prediction scores through the concept encoder,
and during evaluation, it also produces saliency maps. Through multi-dimensional explanations, we
can observe the basis for the model decision from different perspectives. In concept score prediction,
we can observe how the model maps data to concept dimensions, allowing doctors to observe and
correct concept results, thereby rectifying prediction errors caused by incorrect concept predictions.
In concept reasoning rules, we can deduce the model classi cation criteria, further explaining the
model decisions. Additionally, during the evaluation process, we can generate saliency maps for the



Ablation Setting Metrics
Le L neural ACC.(%) Precision(%) Recall(%) F1(%) AUC.(%) Interpretability

Dataset

8220 82.92 8221 8255 8264

83.05 83.62 8316 8301  83.16

covib-CT X 81.36 8211 8138 8170 8l8l
X X 84.75 84.77 gags 8475 8477 X

78.03 74.97 66.88 6924  67.41

. X 79.55 75.36 7147 7273 7120

X 78.79 76.38 66.20 6869  67.64
X X 81.82 76.56 7617 7633  76.12 X

68.59 69.63 6111 6102 6205

7228 77.63 6415 6372 6415

Chest X-Ray X 7003 73.83 6184 6125 6239
X X 78.37 80.38 7312 7442 7312 X

78.33 79.50 7832 7891  79.06

o 79.80 80.60 79.81 8020 8031

Fitzpatrick17k X 80.79 81.28 80.82 8128 8107
X X 82.76 82.84 8323 8303  82.99 X

Table 2: Experimental results from ablation studies on each loss function demonstrate that each loss
function is indispensable for both accuracy and interpretability.

data, providing an intuitive understanding of how pixels in the image in uence the image classi cation
result aligned with semantic concepts. Compared to traditional concept-based models, our model
interpretation offers advantages in richness and accuracy. Additional visualization examples can be
found in Appendix D.2.

Figure 4: Comparison of single-dimensional and multi-dimensional interpretability methods.

As shown in Figure 4, it is evident that relying solely on single-dimensional interpretable strategies,
such as saliency maps or concept embedding enhancements, does not furnish adequate interpretability
to effectively address the problem. However, by integrating multi-dimensional strategies, the model
can align the information of each dimension, thus obtaining more comprehensive interpretable
information and ultimately yielding more correct prediction results. Speci cally, when feature
extraction is solely reliant on saliency maps, obtaining accurate attention in the feature region
often proves challenging, and conceptual information tends to be unstable when supplemented
solely by concepts. In contrast, our proposed multi-dimensional interpretable strategy transcends
dependence on a single interpretable strategy, opting instead for a more generalized multi-dimensional
augmentation approach. This approach enables the model to complement the single-dimensional
methods and achieve heightened accuracy.

5.4 Ablation Study

The ablation experiments presented in Table 2, conducted with Resnet50 as the backbone, reveal sig-
ni cant contributions from both_ . andL a1 to the classi cation result. To illustrate, considering

the comprehensive index AUC in the DDI dataset, utilizing dndyyeilds a 3.79% improvement,

while relying solely on_,oyrar  does not notably enhance performance. However, employing both



simultaneously leads to an 8.71% improvement. This observation underscores the complementary
nature of concept and neural logic rules in enhancing model performance. Besides, additional ablation
studies investigating the effect of concept Iters and comparing VLMs labeling methods with other
Med-CLIP approaches are provided in Appendix D.3. Additionally, we conducted a sensitivity
analysis for both baselines and Med-MICN on the DDI dataset, as depicted in Figure 14 in the
appendix, showcasing the robustness of our model against perturbations. Furthermore, computational
cost analysis (presented in Table 9 in the appendix) was conducted. Experimental ndings indicate
that Med-MICN incurs minimal computational cost compared to the baseline model while achieving
improvements in both accuracy and interpretability.

6 Conclusion

This paper proposes a novel end-to-end interpretable concept-based model called Med-MICN. Com-
bining medical image classi cation, neural symbolic solving, and concept semantics, Med-MICN
achieves superior accuracy and multi-dimensional interpretability. Our comprehensive experiments
demonstrate consistent enhancements over other baselines, highlighting its potential as a generalized
and faithful interpretation model for medical images.
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A Concept Set Generation and Filtering

A.1 Concept Generation with GPT-4V

In this section, we will explain our process for generating concept sets using GPT-4V. Speci cally,
we ask GPT-4V the following:

[User]:
« List the useful visual attributes to recognize {class} in a {type} in this {image}:
* List the things most commonly seen around a {class} in this {image}:
« List in bullet points with no extra context.

Note that the image here refers to the images we random sample from the dataset, and type represents
the modality of medical image (e.g. X-rays, CT). Full prompts and example outputs are illustrated

in the appendix D.2. Combining the concepts received from different classes and images gives us
a large, somewhat noisy set of initial concepts, which we further improve by Itering. We found
using GPT-4V to generate initial concepts to perform better than using GPT-3, which was used in
Label-free CBM [41]. We initiate the procedure with the following conversation:

4 )
[User]: List the useful visual attributes to recognize COVID in a CT in this image.
[GPT-4V]: When assessing CT images for signs of COVID-19, radiologists often look for
certain visual attributes that can suggest the presence of the disease. Here are some of the key
visual attributes they may look for:

1. Ground-glass opacities (GGOs) These are hazy areas that do not obscure t:Le
underlying lung structures. They are called "ground-glass" because they reseinble
the appearance of frosted glass.

2. Consolidation: ...
L J

In addition, we can proceed with the following question:

4 N\
[User]: List the things most commonly seen around COVID in this image.
[GPT-4V]: Based on the image you have provided and considering the common radiolodical
ndings associated with COVID-19, here are the things that might be commonly seen:

1. Possible consolidation areas.
2. Absence of signi cant pleural effusions.

Then, we can use the following inquiry to structure the output from GPT-4V:

4 )
[User]: List in bullet points with no extra context.
[GPT-4V]:

» Ground-Glass Opacities (GGOs)
« Bilateral and Multifocal Lesions
» Crazy-Paving Pattern

» Reverse Halo or Atoll Sign

» Absence of Pleural Effusion

» Septal Thickening

» Rare Lymphadenopathy
 Vascular Enlargement
 Traction Bronchiectasis
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After obtaining the initial concept set following the Itering process, our rules and concepts on
COVID-CT and DDI datasets are as follows (see Table 3).

Rules COVID-CT DDI

Co Peripheral ground-glass opacities  Vesicle
C1 Bilateral involvement Papule

Cy Multilobar distribution Exudate
C3 Crazy-paving pattern Fissure
Cy Absence of lobar consolidation Xerosis
Cs Localized or diffuse persentation  Warty
Cs Increased density in the lung Brown
(o7} Ground-glass appearance Translucent
Cg - White

Cy - Erythema
Ci0 - Wheal

C11 - Pigmented
Ci12 - Cyst

Table 3: We have recorded the concept set generated through GPT-4V and subsequently cleaned it
through Itering. This concept set will be used in our training process.

A.2 Concept Set Filtering

After concept set generation, a concept set with some noise can be obtained. The following lters are
set to enhance the quality of the concept :

1. The length of concept To keep concepts simple and avoid unnecessary complication, We
remove concepts longer than 30 characters in length.

2. Similarity : We measure this with cosine similarity in a text embedding space. We removed
concepts too similar to classes or each other. The former con icts with our interpretability
goals, while the latter leads to redundancy in concepts. We set the thresholds for these two

Iters at 0.85 and 0.9, respectively, ensuring that their similarities are below our threshold.

3. Remove concepts we cannot project accuratel\Remove neurons that are not interpretable
from the BioViL [5]. This step is actually described in section 4.2.

B Neural-symbolic Layer
We give the details with examples for neural-symbolic layer [3].

Concept Polarity. For each prediction clags there exists a neural network (). This network

takes each concept embedding as input and produces a soft indicator, a scalar val|6; it the
range. This soft indicator represents the role of the concept within the formula. As an illustration,
consider a speci ¢ concept like “Crazy-paving pattern”. If its value after passing throp@his 0.8,

it indicates that the “Crazy-paving pattern” has a positive role with a score of 0.8 forjcldgs use

the notation ,;;; to represent the soft indicator for concept

Concept Relevance. For each prediction clags a neural network ; (') is utilized. This network

takes each concept embedding as input and produces a soft indicator, a scalar value within the range
of [0; 1], representing the relevance score within the formula. To illustrate, let us consider a speci ¢
concept such as “Multilobar distribution”. If its value after passing througf) is 0:2, it implies

that the relevance score of “Multilobar distribution” in the inference of das9:2. We denote the

soft indicator for concept; asl; .

Prediction via Concept Rules. Finally, for each clasp, we combine the previous concept polarity
vectorl,; and the concept relevance vectgy to obtain the logical inference output. This is
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achieved by the following expression:

%= A Cloij _ e )
= min fmaxtd o il 98

Intuitively, the aforementioned concept reasoning rules allow us to determine the relevance of each
concept and whether a concept has a positive or negative role in predicting the label gs class
Intuitively : I _ I means if it is irrelevant, then we set it to 1, and if it is relevant, then
we set it to be the relevance score. It is strange at rst glance. However, since nally we will
take the conjunction (or minimum) for all concepts to getso we will Iter the i-th concept if

“loij _ iy =1,ie.,ifitisirrelevant. Thus, we take the neg here. Since we need to consider each
concept for the nal prediction, we nally usé for all concepts.

C More Experimental Setup

C.1 Training Setting

Our model exhibits remarkable ef ciency in its training process. We utilized only a single GeForce
RTX 4090 GPU, and the training duration did not exceed half an hour. We con gured the model to
run for 100 epochs with a learning rate set at 5e-5. Additionally, all images were resized to a uniform
dimension of (256, 256).

C.2 Datasets

COVID-CT. The COVID-CT dataset was obtained fro@9] and comprises 746 CT images,
consisting of two classes (349 COVID and 397 NonCOVID). We divided this dataset into a training
set and a test set with an 8:2 ratio, and the data were split accordingly.

DDI. DDI[10]is a dataset comprising diverse dermatology images designed to assess the model's
ability to correctly identify skin diseases. It consists of a total of 656 images, including 485 benign
lesion images and 171 malignant lesion images. These images are divided into training and test sets,
with an 80% and 20% split, respectively.

Chest X-Ray. The Chest X-RayJ4] dataset comprises 2D chest X-ray images of both healthy
and infected populations. It aims to support researchers in developing arti cial intelligence models
capable of distinguishing between chest X-ray images of healthy individuals and those with infections.
The dataset includes 5933 images, divided into 5309 training images and 624 testing images.

Fitzpatrick17k. Fitzpatrick17k [L5] dataset is a dermatological dataset that includes a wide range
of skin colors. In order to better compare the model performance, we ltered the malignant and
nonmalignant classes in 3230 images that have been relabeled by Skiri.ohrd we divided the
training and test set according to an 8:2 ratio.

C.3 Baseline Models

SSSD-COVID. SSSD-COVID incorporates a Masked Autoencoder (MAE) for direct pre-training
and ne-tuning on a small-scale target dataset. It leverages self-supervised learning and self-
distillation techniques for COVID-19 medical image classi cation, achieving performance levels
surpassing many baseline models. Our method is trained exclusively on the COVID-CT dataset
without considering the effects of introducing knowledge from other datasets. Notably, our approach
outperforms SSSD-COVID in terms of performance. Furthermore, SSSD-COVID falls under the
category of black-box models, indicating that our method, to some extent, overcomes the accuracy
degradation issue introduced by the incorporation of concepts.

Label-free CBM. Label-free CBM is a fully automated and scalable method for generating concept
bottleneck models. It has demonstrated outstanding performance on datasets like ImageNet. In
our comparisons, our model outperforms this model signi cantly in terms of accuracy. Regarding
interpretability, our model not only possesses the same level of interpretability as this model but also
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provides explanations in multiple dimensions, such as concept reasoning and saliency maps. This
helps doctors gain a more diverse and precise understanding of the model's decision-making process
when using our model.

DCR. Deep Concept Reasoner (DCR), a concept-based model combining neural-symbolic meth-
ods, has demonstrated promising interpretability performance on simple datasets such as XOR,
Trigonometry, and MNIST-Addition. However, its performance tends to degrade on more complex or
challenging datasets.

C.4 De nition of Metrics

Accuracy is the ratio of the number of correctly categorized samples to the total number of samples:

TP+ TN

ACC= TP+ TN+ FP+ FN'

Where TP denotes true positive, TN denotes true negative, FP represents false negative, and FN
represents false negative.

The precision is the proportion of all samples classi ed as positive categories that are actually positive
categories:

TP
TP+ FP’

Recall is the proportion of samples that are correctly categorized as positive out of all samples that
are actually positive categories:

Precisior=

_TP .
TP+ FN’

The F1 score is the reconciled mean of precision and recall:

Recall=

F1= 2 Precision Recall
~ Precision+ Recall

AUC denotes the area under the ROC curve, which is a curve with True Positive Rate (Recall Rate)
as the vertical axis and False Positive Rate (False Positive Rate) as the horizontal axis.

D More Experimental Results

D.1 Utility Evaluation

We provide our detailed utility evaluation for four datasets in Table 4, 5, 6, and 7.

Method Backbone Acc.(%) Precision(%) Recall(%) F1(%) AUC.(%) Interpretability
ResNet50 81.36 82.28 81.44 81.67 81.85 x
VGG19 79.60 81.82 78.93 79.88 80.26 x

Baseline DenseNet169 85.59 85.60 85.60 85.59 85.60 x
SSSD-COVID 81.76 81.82 78.26 80.00 88.21 x
Label Free CBM 69.49 68.62 69.82 69.21 64.84 X
DCR 55.93 58.38 55.43 51.41 55.43 X
ResNet50 84.75 84.77 84.88 84.75 84.77 X

Ours VGG19 83.05 86.74 82.93 84.37 84.26 X
DenseNet169 86.44 87.27 86.41 87.15 87.92 X

Table 4:Results for COVID-CT. We conducted ten repeated experiments and calculated the average
results for each metric. Red and blue indicate the best and the second-best result. Our approach
outperforms the baseline backbone models while also providing interpretability. When compared to
other state-of-the-art interpretable models, our model exhibits signi cantly higher accuracy.
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Method Backbone Acc.(%) Precision(%) Recall(%) F1(%) AUC.(%) Interpretability

ResNet50 77.27 72.37 73.19 72.77 72.51 X
VGG19 76.52 72.92 68.54 70.12 68.80 x
Baseline DenseNet169 78.03 74.37 67.41 69.51 68.76 x
Label Free CBM 70.34 68.62 69.82 69.21 69.49 X
DCR 76.52 71.79 63.88 65.32 63.88 X
ResNet50 81.82 76.56 76.17 76.33 76.12 X
Ours VGG19 82.58 81.59 76.05 78.07 75.63 X
DenseNet169 79.55 77.68 67.64 69.79 67.64 X

Table 5:Results for DDI. We conducted ten repeated experiments and calculated the average results
for each metric. Red and blue indicate the best and the second-best result. Our approach outperforms
the baseline backbone models while also providing interpretability. When compared to other state-of-
the-art interpretable models, our model exhibits signi cantly higher accuracy.

Method Backbone Acc.(%) Precision(%) Recall(%) F1(%) AUC.(%) Interpretability
ResNet50 75.64 75.01 70.77 71.72 70.88 X
VGG19 81.41 88.56 75.51 77.56 75.94 X

Baseline DenseNet169 69.55 70.37 62.05 61.66 62.12 X
Label Free CBM 71.21 71.89 71.45 70.84 74.12 X
DCR 62.02 66.25 51.50 41.33 50.56 X
ResNet50 78.37 80.38 73.12 74.42 73.12 X

Ours VGG19 88.30 92.59 85.43 88.16 87.09 X
DenseNet169 73.88 81.24 65.85 65.70 66.28 X

Table 6:Results for Chest X-Ray.We conducted ten repeated experiments and calculated the average
results for each metric. Red and blue indicate the best and the second-best result. Our approach
outperforms the baseline backbone models while also providing interpretability. When compared to
other state-of-the-art interpretable models, our model exhibits signi cantly higher accuracy.

Method Backbone Acc.(%) Precision(%) Recall(%) F1(%) AUC.(%) Interpretability
ResNet50 80.79 80.81 80.81 80.79 80.81 x
VGG19 75.37 75.40 75.34 75.37 75.39 X

Baseline DenseNet169 76.85 77.05 76.91 76.83 76.91 X
Label Free CBM  75.24 75.15 74.92 75.41 75.02 X
DCR 68.05 67.55 65.33 66.12 67.01 X
ResNet50 82.76 82.84 83.23 83.03 82.99 X

Ours VGG19 77.34 77.72 77.33 77.53 77.58 X
DenseNet169 80.79 82.12 80.89 81.11 81.38 X

Table 7:Results for Fitzpatrick17k. We conducted ten repeated experiments and calculated the
average results for each metric. Red and blue indicate the best and the second-best result. Our
approach outperforms the baseline backbone models while also providing interpretability. When
compared to other state-of-the-art interpretable models, our model exhibits signi cantly higher
accuracy.
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D.2 Visualization of Concept Predictions

More samples of instance-level predictions for COVID-CT and DDI datasets are visualized in Figure
5,6,7,8,9, 10, 11, and 12. We also append the corresponding rules to it, which can reflect the
multi-dimensional interpretation better. Taking the COVID-CT sample as an example, it can be found
that the model predicts the concept score prediction accurately, and for the COVID samples, the
correlation of the first three concepts is greater, which leads to a higher prediction score of their
concepts, thus generating real concept rules, and then assists the model judgment. This can also be
reflected in the saliency map of the model in the inference stage, where the phenomena described
by the relevant concepts can get higher attention in the saliency map, thus further reflecting the
multidimensional interpretation of Med-MICN.

D.3 Ablation Study: Effect of Concept Filters

In this section, we will discuss how each step in our proposed concept filtering affects the results of our
method. In general, our utilization of filters has two main goals: First, improving the interpretability
of our models. Second, improving computational efficiency and complexity by reducing the number
of concepts.

Although our initial goal was not to improve model accuracy (a model with more concepts is generally
larger and more powerful [41]), the more precise concepts after filtering make the concatenated
features more effective for classification and slightly improve the accuracy. To evaluate the impact
of each filter, we trained our models separately on COVID-CT and DDI while removing one filter
at a time and one without using any filter at all. The results are shown in the Table 8. From Table
8, it is noticeable that our model’s accuracy does not exhibit high sensitivity to the choice of filters.
On the COVID-CT dataset, the accuracy of our model remains largely unaffected by the choice of
filters. Furthermore, employing filters on the DDI dataset results in improved model accuracy. This
phenomenon arises due to the relatively sparse nature of concepts within the DDI dataset images,
where increasing the number of concepts did not yield superior solutions.

Fi COVID-CT DDI
ilters
Accuracy(%) #concept Accuracy(%) #concept

All filters 86.44 8 82.58 13
No length filter 86.32 9 82.53 16
No similarity filter 86.43 22 82.46 26
No projection filter 86.21 11 81.68 15
No filters at all 86.19 34 81.60 49

Table 8: Effect of our individual concept filters on the final accuracy and number of concepts utilized
by our models.

D.4 Sensitivity Analysis

We also performed a sensitivity analysis for baselines and Med-MICN in the DDI dataset. we
set various attacks under 2 4=255;6=255; 8=255;10=255;12=255 and attack radius , 2
T0; 2=255; 4=255; 6=255; 8=255; 10=255¢. in Figure 14, the results show that our model consists of
stronger robustness against perturbation. This is evidenced by the marginal decrease in test accuracy
as the attack radius increases. The model’s detection performance fluctuates slightly at , of 4/255,
with this variability diminishing as the perturbation level rises, underscoring the robustness of our
model against significant disturbances.

D.5 Computational Cost

We conducted a computational cost analysis for Med-MICN and the baseline models. By inputting a
random tensor of size (1, 3, 244, 224) into the model and computing the FLOPs and parameters, the
results are presented in Table 9. Experimental evidence demonstrates that Med-MICN incurs only
negligible computational cost compared to the baseline models while it achieves improvements in
accuracy and interpretability.
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Figure 5: Samples classified as NonCOVID.
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Figure 6: Samples classified as COVID.
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