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Abstract. Ultrasound is the primary imaging modality for evaluating
fetal anatomy, and fetal standard ultrasound planes are essential for de-
termining gestational age and assessing overall fetal health. Deep neural
networks (DNNs) have achieved remarkable success in identifying fetal ul-
trasound standard planes. However, their black-box nature fundamentally
lacks clinical interpretability and trustworthiness, limiting their real-world
deployment. To bridge this gap, we propose SONIC (Sonographer-Inspired
Conceptual Explanation for Neural Networks), an interpretable frame-
work that aligns decisions with clinically defined anatomical concepts.
Moving beyond pixel-level patterns, SONIC explicitly extracts anatomical
concepts and models their spatial dependencies via a graph convolutional
network. We further employ a graph-attribution method to quantify the
importance of anatomical structures, ensuring transparent and trackable
classification. We also analyze prediction—explanation consistency, show-
ing that anatomically implausible evidence can serve as a practical safety
signal for clinical verification. Extensive experiments on a public dataset
and two private multi-center cohorts, including perturbation-based fi-
delity analysis and a blinded expert user study, demonstrate that SONIC
achieves competitive or improved performance compared with pixel-based
DNN baselines while providing concept-level interpretability.
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1 Introduction

Two-dimensional ultrasound remains the primary modality for fetal anatomi-
cal assessment. Standard planes are critical for estimating gestational age and
evaluating fetal health. However, their identification is challenging, requiring in-
terpretation of ISUOG-defined anatomical landmarks [16] and substantial clinical
expertise. Therefore, automated analysis has become highly desirable to reduce
clinical workload, and Convolutional Neural Networks (CNNs) have demonstrated
remarkable success in fetal standard plane analysis [1, 14].

Deep learning models evaluate pixel-level patterns rather than the structural
and anatomical reasoning employed by expert sonographers. This fundamental
distinction creates a substantial gap between deep learning models and clinical
experts, limiting their real-world applicability in medical settings. We refer to this
discrepancy as a critical reasoning gap. Although interpretability is essential for
establishing clinical trust in prenatal diagnosis [12], existing approaches remain
insufficient to bridge this reasoning gap in clinical contexts and largely retain an
inherent “black-box” nature [11].

To bridge the reasoning gap, we propose Sonographer-Inspired Conceptual
Explanation for Neural Networks (SONIC), an intrinsically interpretable frame-
work grounded in clinically defined anatomical concepts. Instead of directly
predicting ultrasound plane labels, SONIC mimics expert sonographers by lo-
cating clinically relevant landmarks and grounding its decisions in anatomically
meaningful evidence. This framework explicitly models fetal anatomy using graph
convolutional networks (GCNs), mapping extracted anatomical concepts to nodes
and spatial dependencies to edges. This design enhances diagnostic accuracy and
facilitates transparent decision-making across three clinically crucial fetal stan-
dard planes: the fetal abdominal standard plane (FASP), fetal thalamic standard
plane (FTSP), and fetal femur standard plane (FFSP). Our main contributions
are as follows. (1) Concept Discovery: We introduce a robust prototype-based
pipeline that extracts expert-validated anatomical landmarks. (2) Relational
Reasoning: We develop a novel graph framework that explicitly models struc-
tural dependencies to enhance plane classification performance. (3) Clinical
Trustworthiness: We conduct extensive evaluations demonstrating high model
fidelity and strong alignment with expert sonographers. SONIC further incorpo-
rates an intrinsic failure-aware design that visually exposes undetectable anatomy,
empowering clinicians to intercept potential silent diagnostic errors.

2 Method

To achieve interpretable classification of ultrasound standard planes, we first
perform coarse classification to train a region-level feature extractor (Fig. 1-a).
Then, image sub-regions are mapped to a set of recognizable medical concepts via
feature matching (Fig. 1-b). To achieve this, we define and construct cluster centers
for 12 key medical concepts across three planes (Fig. 1-I) and dynamically match
them with region-level features during model forward pass (Fig. 1-II). A concept-
based GCN is subsequently used to achieve high-performance, interpretable
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classification based on the medical concepts (Fig. 1-¢). Grounding predictions in
explicit medical concepts makes the decision process transparent and helps flag
anatomically implausible evidence for verification.

2.1 Offline Anatomy-Driven Concept Construction

Our goal is to first construct four representative concept prototypes for each
standard plane (12 prototypes in total), following the ISUOG guidelines [16] (Fig.

-I). These prototype features can be used for subsequent automated matching
from image sub-regions to medical concepts, including: (1) FASP: stomach (ST),
spine (SP), umbilical vein (UV), and amniotic fluid wall (AFW); (2) FTSP:
left /right thalamus (LTM/RTM), cavum septum pellucidum (CSP), and skull;
(3) FFSP: femur (FM), two metaphyses (MPs), and surrounding tissues.
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Fig.1: SONIC pipeline. A coarse CNN provides region-level features for concept
extraction (a). SONIC matches sub-regions to plane-specific prototypes built
offline by K-means using cosine similarity (b, I-II), then a concept-graph GCN
predicts the standard plane and yields concept-based explanations (c).

As shown in Fig. 1-I, based on ISUOG practice, we first employ an automated
approach to group superpixels and automatically propose sub-region-to-concept
pairings based on the echogenicity and texture of the sub-regions. Second, we
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manually verify these pairings to remove implausible matches, resulting in a
gold-standard dataset of sub-region-to-medical concept pairs. Third, we extract
features from each sub-region and perform clustering to obtain the feature
centroids for each medical concept.

To improve automated annotation performance and streamline the workflow,
we first localize regions of interest (ROIs) using segmentation or class activation
maps. For FASP and FTSP, key anatomical structures are consistently distributed
in the abdominal and cranial regions. We train a U-Net [15] on 1,000 annotated
planes to obtain coarse abdominal and head segmentations and reference axes.
Within the ROI, we automatically identify concept candidates by combining
appearance and geometry cues [16] by ranking average gray value and Gray-Level
Run-Length Matrix (GLRLM) texture statistics[4]: 1) In FTSP, structures aligned
with the reference axes are prioritized as candidates for the LTM, RTM, and
CSP; 2) In FASP, hypoechoic elliptical regions indicate the ST and UV, coarse-
textured regions along the long axis suggest the SP, and high-intensity boundaries
correspond to the skull or AFW. On the other hand, for FFSP, the FM exhibits
large pose variability and tubular morphology, making rigid ROI segmentation
unreliable. We thus derive a coarse FM ROI from GradCAM heatmaps and
select the FM and MPs candidates using intensity cues and GLRLM texture
statistics|[4].

Finally, the selected sub-region-to-concept pairings are manually verified
to remove inaccurate proposals. Each sub-region is then embedded using a
pre-trained region-level feature encoder and clustered with K-Means to form
plane-specific concept prototypes for subsequent online matching (Fig. 1-1).

2.2 Online Instance-Level Concept Matching

Once the prototype features for each medical concept are established, any image
can be processed via the pre-trained region-level feature extractor. Each sub-
region is then matched online to its corresponding medical concept (Fig. 1-1T).
Specifically, each sub-region is embedded using the pretrained CNN for prototype
matching. Cosine similarity is computed between the candidate embedding and
all concept prototypes, and the best match is selected as the final instance:

p = d 1

p = argmax cos(f(cand), p), (1)
where f(-) denotes the CNN encoder, P, is the prototype set for concept category
¢, and p indicates the selected concept instance.

2.3 Graph-based Anatomical Reasoning

Given the matched concept instances, we formulate standard-plane classifica-
tion as graph-based anatomical reasoning (Fig. 1-b). Each ultrasound image
is represented as a fully-connected directed concept graph G = (V, E) with a
fixed concept set (|V]| =4 and |E| = 12). Nodes v; € V' correspond to concept
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Fig. 2: Qualitative comparison with SOTA methods. For CRAFT and SONIC,
each image shows the discriminative medical concepts (right). The number in the
top of the concept denotes the importance score for the predicted plane. Higher
scores indicate higher importance.

instances and are initialized with CNN embeddings x(o) € R?, while directed

edges e;; € E encode spatial relations using r = [Axz;;, Ayj;], the normalized
relative displacement between concept centers. An edge-gated GraphConv [13] is
adopted, where a learnable scalar 7;; modulates messages along edge e;;. After
K layers, we concatenate all node and edge features into a graph vector and use
an MLP for plane prediction.

We evaluate the anatomical relevance of the inference using Graph Integrated
Gradients. This method attributes the prediction output to input concepts by
accumulating gradients along an interpolation path. Formally, let x; denote
the feature vector of node v; and a} be a baseline reference (e.g., a zero vector
denoting concept absence). The attribution score s(z;) represents the accumulated
sensitivity of the prediction function @ and is computed as:

s(zi) = (z; —x;) © /:_O Ve, ® (a:; + a(x; — x;)> do (2)
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Fig. 3: Prediction-explanation consistency. The number at the top of the concept
denotes the importance score. Higher scores indicate higher importance.

3 Experiments

3.1 Datasets and Implementation Details

Datasets. Experiments were conducted on one public dataset (FUS-BCNatal [2])
and two private datasets: FUS-Center A (7,547 images from 1,130 subjects) and
FUS-Center B (380 images) for external validation. We consider a four-class
setting (FASP, FFSP, FTSP, Other). For the private cohorts, gestational ages
range from 16 to 39 weeks, and multiple pregnancies are excluded. For FUS-
BCNatal, we follow its official evaluation protocol/split. To avoid patient-level
leakage in the private data, we adopt a subject-level split on FUS-Center A with
a 7/1/2 ratio for train/validation/test, assigning all images from the same subject
to a single split. Models are trained and evaluated separately on FUS-BCNatal
and on FUS-Center A using their respective protocols. FUS-Center B is used
only for external validation of models trained on Center A, without any training
or hyperparameter selection on Center B. The class distributions are Center A
(938/1070/1337/4202) and Center B (66/51/63/200).

Implementation. Implemented in PyTorch on an NVIDIA RTX 8000, im-
ages were resized to 256 x 256 and normalized. We evaluated ResNet18 [6],
DenseNet121 [7], VGG16 [21], and MobileNetV2 [17]. All models used the Adam
optimizer [9] (initial [r = 10~2). CNN baselines were trained for 100 epochs,
whereas GCNs were trained for 200 epochs. Statistical significance (p < 0.05) of
performance improvements was assessed via paired, two-sided non-parametric
bootstrap resampling (N = 1000).

3.2 Visualizing Medical Concept Reasoning

Comparison with State-of-the-Art (SOTA). We qualitatively compare
SONIC against leading pixel-level, frequency-based, and concept-based explana-
tion methods (Fig. 2). Results demonstrate that SONIC yields highly interpretable
predictions, offering explanations consistently grounded in anatomical reality.
Standard pixel-based methods struggle with domain semantics: in FTSP cases,
GradCAM [18] and CAMERAS |8] diffusely highlight irrelevant structures (e.g.,
the entire brain), whereas IG [19] and IDGI [20] degenerate into scattered noise.
Furthermore, frequency-based approaches like SHEARLETX [10] over-index on
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textures rather than structural meaning. Even Craft [3], a concept-based method,
exhibits alignment bias by misattributing concepts to incorrect spatial features.
In contrast, SONIC leverages GCNs to explicitly model relational dependencies,
achieving precise spatial localization and ensuring that diagnostic interpretations
more align with clinical anatomical definitions.

Consistency under imperfect unsupervised concepts. Given the lack of
dense annotations, occasional concept omissions are inevitable. We characterize
the framework’s practical reliability through three representative regimes (Fig. 3):
(a) Correct Prediction, Correct Explanation: Perfect alignment between accurate
localization and correct predictions supports transparent decision-making; (b)
Incorrect Prediction, Anatomically Implausible Explanation: The model maintains
predictive accuracy despite partial concept occlusion, demonstrating structural
robustness; (¢) Correct Prediction, Slightly Off Explanation: In extreme failure
cases, incorrect predictions consistently co-occur with anatomically implausible
explanations, providing a practical safety signal for clinical verification. Overall,
these patterns suggest that SONIC remains useful under imperfect concept
extraction and exposes its own failure modes via concept-level evidence, improving
trustworthiness in practice.

3.3 Clinical Alignment and Fidelity Analysis

User Study: Clinical Relevance of Explanations. We conducted a blinded
user study with four fetal ultrasound experts on 100 randomly sampled images
from two centers to assess the clinical relevance of our explanations. Each image
was rated by all four experts. Experts scored the anatomical relevance of high-
lighted structures on a 5-point Likert scale (1: Irrelevant, 5: Highly Relevant).
As summarized in Table 1, most explanations received high ratings (4-5), with a
mean score of 4.00/5 (computed by treating Likert ratings as numeric values).
These results suggest that the proposed explanations are generally consistent
with expert anatomical expectations.

Fidelity Analysis: Perturbation-based Faithfulness. Beyond subjec-
tive ratings, we evaluate the faithfulness of concept-based explanations using
perturbation tests [5,22]. Here we compare fidelity only with CRAFT [3]. To
fairly compare concept-based methods, we use a unified image-space perturbation
protocol: concepts are ranked by each method’s attribution scores, and we perturb
the image regions of the top-k concepts (defined as the associated superpixel
unions) and re-evaluate the CNN baseline, reporting the accuracy drop relative

Table 1: User study results. The predominance of high ratings (4-5) confirms the

high anatomical relevance of the proposed concept-based explanations.
I 2 3 1 5
TUser1 1% 18% 14% 57 % 10%
User2 2% 1% 2 % 8 % 87 %
User3 3% 4% 10% 49% 34%
Userd 0% 2% 43% 49% 6%
Average 1.5 % 6.25 % 17.25 % 40.75 % 34.25 %
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Table 2: Fidelity analysis. “Per. most k” perturbs the k-th highest-ranked concept.
The accuracy drop from ACC,,; indicates concept importance.

FUS-Center A FUS-Center B FUS-BCNatal
FASP FFSP FTSP FASP FFSP FTSP FASP FFSP FTSP

Per. most 1 63.99 4.66 9.06 12.50 5.88 11.11 47.10 20.22 66.01
Per. most 2 10.29 1.04 0 9.37 0 0 2.24 13.74 58.69
Per. most 3 5.79 0.52 0 7.81 0 0 1.68 13.36 54.25
Per. most 4 0 0 0 2.00 0 0 1.12 10.31 50.33

Method Per Concept

Craft

Per. most 1 69.60 49.92 87.13 57.89 49.90 51.61 56.28 62.55 84.75
Per. most 2 45.81 18.87 69.50 45.61 25.00 35.38 50.66 58.29 77.76
Per. most 3 28.43 5.11 56.26 26.31 4.42 27.42 44.05 50.61 74.49
Per. most 4 17.53 1.00 42.24 21.05 2.27 19.35 37.00 43.52 69.20

ACCori 99.84 99.54 99.73 92.19 98.04 95.24 92.46 94.27 96.73

SONIC

Table 3: Performance comparison between pixel-based CNN baselines and the

proposed concept-graph reasoning model. The GCN consistently achieves superior

performance across three datasets and four backbones.

Dataset Metric ResNet18 VGG16 DenseNet121 MobileNetV2
CNN GCN CNN GCN CNN GCN CNN GCN

ACC (%) 96.73 97.20" 89.15 97.08" 95.89 98.67" 95.59 99.11"
PRE (%) 95.33  94.59 93.91 96.61" 96.28 98.29" 92.46 98.71
REC (%) 93.42 94.53* 78.86 96.66" 93.44 97.63" 95.17 98.93"
F1 (%) 94.22 94.56™ 84.86 96.63" 94.55 97.96" 93.35 98.82*

ACC (%) 79.89 95.03 82.80 96.31* 88.62 94.75 81.75 97.24"
PRE (%) 77.13 91.95 89.89 95.71* 91.55 92.88 81.58 97.54"
REC (%) 70.83 91.83" 72,51 96.17" 83.87 94.76™ 75.61 95.98™
F1 (%) 7177 91.89" 78.57 95.91" 86.81 93.48" 76.66 95.96™

ACC (%) 91.64 94.43" 91.04 94.84" 91.67 97.89" 91.88 98.95™
PRE (%) 90.02 92.71* 88.45 77.81 89.36 96.82" 89.60 98.84"
REC (%) 92.66  91.43 93.24  82.00 93.49 95.52" 93.16 98.80"
F1 (%) 91.22 92.03 90.54 79.51 91.20 96.13 91.14 98.83"

* denotes SONIC significantly outperforms the corresponding CNN baseline (p < 0.05).

FUS-Center A

FUS-Center B

FUS-BCNatal

to ACCyy; (Table 2). We inject Gaussian noise into the selected regions instead
of masking them to simulate subtle evidence corruption. CRAFT often shows
abrupt accuracy drops when perturbing the top-ranked concept, suggesting re-
gion overlap among multiple discriminative cues. In contrast, SONIC degrades
more progressively as k increases, consistent with more separable plane-specific
concepts and a clearer importance ranking.

Effectiveness of the Concept Representation. Table 3 shows that the
concept-graph model built on anatomical concepts achieves strong performance,
and in many settings matches or exceeds the corresponding CNN baseline. This
indicates that the selected concepts and their relational representation preserve
key discriminative evidence for standard-plane recognition, rather than serv-
ing as purely qualitative visual cues. Consequently, the resulting concept-level
attributions are grounded in task-relevant evidence and provide informative
interpretations of the model’s decisions.
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4 Conclusion

In this work, we propose SONIC, an intrinsically interpretable framework for
fetal standard-plane classification that combines prototype-based concept discov-
ery with concept-graph reasoning. By explicitly extracting clinically meaningful
concepts and modeling their spatial relations with a GCN, SONIC achieves com-
petitive or improved performance over CNN baselines across datasets. Moreover,
prediction—explanation coupled deviations provide a practical failure-awareness
signal by revealing anatomically implausible evidence for clinical verification. A
blinded expert study further supports the anatomical relevance of the proposed
explanations. Collectively, these results indicate that concept-driven structural rea-
soning can narrow the gap between black-box recognition and clinically grounded
evidence. Future work will focus on clinical integration and extension to other
medical imaging tasks.
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