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 a b s t r a c t

Accurate classification of echocardiographic views is fundamental for automated cardiac analysis. However, 
clinical practice relies on a large, heterogeneous set of fine-grained acquisitions that introduce substantial inter-
observer variability. Existing studies have primarily focused on limited view sets, often collapsing specialised 
views into broad categories, which limits their clinical relevance. We address this limitation by introducing 
TTE47, the first publicly available benchmark comprising 47 clinically meaningful views annotated indepen-
dently by three experts. This dataset enables the rigorous quantification of inter-observer agreement and es-
tablishes a foundation for reproducible, clinically relevant evaluation. To tackle the dual challenges of subtle 
inter-class distinctions and structured label variability, we propose a novel supervised contrastive learning frame-
work incorporating a tailored loss function. Our method outperforms cross-entropy and standard supervised con-
trastive baselines, achieving leading performance among evaluated methods on TTE47 and surpassing prior work 
on TMED-2 without dataset-specific pretraining, using a model pretrained on TTE47. Beyond accuracy, we intro-
duce clustering-based metrics, Detection Rate and Label Recovery Precision, that measure semantic coherence 
and the model’s ability to resist annotation variability. Results show that the learned feature space aligns more 
strongly with underlying anatomical structure than with any single annotator’s style, enabling resilience to label 
shifts and maintaining robustness comparable to human-level disagreement. By integrating multi-expert evalu-
ation, robust representation learning, and interpretable feature-space analysis, this work establishes a scalable 
and clinically relevant framework for fine-grained echo view classification. Our findings highlight the poten-
tial of contrastive pretraining to standardise interpretation, mitigate subjectivity, and enhance the reliability of 
AI-assisted echocardiography in diverse clinical settings.

1.  Introduction

Cardiovascular disease remains a leading cause of global mortality, 
and echocardiography (echo) is a key non-invasive imaging modality for 
diagnosing and monitoring cardiac conditions (Steffner et al., 2024). 
Among echo techniques, transthoracic echocardiography is the most 
widely used. Professional societies recommend acquiring a standard set 
of cardiac views for every examination, with additional views obtained 
as clinically indicated. In a typical echo study, a sonographer manually 
manipulates a handheld transducer on the patient’s chest, adjusting its 
angle and position to capture the required anatomical perspectives of 
the heart.
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Accurate identification of echocardiographic views is a critical pre-
requisite for any automated analysis pipeline, as each standard view 
provides a distinct anatomical perspective and is associated with specific 
diagnostic measurements (Madani et al., 2018; Li et al., 2024). Misclas-
sification of views can lead to erroneous interpretations on downstream 
analyses (Wegner et al., 2022). For example, confusing the apical two-, 
three-, and four-chamber views corrupts global longitudinal strain and 
biplane Simpson volumes/ejection fraction, as these planes are not inter-
changeable. However, this task is non-trivial as many views differ only 
subtly in appearance, and ambiguous or intermediate views arising from 
variations in probe orientation, patient-specific anatomy, or intentional 
acquisition of nonstandard perspectives further complicate classification 
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(Jeon et al., 2023; Letnes et al., 2021). Unlike other imaging modalities, 
echo is susceptible to such variability, making standardisation difficult 
(Naser et al., 2024).

Manual interpretation remains the clinical standard but is labour-
intensive, expertise-dependent, and prone to intra- and inter-observer 
variability, leading to inconsistencies in both view identification and 
subsequent diagnoses (Liao et al., 2020; Azarmehr et al., 2021). This 
subjectivity, combined with the high volume of echocardiographic stud-
ies performed daily, creates significant workload pressures and chal-
lenges for consistency at scale. The complexity of echo images, often 
depicting overlapping cardiac structures, further adds to the difficulty. 
For example, apical two- and four-chamber views both include the left 
atrium and ventricle, yet differ in the presence of right-sided chambers; 
even minor changes in transducer angle can produce ambiguous repre-
sentations between such views (Gearhart et al., 2022; Jeon et al., 2023).

To address these challenges, there is a growing need for automated, 
accurate, and scalable view classification methods (Zhang et al., 2018). 
A comprehensive transthoracic echocardiographic examination encom-
passes a broad range of views (Mitchell et al., 2018; Wegner et al., 2022), 
and certain abnormalities are only visible or best assessed from spe-
cialised views (we provide a detailed description of each view including 
its clinical use in Appendix A). Deep learning approaches have shown 
strong potential in this domain but have often been evaluated on limited 
subsets of views, limiting their clinical utility (Ghorbani et al., 2020; Za-
mzmi et al., 2022). Existing models tend to perform well on visually dis-
tinct views but degrade in accuracy when faced with a larger and more 
diverse set of classes (Madani et al., 2018; Jeon et al., 2023). As the 
number of views increases, distinctions become increasingly nuanced, 
contributing to annotation complexity and model confusion (Howard 
et al., 2020).

Contrastive learning has emerged as a powerful strategy for learn-
ing high-quality representations across diverse domains (Holste et al., 
2024). Although extensively explored in self-supervised settings, its ap-
plication in supervised contexts, particularly for echo view classifica-
tion, remains limited. In this domain, observer variability introduces 
structured label noise due to expert subjectivity, which can degrade 
model performance (Howard et al., 2020; Azarmehr et al., 2021). To 
address this significant challenge, we propose a novel supervised con-
trastive learning framework designed to improve robustness to such 
variability, thereby enabling accurate fine-grained classification.

1.1.  Related work

1.1.1.  View classification
Previous studies have shown that convolutional neural networks 

(CNNs), often pretrained on ImageNet, can achieve near expert-level 
accuracy when classifying a limited set of common echocardiographic 
views. For example, Madani et al. (2018) trained a CNN to classify 15 
transthoracic echo views, achieving 91.7% accuracy on single frames 
and 97.8% using multi-frame inputs across 12 views. Naser et al. (2024) 
applied 2D and 3D ResNet-18 models to classify 9 views (including an 
“other” category), achieving 96.8% and 96.6% accuracy on internal and 
external test sets, respectively. Li et al. (2024) trained a multi-task CNN 
on over 170,000 images spanning 6 views plus “other,” attaining 97.8% 
accuracy. In contrast-enhanced studies, Zhu et al. (2022) used EchoV-
Net to classify 9 views, achieving 99.1% (non-contrast) and 99.5% (con-
trast) accuracy. These works highlight that for constrained sets of com-
mon views, CNNs can reach high performance.

Some studies have extended classification to broader sets. Jeon et al. 
(2023) expanded view classification to 25 standard views and 6 addi-
tional categories by dividing the task into modality-specific groups (15 
Doppler, 3M-mode, 13 B-mode), each handled by a separate deep learn-
ing model, achieving accuracies of 98.3%, 99.5%, and 96.6%, respec-
tively. Gearhart et al. (2022) developed a pediatric echocardiography 
model, classifying 27 pediatric view types with 90.3% accuracy, while 
Zhang et al. (2018) proposed a fully automated pipeline that reached 

84% accuracy across 23 views, though performance degraded at larger 
view scales.

Overall, prior studies demonstrate that deep learning achieves strong 
accuracy when distinguishing among a small number of views, but per-
formance typically declines as the number of classes increases and dis-
tinctions become more subtle (Ostvik et al., 2019; Howard et al., 2020). 
Azarmehr et al. (2021) report that their 1-cell-DARTS model achieves an 
8% absolute performance gain when the target label set is reduced from 
14 to 5 views, with prominent confusion observed between apical five-
chamber and the LV-focused apical four-chamber. Likewise, Howard 
et al. (2020) note that distinguishing apical two-chamber from apical 
three-chamber is a common source of error, reflecting the adjacency of 
these imaging planes.

To our knowledge, this work is the first to classify all 47 views 
routinely acquired in a comprehensive transthoracic echocardiography 
examination, including both core views and secondary variants (e.g., 
zoomed or measurement-focused acquisitions), without collapsing them 
into catch-all “other” categories. This fine-grained approach captures 
the full complexity of clinical practice and enables more detailed anal-
ysis for both workflow automation and interpretation.

Importantly, clinical guidelines prescribe not only core views but 
also specialised and focused variants, such as right-ventricle–focused 
apical two-chamber or modified apical four-chamber views for atrial 
septum assessment (Mitchell et al., 2018; Otto, 2018). These finer sub-
divisions have been shown to provide critical diagnostic information 
(Khamis et al., 2017; Vaseli et al., 2019; Jeon et al., 2023), particularly 
when pathology is localised to specific regions only visible in modified 
planes (Naser et al., 2024). However, scaling to many views introduces 
challenges: subtle probe angulations can cause transitions between re-
lated views (e.g., apical four- vs. five-chamber), complicating annotation 
and increasing inter-observer variability. Thus, while higher granularity 
enhances diagnostic specificity, it also demands models that are robust 
to annotation inconsistency and capable of capturing the intrinsic se-
mantic structure of echocardiographic images.

1.1.2.  Contrastive learning
In recent years, batch-based methods in contrastive learning have be-

come a leading approach in self-supervised representation learning, en-
abling models to learn discriminative features by pulling positive pairs 
closer and pushing many negative pairs apart in the feature space (He 
et al., 2019; Chen et al., 2020; Zbontar et al., 2021). By training the 
network to increase similarity between positive pairs while decreasing 
similarity to negative examples, the resulting feature embeddings cap-
ture a meaningful semantic structure, enhancing inter-class separability 
and intra-class similarities.

In contrastive learning, the loss function plays a central role in shap-
ing discriminative representations, supported by the combined effects 
of augmentations, sampling strategy, and network architecture. van den 
Oord et al. (2019) proposed InfoNCE, a loss function for contrastive rep-
resentation learning, which generalises the noise contrastive estimation 
(NCE) framework (Gutmann and Hyvärinen, 2010) by replacing binary 
classification with a softmax over multiple negatives and has become 
the foundation for many modern contrastive learning methods.

Chen et al. (2020) extend InfoNCE by introducing the NT-Xent loss, 
which applies embedding 𝑙2-normalisation, temperature scaling, and 
symmetric loss computation by evaluating the loss in both directions 
of each positive pair, improving representation learning in the SimCLR 
framework. Khosla et al. (2020) extend this by proposing SupCon, a su-
pervised variant of the NT-Xent loss that leverages label information to 
define positive pairs, enabling more effective use of class-level supervi-
sion in contrastive learning.

While contrastive learning has been extensively studied in the con-
text of self-supervised learning, significantly fewer studies have focused 
on exploring contrastive objectives for supervised settings, particularly 
for echo view classification.
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1.1.3.  Sensitivity of contrastive objectives to label uncertainty
While contrastive learning is a powerful approach for representation 

learning, a fundamental challenge is mitigating the effects of false neg-
atives and false positives, which can lead to suboptimal representations 
that hinder model performance (Huynh et al., 2022; Xu et al., 2024). 
False positives occur when pairs of examples are incorrectly considered 
similar despite belonging to different classes, while false negatives arise 
when samples from the same class are mistakenly treated as dissimilar; 
often due to noisy labels. Such noise can result from observer variability, 
particularly in domains like medical imaging where labelling is inher-
ently subjective (Dedieu et al., 2024; Zhang et al., 2025).

Unlike self-supervised methods such as SimCLR, which utilise a sin-
gle positive per anchor (typically an augmented view of the same im-
age), supervised contrastive learning (SCL) incorporates multiple posi-
tives per anchor, essentially all other samples of the same class in a batch 
(Khosla et al., 2020). SCL relies on the assumption of correct labels to 
construct positive pairs, and when mislabelled examples cause false pos-
itive pairings, the contrastive training signal becomes misleading, which 
in turn corrupts the learned representation (Li et al., 2022).

Graf et al. (2021) showed that as label noise increases, the number of 
training iterations required for SCL to fit the data grows super-linearly, 
much faster than for a cross-entropy model, indicating that SCL struggles 
to learn effectively in the presence of noisy labels. Such noise introduces 
false relationships that distort the learned feature space.

While extensive research has studied the impact of false negatives 
in self-supervised contrastive learning (Huynh et al., 2022; Chen et al., 
2022; Xu et al., 2024; Auh et al., 2024), studies focusing on false pos-
itives in supervised contrastive learning remain limited, particularly in 
medical imaging where label noise and observer variability further com-
plicate the identification of reliable positive pairs.

1.1.4.  Strategies for handling false positives and false negatives
Several studies have introduced threshold-based strategies to miti-

gate the effects of false negatives in contrastive learning, particularly in 
self-supervised scenarios. Such thresholds can be defined based on co-
sine similarity, predetermined values, top-𝑘 similarity rankings, or loss-
based confidence metrics.

For false negatives, common in self-supervised settings, Huynh et al. 
(2022) proposed filtering the most similar negatives using a combina-
tion of a top-𝑘 ranking and a fixed similarity threshold. Similarly, Xu 
et al. (2024) introduced both absolute and relative similarity thresh-
olds for identifying negatives that may semantically align with the an-
chor. Chen et al. (2022) applied pseudo-label confidence thresholds de-
rived from clustering structures in the embedding space, while Auh et al. 
(2024) dynamically adjusted cosine similarity thresholds and tempera-
tures during training to refine false negative detection.

In the context of supervised or semi-supervised learning, where false 
positives are more prevalent, thresholds are also widely used. In medical 
imaging, several studies leveraged thresholds on likelihood ratios or loss 
values to correct noisy labels (Huang et al., 2022a; Jiang et al., 2023; Shi 
et al., 2024). Similarly, Li et al. (2022) used class-wise dynamic thresh-
olds to select confident sample pairs based on both cross-entropy loss 
and representation similarity. Other studies proposed feature similarity-
based thresholds to identify reliable positive pairs or cluster-consistent 
samples (Guo et al., 2025; Guan et al., 2024). Recently, (Zhang et al., 
2025) introduced a dual-branch framework for classifying samples into 
clean, hard, or noisy partitions using a fixed soft-label confidence thresh-
old.

Despite these studies, many thresholding methods can be difficult to 
tune and are highly dependent on dataset characteristics, noise types, 
and training dynamics. Guo et al. (2025) observe that optimal thresh-
old values vary across datasets, highlighting the need for dataset-specific 
tuning. Li et al. (2022) adjust their parameters which define their thresh-
olds according to the dataset and the type of noise. Multiple studies 
highlight the difficulty in estimating the precise noise rate of noisy la-
bels or pairs, which is often required to set an accurate threshold (Li 

et al., 2022; Jiang et al., 2023). Other studies show that performance 
can be highly sensitive to threshold values and associated hyperparam-
eters, sometimes requiring dynamic adjustment during training (Auh 
et al., 2024; Huynh et al., 2022; Zhang et al., 2025). Guan et al. (2024) 
highlight that inaccurate similarity thresholds may result in the exclu-
sion of true positives or the inclusion of false positives.

In the context of view classification involving 47 echocardiographic 
views, semantically similar classes often exhibit high similarity scores. 
This increased similarity between closely related views presents a sig-
nificant challenge for threshold-based strategies, as distinguishing true 
positives from false ones becomes more difficult.

1.2.  Main contributions

Expanding the number of echo views enhances clinical insight by 
capturing more comprehensive anatomical information, but also in-
creases interpretation variability, leading to annotation noise often man-
ifesting as false positives. These weaken the contrastive objective by 
pulling semantically dissimilar representations closer together, degrad-
ing inter-class separability. We evaluate contrastive learning strategies 
that mitigate label noise and expert disagreement while preserving high 
discriminability among subtly distinct views.

The main contributions of this work are outlined as follows:

• Fine-grained classification of all echo views: We present the first 
study to classify all 47 views routinely acquired in a comprehen-
sive transthoracic echocardiography examination. This includes both 
core views and secondary variants, such as zoomed or measurement-
focused acquisitions, without aggregating them into catch-all “other” 
categories. This fine-grained approach captures the full complexity 
of real-world diagnostic practice, providing a more detailed and clin-
ically relevant analysis.

• TTE47 Benchmark: We introduce TTE47, the first publicly avail-
able dataset for fine-grained transthoracic echocardiography view 
classification, distinguished by comprehensive multi-expert annota-
tions. The fully annotated test set contains more than 5000 images, 
each independently labelled by three expert clinicians, enabling rig-
orous multi-observer evaluation under realistic clinical conditions. 
This dataset provides a common benchmark for the echocardiogra-
phy community to compare classifier performance using a standard-
ised reference set, and can be adapted for models targeting fewer 
classes by merging corresponding families of views for evaluation.

• Contrastive Learning Framework: We develop and evaluate su-
pervised contrastive learning strategies tailored for noisy multi-class 
echo image classification. Our proposed framework, incorporating a 
tailored objective, improves robustness under label ambiguity, out-
performing current supervised contrastive and cross-entropy base-
lines, especially on difficult or under-represented views.

• EchoFine Pretrained and Fine-Tuned Models: We release both 
pretrained and fine-tuned model weights. These resources provide 
the research community with high-quality, task-specific initialisa-
tion. This not only ensures full reproducibility of our results but also 
offers a strong foundation for advancing echocardiographic analysis 
in both research and clinical settings.

• Representation Space Evaluation: We introduce a principled 
clustering-based analysis to assess the structure and robustness of 
the learned representation space. Semantic alignment is quantified 
using two novel metrics, Detection Rate (DR) and Label Recovery 
Precision (LRP), which measure the model’s ability to identify cor-
rupted samples and recover the original class structure under syn-
thetic label noise. These metrics provide insights into the stability 
and interpretability of the learned features beyond conventional ac-
curacy measures.

• Observer Variability Analysis: We perform a detailed inter-
observer analysis using triple-annotated test data to quantify ex-
pert disagreement and assess model alignment. Results show that 
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the model generalises beyond any single annotator, approximating 
consensus-driven labelling behaviour. This highlights that expert 
agreement correlates with model confidence and reliability, thereby 
demonstrating the importance of evaluating under multi-expert con-
ditions.

• Robustness to Annotator Identity: We evaluate the model’s re-
silience to changes in annotator identity by simulating inter-expert 
variation in the training set, based on disagreement patterns ob-
served among three independent experts in the test set. This analysis 
assesses whether model performance remains stable if the training 
set were annotated by a different expert, reflecting a critical require-
ment for clinical deployment.

• Cross-Dataset Generalisation: We demonstrate the generalisability 
of our model through zero-shot inference on an independent, pub-
licly available dataset (TMED-2), and further show that fine-tuning 
surpasses prior state-of-the-art performance. This highlights the ro-
bustness and transferability of representations learned from fine-
grained echo views to external, coarse-grained domains.

2.  Methods

2.1.  Datasets

TTE47: A random sample of real-world echocardiographic studies 
was extracted from the Imperial College Healthcare NHS Trust database, 
yielding a total of 91,139 images. Ethical approval for this study was 
obtained from the Health Research Authority (Integrated Research Ap-
plication System [IRAS] identifier: 243023). Only studies with complete 
demographic information were included (Table 1).

In this hospital routine transthoracic echo exams are predominantly 
non-contrast, while contrast is mainly used in stress echocardiography 
for qualitative assessment. Scans were acquired on a broad range of 
ultrasound systems: Philips (iE33, Affiniti 70C, EPIQ 7C, Affiniti 50G, 
CX50), GE (Vivid i, Vivid q), and Siemens, providing device diversity. 
The dataset comprises randomly sampled studies from this hospital’s 
echocardiography archive and reflects the full clinical spectrum of pa-
tients undergoing transthoracic echocardiography. It includes cases with 
diverse cardiac pathologies such as dilated cardiomyopathy, ischemic 
cardiomyopathy, valve stenosis, regurgitation, effusions, as well as ex-
aminations without identified heart disease.

Each image was manually annotated by a cardiologist ("Expert-1") 
using our web-based platform (unityimaging.net), and classified into 
one of 47 predefined categories, as detailed in the Tables A.14–A.19. 
The dataset was partitioned into training (76,589), validation (9,103), 
and test (5,447) subsets, as summarized in Table 2. Echocardiograms 
were obtained across 19,169 studies, and there was no overlap of pa-
tients or studies across the training, validation, and test sets.

To evaluate inter-observer variability, two additional clinical experts 
independently annotated the test set. These experts were blinded to both 
the original labels and to each other’s annotations. In contrast to Expert-
1, who was required to assign a single label to each image, Experts 2 and 
3 were given the option to select ’not sure’ for ambiguous cases. The 
test set size was selected to be sufficiently large for a reliable evaluation 
while remaining manageable given the intensive manual effort required 
for multi-expert annotation across 47 distinct views.

The test subset of 5447 images and corresponding labels from all 
three clinicians is released under the Creative Commons Attribution-
NonCommercial-ShareAlike 4.0 International license. The release of this 
dataset received a favorable opinion from the South Central – Oxford C 
Research Ethics Committee (Integrated Research Application System ID: 
279328, REC reference: 20/SC/0386). Due to data governance restric-
tions, the training set cannot be made publicly available, however, we 
provide both pretrained and fine-tuned model weights.

TMED2: To assess the generalisability of our framework beyond the 
TTE47 domain, we evaluate it on the publicly available TMED2 dataset 
(Huang et al., 2022b), which provides annotations for echo view classi-

Table 1 
Demographic characteristics of the TTE47 dataset. The 
study includes a broad distribution of adult patients, with 
representation across age groups, BMI categories, and 
sexes. Data were acquired using a diverse set of scanner 
manufacturers and models, reflecting real-world clinical 
heterogeneity.

 Characteristic  Category  Proportion (%)

Age (years)
 18–30  2.3
 31–50  12.7
 51–70  27.9
 71+  57.2

Sex
 Female  50.5
 Male  48.6
 Other  0.8

BMI (kg/m2)

 18–24.9 (Normal)  36.0
 25–29.9 (Overweight)  34.9
 30–34.9 (Obesity I)  18.0
 35+ (Obesity II+)  11.1

Table 2 
Distribution of echo view classes across the training, validation, and 
test sets, indicating the number of samples per view in each subset.

 View  Training  Validation  Testing  Total
 a2ch-full  2931  349  209  3489
 a2ch-la  1936  230  138  2304
 a2ch-lv  2987  355  213  3555
 a3ch-full  3561  424  254  4239
 a3ch-la  1622  193  115  1930
 a3ch-lv  1926  229  137  2292
 a3ch-outflow  637  75  45  757
 a4ch-full  3353  399  239  3991
 a4ch-ias  1319  157  94  1570
 a4ch-la  2733  325  195  3253
 a4ch-lv  2495  297  178  2970
 a4ch-ra  1713  204  122  2039
 a4ch-rv  1236  147  88  1471
 a5ch-full  753  89  53  895
 a5ch-outflow  786  93  56  935
 apex  723  86  51  860
 doppler-ao  1489  177  106  1772
 doppler-av  2587  308  184  3079
 doppler-mv  1701  202  121  2024
 doppler-pv  1776  211  126  2113
 doppler-tissue-lateral  1120  133  80  1333
 doppler-tissue-rv  780  92  55  927
 doppler-tissue-septal  1034  123  73  1230
 doppler-tv  1902  226  135  2263
 mmode-a4ch-rv  1592  189  113  1894
 mmode-ivc  1159  138  82  1379
 mmode-plax-av  1374  163  98  1635
 mmode-plax-lv  492  58  35  585
 mmode-plax-mitral  768  91  54  913
 plax-full-la  1123  133  80  1336
 plax-full-lv  1799  214  128  2141
 plax-full-mv  1307  155  93  1555
 plax-full-out  1509  179  107  1795
 plax-full-rv-ao  961  114  68  1143
 plax-tv  1688  201  120  2009
 plax-valves-av  2000  238  142  2380
 plax-valves-mv  1841  219  131  2191
 psax-all  2097  249  149  2495
 psax-tv  1335  159  95  1589
 psax-av  2125  253  151  2529
 psax-pv  1868  222  133  2223
 psax-lv-base  1437  171  102  1710
 psax-lv-mid  1669  198  119  1986
 psax-lv-apex  1627  193  116  1936
 subcostal-heart  1212  144  86  1442
 subcostal-ivc  849  101  60  1010
 suprasternal  1657  197  118  1972
 Total  76589  9103  5447  91139
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Fig. 1. Overview of the proposed contrastive learning framework (EchoFine). Augmented and original images are processed through encoders and projectors with 
shared weights. A supervised contrastive loss, less sensitive to false positives, is used to optimise the representations.

fication. Following the official DEV479 split for training, validation, and 
testing, we use the predefined view categories and report performance 
as the mean classification accuracy across the three predefined folds.

2.2.  Multi-expert annotations

In the test set, 553 cases showed complete disagreement among the 
three expert annotators, reflecting the inherent ambiguity of certain 
echocardiographic views. These cases pose a challenge for performance 
evaluation, as no definitive ground truth can be established.

To provide a more comprehensive assessment, we extend evaluation 
beyond a single test set metric by analysing meaningful subsets of the 
test set and complementary performance criteria. This approach offers 
a more nuanced view of the model’s practical utility in real-world sce-
narios, where inter-observer variability is common.

The evaluation framework consists of:

1. Primary Annotator Set (𝐸1): The full original test set (𝑛 = 5,447) 
annotated by Expert-1.

2. Consensus Set (𝐶𝑆): Images where all three experts indepen-
dently assigned the same label (𝑛 = 3,327), representing the highest-
confidence labels.

3. Union-Agreement Evaluation (𝑈𝐴): A performance metric in 
which a model prediction is considered correct if it matches the label 
assigned by any of the three experts, providing a broader measure of 
agreement.

𝐿𝑒𝑡 𝐸1, 𝐸2, and 𝐸3 denote the annotations from Experts 1, 2, and 3, 
respectively. The consensus set is defined as:
𝐶𝑆 ⊆ 𝐸1 ∩ 𝐸2 ∩ 𝐸3 where label𝐸1

(𝑥) = label𝐸2
(𝑥) = label𝐸3

(𝑥).

The Union-Agreement evaluation is defined as:

𝑈𝐴 =
{

𝑥 ∈ 𝐸1 ∶ 𝑦̂(𝑥) ∈
{

label𝐸1
(𝑥), label𝐸2

(𝑥), label𝐸3
(𝑥)

}}

.

This stratified framework captures both inter-observer consistency 
(via subsets such as 𝐶𝑆) and broader agreement measures (via 𝑈𝐴), 
which are particularly relevant in clinical practice where minor differ-
ences between expert opinions are common.

2.3.  Representation learning framework

Fig. 1 illustrates the core components of the proposed framework, 
which is conceptually inspired by prior work (Chen et al., 2020; Khosla 
et al., 2020), but specifically adapted for fine-grained echo view classi-
fication. Spatial augmentation, denoted as 𝑎𝑢𝑔(⋅), applies mild random 
transformations, including rotations within ±10◦, zooming with a factor 
of 0.2, and translations up to 10% of the frame size.

We form asymmetric pairs by applying the identity mapping id(⋅) to 
one view. The encoder, denoted 𝑒𝑛𝑐(⋅), maps each image to a compact 
latent representation in ℝ2048. This is followed by a non-linear projection 
head, 𝑝𝑟𝑜𝑗(⋅), composed of two fully connected layers, each with 128 
units. The first layer employs a ReLU activation function, resulting in 
final projections in ℝ128.

As the diversity of echo views increases, so does the similarity among 
many view types, making the contrastive objective more challenging. 
One of the ways we address this in the proposed framework is by apply-
ing an asymmetric augmentation strategy: one input in each contrastive 
pair remains unaltered, while the other undergoes mild augmentations. 
This design encourages the model to capture clinically meaningful vari-
ability that reflects real-world acquisition differences, rather than over-
fitting to unrealistic transformations. The second component is a spe-
cialised supervised contrastive loss, detailed in Section 2.4.

Notably, some augmentation techniques, such as cropping, may in-
advertently generate images that resemble other valid views (Chartsias 
et al., 2021). By limiting augmentation severity, the framework pro-
motes discrimination between subtle but anatomically valid variations, 
enhancing robustness in the presence of closely related view classes.

2.4.  Contrastive learning objectives

For this framework, we investigate tailored variants of the supervised 
contrastive loss (SupCon), each modifying the objective to mitigate false 
positives through distinct formulation strategies. For clarity and align-
ment, we adopt the same variable naming conventions used in prior 
studies.

The supervised contrastive objective is defined over a multiviewed 
mini-batch constructed from 𝑁 original image-label pairs {(𝑥𝑘, 𝑦𝑘)}𝑁𝑘=1. 
Each image 𝑥𝑘 yields two views: one unaltered and one mildly aug-
mented. This results in a set of 2𝑁 inputs {(𝑥̃𝓁 , 𝑦̃𝓁)}2𝑁𝓁=1, where 𝑥̃2𝑘−1 = 𝑥𝑘
and 𝑥̃2𝑘 = aug(𝑥𝑘), with 𝑦̃2𝑘−1 = 𝑦̃2𝑘 = 𝑦𝑘 for 𝑘 = 1,… , 𝑁 .

Each sample is processed through a shared encoder and projection 
head to produce a 𝑑-dimensional embedding:
𝐳𝓁 = Proj(Enc(𝑥̃𝓁)) ∈ ℝ𝑑

To ensure that similarity scores are bounded and comparable, the output 
embeddings are 𝓁2-normalized such that ‖𝐳𝓁‖2 = 1 for all 𝓁.

For a given anchor index 𝑖 ∈ {1,… , 2𝑁}, let 𝑃 (𝑖) denote the set of 
indices corresponding to other samples in the batch that share the same 
label:

𝑃 (𝑖) = {𝑝 ∈ 𝐴(𝑖) ∶ 𝑦̃𝑝 = 𝑦̃𝑖}

where 𝐴(𝑖) = {1,… , 2𝑁} ⧵ {𝑖} includes all other samples in the multi-
viewed batch (positives and negatives, excluding i). The temperature 
scaling factor is 𝜏 > 0.

The total loss over a batch of anchors:

 = 1
2𝑁

2𝑁
∑

𝑖=1
𝑖

where 𝑖 is one of the following contrastive objectives.

2.4.1.  Supervised contrastive loss (SupCon)
The standard supervised contrastive loss (Khosla et al., 2020) is given 

by:

sup𝑖 = − 1
|𝑃 (𝑖)|

∑

𝑝∈𝑃 (𝑖)
log

(

exp(𝐳⊤𝑖 𝐳𝑝∕𝜏)
∑

𝑎∈𝐴(𝑖) exp(𝐳⊤𝑖 𝐳𝑎∕𝜏)

)

(1)
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In the SupCon formulation, the denominator aggregates similarities 
between the anchor and all other samples in the batch, excluding 
the anchor itself. This set inherently includes both false positives 
and false negatives. While all non-anchor samples contribute to the 
denominator uniformly, false positives in the numerator directly 
influence the optimisation objective by encouraging alignment between 
semantically dissimilar embeddings. As such, erroneous positives 
in the numerator may distort the learned representation space 
more severely than their presence in the denominator. Therefore, our 
focus is on mitigating the impact of false positives within the numerator.

2.4.2.  Drop contrastive loss (DropCon)
To improve robustness to false positives without imposing fixed 

weights or similarity thresholds, we propose a variant, termed DropCon, 
which discards the 𝑘 least similar positives from the numerator summa-
tion. This method is motivated by the observation that in real-world 
datasets, particularly in fine-grained view classification, some false pos-
itives may exhibit high similarity to true positives, especially during 
early training stages.

drop𝑖 = − 1
|𝑃 (𝑖)| − 𝑘

∑

𝑝∈𝑃 (𝑖)⧵𝐷(𝑖)
log

(

exp(𝐳⊤𝑖 𝐳𝑝∕𝜏)
∑

𝑎∈𝐴(𝑖) exp(𝐳⊤𝑖 𝐳𝑎∕𝜏)

)

(2)

Here, 𝐷(𝑖) ⊆ 𝑃 (𝑖) is the subset of the 𝑘 least similar positives for an-
chor 𝑖, identified by sorting the dot products 𝐳⊤𝑖 𝐳𝑝 (embeddings are 𝓁2-
normalised). The remaining positives in 𝑃 (𝑖) ⧵𝐷(𝑖) are used to compute 
the contrastive loss. When the number of positives satisfies |𝑃 (𝑖)| ≤ 𝑣 for 
some constant 𝑣 > 𝑘, DropCon defaults to the standard SupCon loss.

Top-𝑘 and DropCon both rank positives by similarity, but they differ 
in a way that matters for fine-grained regimes. Top-𝑘 retains only the 𝑘
most similar positives and discards the rest; when intra-class similarities 
are uniformly high (as in our 47-view setting), this can inadvertently 
remove many true positives and makes performance sensitive to the 
choice of 𝑘 (which is further complicated by batch-to-batch variation in 
|𝑃 (𝑖)|). By contrast, DropCon trims only the 𝑘 least similar positives, the 
lowest-confidence tail, while preserving the diversity of the remaining 
positives and suppressing likely mislabelled pairs. This tail trimming is 
typically less sensitive to 𝑘 for small 𝑘 relative to |𝑃 (𝑖)|, and we revert 
to SupCon when |𝑃 (𝑖)| ≤ 𝑣, avoiding brittle behaviour in sparse-positive 
batches. In our study, where observer variability is common due to 
subtle anatomical differences and expert bias, it may be more reliable 
to discard a few lower-similarity positives than to select a fixed number 
of presumed confident pairs.

2.4.3.  Log-of-sum loss (LogSum)

logsum𝑖 = − log

(
∑

𝑝∈𝑃 (𝑖) exp(𝐳⊤𝑖 𝐳𝑝∕𝜏)
∑

𝑎∈𝐴(𝑖) exp(𝐳⊤𝑖 𝐳𝑎∕𝜏)

)

(3)

This formulation aggregates the contributions of all positive pairs 
before applying the logarithm. Unlike the standard SupCon loss, which 
averages individual log-probabilities, the LogSum variant prioritizes the 
overall strength of alignment with the positive set. Diluting the false 
positives amongst the true positives may improve robustness to noisy 
or weakly aligned positives by reducing the impact of false pairs, which 
correspond to mislabelled or ambiguous samples.

2.5.  Synthesising annotation variability

Because the training set was annotated by a single expert, it does 
not capture the variability observed in the triple-annotated test set. To 
assess how the model would perform if the training labels reflected the 
style of a different annotator, or the broader variability across a pool 

Table 3 
Defined view groupings used for synthetic annotation variability simulation.
 Group  Included View Classes
 Apical  a2ch-full, a2ch-la, a2ch-lv, apex,

 a3ch-full, a3ch-la, a3ch-lv, a3ch-outflow,
 a4ch-full, a4ch-la, a4ch-lv, a4ch-ias, a4ch-ra, a4ch-rv,
 a5ch-full, a5ch-outflow

 PLAX  plax-full-out, plax-full-lv, plax-full-la, plax-full-rv-ao,
 plax-full-mv, plax-valves-av, plax-valves-mv, plax-tv

 PSAX  psax-all, psax-tv, psax-av, psax-pv,
 psax-lv-base, psax-lv-mid, psax-lv-apex

 M-mode  mmode-a4ch-rv, mmode-ivc, mmode-plax-mitral,
 mmode-plax-av, mmode-plax-lv

 Doppler  doppler-ao, doppler-av, doppler-mv, doppler-pv,
 doppler-tv, doppler-tissue-lateral, doppler-tissue-rv, doppler-tissue-septal

of experts, we simulated inter-expert variation in the training data, us-
ing patterns of disagreement observed among the three annotators in 
the test set. Crucially, this procedure does not use test-set statistics and 
therefore does not constitute data leakage. Instead, we exploit only the 
qualitative observation that expert disagreements occur predominantly 
within anatomically related families (e.g., apical variants among them-
selves) rather than across unrelated families (e.g., apical vs. PLAX).

We defined clinically meaningful groupings of related views based on 
anatomical proximity and common misclassification patterns (Table 3). 
Examples include the apical group (a2ch-full, a2ch-lv, a2ch-la) and the 
parasternal long-axis (PLAX) group (plax-full-lv, plax-valves-av, plax-
full-out), among others. Views within a group are closely related and 
more likely to be interpreted differently by different experts.

To simulate this variability, we randomly selected a proportion of 
samples (from the training split) within each class and reassigned their 
labels to a different class within the same group, excluding the original 
label. For example, a sample labelled as a4ch-full could be reassigned 
to a4ch-lv or a4ch-la, reflecting plausible alternative interpretations by 
another expert.

This label-variation process was applied (on the training split) at 
multiple levels, 0%, 10%, 20%, 30%, 40%, and 50%, with the propor-
tion calculated per class to preserve the overall dataset distribution. This 
procedure does not assume that any label is incorrect; rather, it repro-
duces realistic patterns of expert disagreement to study the model’s ro-
bustness to annotation variability. Here, 0% variation corresponds to the 
original, unaltered training labels, while, for example, a 10% variation 
level indicates that the original training label was synthetically altered 
for 10% of samples within each class.

2.6.  Clustering-based analysis of learned representations

After synthesising inter-expert variability as described in Section 2.5, 
we conduct contrastive pretraining using the full training split, which 
includes the specified proportion of samples that have their labels syn-
thetically altered while the remaining samples retain their original an-
notations. For example, at a 20% variation level, 80% of the training 
data remains unaltered and 20% is modified. We subsequently examine 
whether these samples are still attracted to their underlying semantic 
clusters despite having their labels intentionally modified.

To assess the structure and robustness of the learned feature space 
under simulated inter-expert variability, we perform an unsupervised 
clustering analysis on training embeddings obtained from the pre-
trained encoder. The aim is to evaluate whether semantically similar 
samples remain grouped together despite the presence of labels that 
have been intentionally varied to mimic realistic patterns of expert dis-
agreement (as detailed in Section 2.5).

Given a training dataset train = {(𝑥𝑖, 𝑦𝑖)}𝑁𝑖=1, where 𝑦𝑖 may have 
been altered due to simulated inter-expert variability, we extract em-
beddings using an encoder 𝑒𝑛𝑐(⋅) defined earlier, yielding representa-
tions 𝑧𝑖 = 𝑒𝑛𝑐(𝑥𝑖) ∈ ℝ2048. These embeddings are then L2-normalised and
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reduced in dimensionality using Principal Component Analysis to obtain 
𝑧̃𝑖 ∈ ℝ200 prior to clustering.

We apply MiniBatch 𝑘-Means with 𝑘 = 47 to the reduced embeddings 
{𝑧̃𝑖}, assigning each sample to a cluster:
𝑐𝑖 = argmin

𝑗
‖𝑧̃𝑖 − 𝜇𝑗‖

2
2,

where 𝜇𝑗 is the centroid of cluster 𝑗.
Within each cluster 𝐶𝑗 , the dominant label 𝑦̂𝑗 is determined as the 

most frequent class label among its members:
𝑦̂𝑗 = argmax

𝑦∈
count(𝑦 ∈ 𝐶𝑗 ).

A sample is flagged as a label-cluster mismatch if its label (possibly al-
tered) 𝑦𝑖 does not match the cluster’s dominant label 𝑦̂𝑐𝑖 .

Since the original labels 𝑦orig𝑖  are known (due to the controlled varia-
tion injection), we quantify the network’s robustness using two metrics:

2.6.0.1.  Detection Rate (DR). The proportion of training samples with 
simulated inter-expert variation that are correctly identified as label–
cluster mismatches:

DR =
|̂ ∩ |

| |

,

where  = {𝑖 ∶ 𝑦𝑖 ≠ 𝑦orig𝑖 } is the set of altered samples, and ̂ = {𝑖 ∶
𝑦𝑖 ≠ 𝑦̂𝑐𝑖} is the set of all label-cluster mismatches identified through clus-
tering.

2.6.0.2.  Label Recovery Precision (LRP). Among the samples flagged 
as mismatches, the proportion for which the cluster’s dominant label 
matches the original (pre-variation) class:

LRP =
||
| |

, where  = {𝑖 ∈ ̂ ∩ ∶ 𝑦̂𝑐𝑖 = 𝑦orig𝑖 }.

DR quantifies the proportion of label–cluster mismatches originating 
from simulated inter-expert variation, while LRP measures the propor-
tion of these that align with the original (pre-variation) class cluster. 
This clustering-based analysis provides insight into the semantic consis-
tency of the learned feature space: a high DR indicates the model can 
separate samples with altered labels from the rest of the data, while a 
high LRP indicates the model can preserve or recover the underlying 
class semantics.

It is important to note that, in real-world multi-expert settings, such 
mismatches can arise from both natural variability in interpretation and 
genuine annotation errors. Robustness to either source of discrepancy is 
valuable, as it enables the model to maintain stable and discriminative 
representations regardless of the origin of the inconsistency.

To the best of our knowledge, the evaluation metrics introduced in 
this work, DR and LRP, are novel contributions to the analysis of repre-
sentation learning under annotation variability. Unlike prior approaches 
that detect problematic labels using loss dynamics, agreement heuris-
tics, or centroid distances, our method applies unsupervised clustering 
to learned embeddings and defines two explicit, quantitative metrics. 
These metrics offer a principled and interpretable framework for as-
sessing both the semantic integrity and robustness of the representation 
space, and have not previously been reported in the context of con-
trastive learning or medical image analysis.

2.7.  Implementation details

All images were preprocessed by resizing to 224×224x3 pixels and 
normalising pixel intensities to the [0,1] range to ensure consistency 
across inputs. For a fair evaluation, the data splits (train, val, test) used 
in all experiments remain fixed. In addition, both the selected training 
images and their corresponding simulated inter-expert variation labels 
were kept identical across all variation levels to ensure consistent eval-
uation across methods. All training experiments were conducted on an 
NVIDIA RTX 4090 GPU (24GB VRAM).

All models are initialised with ImageNet-pretrained weights prior to 
contrastive pretraining. During pretraining, the Adam optimiser is used 
with cosine weight decay, incorporating a warm-up phase to a peak 
learning rate of 1e-3, followed by cosine decay with a final decay rate 
of 1e-5. A batch size of 64 is used for all contrastive pretraining runs, 
constrained by available GPU memory. For SCL, we use the validation 
set with early stopping. We use a large shuffle buffer to improve class 
mixing across batches, which helps distribute rarer classes across train-
ing steps.

For downstream evaluation, the projection head is discarded, and a 
47-class softmax classification layer is appended to the encoder. Fine-
tuning is performed end-to-end using the Adam optimiser with a learn-
ing rate of 1e-4, employing sparse categorical cross-entropy loss and 
early stopping criteria. Fine-tuning also uses a batch size of 64. This 
framework is implemented in Tensorflow (v2.16).

3.  Results and discussion

To establish a baseline, we first assessed several widely used CNN 
and transformer-based architectures trained directly on the downstream 
task without contrastive pretraining. As shown in Table 4, each model 
was initialised with ImageNet weights and trained to classify 47 fine-
grained echo views. These results illustrate the performance ceiling 
when models are trained solely with cross-entropy loss, where each 
image is treated independently, without leveraging relational structure 
through contrastive representation learning.

The results in Table 4 are consistent with prior studies that attempted 
a broader range of echocardiographic views for classification (Zhang 
et al., 2018; Gearhart et al., 2022). Models trained solely with cross-
entropy loss exhibit similar accuracy limits when classifying a large 
number of views, highlighting the challenges of fine-grained classifica-
tion and the need for more robust methods to address subtle distinctions 
and inter-class ambiguities. Given their strong accuracy and compar-
atively light computational footprints under our GPU constraints, we 
adopted Xception, ConvNeXt-T, SwinV2-T, and EfficientNetV2 as back-
bones for subsequent experiments, enabling us to isolate the effect of 
the learning objectives while ensuring fair and consistent comparisons 
across architectures. Given our limited GPU memory, these models en-
ables larger contrastive batches; heavier backbones would force smaller 
batch sizes (≤ 16), thereby reducing the number of positives and nega-
tives per anchor and weakening the supervised contrastive signal. With 
47 views, larger batches increase within-batch class diversity, strength-
ening the positive–negative contrasts that drive contrastive learning.

Before turning to the contrastive learning results, Section 3.1 serves 
as an important precursor: it quantifies inter-observer variability on 
the triple-annotated test set, establishing realistic clinical bounds and 
revealing anatomy-consistent disagreement patterns that frame the re-
mainder of the analysis.

The performance of the proposed framework is established jointly 
in Section 3.2 and Section 3.3. In Section 3.2, supervised contrastive 
pretraining (especially using LogSum) with downstream fine-tuning sus-
tains higher accuracy than non-contrastive baselines under increasing 
simulated annotator variation. Complementarily, Section 3.3 assesses 
the representation quality of the pretrained encoders before fine-tuning: 
clustering-based DR/LRP metrics and t-SNE visualisations indicate that 
LogSum preserves semantic structure and resists label shifts by aligning 
altered samples with their original class clusters. This representation-
space analysis is crucial because differences between contrastive objec-
tives can be attenuated after fine-tuning; examining the embeddings (be-
fore fine-tuning) directly makes these method-level distinctions clearer.

Subsequent sections broaden the evaluation scope. Section 3.4 exam-
ines performance across expert–agreement subsets (CS, UA, and E1) to 
disentangle model error from label uncertainty. Section 3.5 studies how 
accuracy varies with label resolution by regrouping predictions from 47 
to 20 and 7 classes. Finally, Section 3.6 assesses cross-dataset generali-
sation on TMED-2, including zero-shot transfer and fine-tuning results.
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Table 4 
Baseline performance of widely used neural network architectures on the test set for 47-class 
echocardiographic view classification. These results provide reference metrics prior to applying 
contrastive representation learning methods. Results are reported as 𝜇 ± 𝜎 across two indepen-
dent runs.

 Model (Params)  Accuracy  F1 Score  Precision  Recall
 ResNet50 (25.6M)  85.53 ± 0.26  85.24 ± 0.24  86.36 ± 0.10  85.46 ± 0.19
 ResNet101 (44.7M)  86.74 ± 0.18  86.17 ± 0.42  87.02 ± 0.36  86.13 ± 0.11
 DenseNet121 (8.1M)  87.81 ± 0.52  87.37 ± 0.38  87.78 ± 0.92  87.72 ± 0.07
 SwinTransformerV2-T (29.3M)  89.14 ± 0.12  88.81 ± 0.00  88.90 ± 0.06  89.28 ± 0.11
 ConvNeXt-B (89M)  89.50 ± 0.26  88.99 ± 0.02  89.63 ± 0.63  88.96 ± 0.27
 ConvNeXt-T (29.5M)  89.60 ± 0.45  89.32 ± 0.47  89.45 ± 0.53  89.75 ± 0.46
 ViT-S (21.6M)  89.64 ± 0.50  89.59 ± 0.46  89.67 ± 0.66  89.94 ± 0.24
 ViT-B (85.7M)  89.65 ± 0.01  89.95 ± 0.12  89.57 ± 0.15  89.42 ± 0.03
 EfficientNetV2 (21.6M)  89.72 ± 0.88  89.77 ± 1.26  89.29 ± 1.04  89.26 ± 1.25
 Xception (22.9M)  90.55 ± 0.06  90.39 ± 0.01  90.74 ± 0.05  90.65 ± 0.36
 SwinTransformerV2-B (87.9M)  90.64 ± 0.07  90.32 ± 0.01  90.74 ± 0.06  90.33 ± 0.03

Fig. 2. Distribution of annotations across 47 echocardiographic view classes in the test subset for three independent experts. Each bar shows the number of images 
assigned to a given view by each expert. The plot reveals differences in labelling practices and interpretation.

3.1.  Inter-observer analysis

Of the 5447 multi-expert annotated samples in the test set, 3327 
received unanimous agreement across all three experts, 553 exhibited 
complete disagreement, and the remaining 1567 showed partial agree-
ment, with two experts assigning the same label. This corresponds to 
a lower bound of approximately 10.2% full inter-observer variability, 
rising to 28.8% when partial disagreements are included. These figures 
provide a realistic threshold for annotation variability inherent in clin-
ical practice, against which model robustness can be compared. While 
we synthesise variability levels of up to 50% in this study to stress-test 
model behaviour, the 10–30% range is relevant in practice, as it closely 
reflects the level of disagreement observed among human experts.

Fig. 2 shows the distribution of annotations across 47 echo view 
classes for all three independent experts. Common views such as a2ch-
full, a3ch-full, and a4ch-full have relatively high coverage across experts, 
though some variation in frequency remains. Certain views show strong 
consistency in both presence and count; for example, mmode-a4ch-rv is 
annotated 113 times by all three experts, while others, such as doppler-
tissue-rv, appear infrequently but consistently. Notably, substantial dis-
agreement is observed for finer-grained classes such as a3ch-la, which 
is labelled 80 times by Expert-1 but fewer than 10 times by the others. 
These patterns reflect variations in labelling practices, class familiarity, 
and subjective interpretation.

Cohen’s Kappa scores, presented in Table 5, provide a quantitative 
measure of inter-observer agreement using a fixed subset of 4882 test 
images for which all three expert annotations were available. The agree-
ment between Expert-2 and Expert-3 (𝜅 = 0.817) is higher than their 

Table 5 
Pairwise Cohen’s Kappa (𝜅) 
between the three experts. 
Values indicate moderate-to-
substantial agreement.

 Comparison  Kappa
 Expert-1 vs Expert-2  0.76
 Expert-1 vs Expert-3  0.72
 Expert-2 vs Expert-3  0.82

individual agreement with Expert-1 (𝜅 = 0.764 and 𝜅 = 0.716, respec-
tively), suggesting a closer alignment in annotation style between the 
former pair.

These results demonstrate that even among experienced clinicians, 
a natural level of variability exists when interpreting fine-grained 
echocardiographic views. Such inherent variability establishes an im-
portant baseline that any automated system must be able to accommo-
date in order to achieve robust and clinically reliable performance.

Fig. 3 presents the pairwise confusion matrix between Expert-2 and 
Expert-3, with additional matrices for the other expert pairs (Expert-
1 vs. Expert-2 and Expert-1 vs. Expert-3) provided in Appendix E. The 
matrix shows a strong concentration of counts along the diagonal, indi-
cating high overall agreement between the two experts, particularly for 
common or distinctive views such as a2ch-full, a5ch-full, mmode-a4ch-rv, 
mmode-plax-lv, and subcostal-ivc.

Off-diagonal entries reveal systematic areas of disagreement, espe-
cially within related subclasses such as the apical views (a2ch-full vs. 
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Fig. 3. Confusion matrix between Expert-2 and Expert-3. Strong diagonal dominance reflects high agreement, while off-diagonal clusters highlight systematic 
ambiguity within related subclasses.

a2ch-la), parasternal long-axis variants (plax-full-lv, plax-full-mv, plax-
full-out), and parasternal short-axis categories (psax-av, psax-mv, psax-
lv-base). These disagreements are not random but clustered within 
anatomically related groups, reflecting structured ambiguity where 
small changes in probe angle or acquisition focus can yield different 
but reasonable labels. This pattern emphasises the inherent variability 
of expert interpretation in fine-grained echocardiographic view classifi-
cation and highlights the importance of designing models robust to such 
structured disagreement.

3.2.  Downstream evaluation

To evaluate the efficacy of contrastive pretraining under varying lev-
els of simulated inter-expert variation, we measured downstream clas-
sification accuracy across models fine-tuned on training sets altered at 
different variation levels (0–50% as described in Section 2.5). For each 
method, we report the best test performance at each variation level, se-
lected from exhaustive sweeps over 𝜏, 𝑘, and 𝑣 (Appendix B). This pro-
cedure mitigates the influence of hyperparameter sensitivity and stress-
tests robustness; although Table 6 reports only a single best value per 
method and level, the full accuracy landscape is provided in Appendix B.

As shown in Table 6, models trained from random initialisation (Ran-
dInit) degrade substantially under increasing simulated inter-expert 
variation across all architectures. For example, Xception declines from 
87.98% at 0% variation to 68.01% at 50%, while ConvNeXt-T drops 
from 73.22% to 50.06% and Swin-T from 70.08% to 42.56%. This drop 
is expected, as the training labels are progressively altered away from 

Expert-1’s annotations, increasing divergence in labelling style and po-
tentially causing confusion for the model when learning consistent class 
boundaries. ImageNet initialisation consistently improves robustness, 
retaining higher accuracy at 50% variation (e.g., 82.73% for Xception, 
78.47% for ConvNeXt-T, 76.71% for Swin-T, and 72.54% for Efficient-
NetV2), but still exhibits clear sensitivity as label variation increases.

In contrast, models pre-trained with supervised contrastive learn-
ing demonstrated substantially greater robustness across all architec-
tures. The standard SupCon objective consistently outperformed both 
non-contrastive baselines across variation levels, reaching 94.05% at 0% 
variation for Xception and remaining at 87.67% at 50% variation. Sim-
ilar trends were observed for the other backbones, with performance 
decreasing from 92.42% to 85.06% for ConvNeXt-T, from 92.14% to 
85.35% for Swin-T, and from 93.81% to 87.23% for EfficientNetV2-S 
as variation increased from 0% to 50%. These results indicate that su-
pervised contrastive pretraining improves resilience to label variation 
beyond what can be achieved by either random initialisation or Ima-
geNet initialisation alone.

Other contrastive loss variants yielded additional performance gains, 
though the improvements were modest. At 0% variation, DropCon 
achieved the strongest results for Xception (94.25%) and Efficient-
NetV2-S (94.02%), while LogSum was marginally best for ConvNeXt-
T (92.73%) and Swin-T (92.58%). As annotation variation increased, 
LogSum emerged as the strongest or co-leading objective across 
most settings. In particular, for ConvNeXt-T, LogSum remained the 
top-performing method across the entire variation range, decreasing 
from 92.73% at 0% variation to 86.66% at 50%. For Swin-T and
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Table 6 
Downstream classification accuracy on the test set across different levels of simulated inter-expert variation in the training 
data. RandInit refers to models trained from random initialisation without contrastive pretraining. ImageNet refers to mod-
els initialised with ImageNet-pretrained weights but without contrastive learning. The remaining methods use contrastive 
pretraining (EchoFine framework) and present results after downstream fine-tuning.

Architecture Method
 Variation Level (%)
 0  10  20  30  40  50

Xception

 RandInit  87.98 ± 0.26  81.20 ± 1.34  80.46 ± 0.16  75.17 ± 0.05  72.69 ± 1.86  68.01 ± 0.14
 ImageNet  90.55 ± 0.06  87.45 ± 0.16  88.30 ± 0.34  86.86 ± 0.01  83.77 ± 0.59  82.73 ± 0.10
 SupCon  94.05 ± 0.04  93.47 ± 0.23  92.64 ± 0.24  91.85 ± 0.28  90.02 ± 0.49  87.67 ± 0.38
 DropCon  94.25 ± 0.35  93.38 ± 0.01  92.79 ± 0.28  91.59 ± 0.24  90.15 ± 0.49  88.10 ± 0.06
 LogSum  94.16 ± 0.09  93.67 ± 0.20  93.28 ± 0.02  92.28 ± 0.06  90.63 ± 0.28  88.36 ± 0.31

ConvNeXt-T

 RandInit  73.22 ± 0.28  69.22 ± 0.17  63.77 ± 1.50  62.06 ± 0.21  57.55 ± 0.84  50.06 ± 0.47
 ImageNet  89.60 ± 0.45  87.42 ± 0.15  85.84 ± 0.10  83.96 ± 0.03  81.46 ± 1.45  78.47 ± 0.40
 SupCon  92.42 ± 0.15  91.89 ± 0.26  90.52 ± 0.16  89.79 ± 0.20  88.21 ± 0.09  85.06 ± 0.17
 DropCon  92.69 ± 0.11  91.81 ± 0.13  90.66 ± 0.40  89.86 ± 0.01  88.87 ± 0.01  85.79 ± 0.31
 LogSum  92.73 ± 0.42  92.56 ± 0.08  91.95 ± 0.21  91.07 ± 0.32  89.57 ± 0.00  86.66 ± 0.39

SwinTransV2-T

 RandInit  70.08 ± 0.04  61.13 ± 0.04  56.06 ± 0.38  51.73 ± 0.98  48.55 ± 0.34  42.56 ± 0.84
 ImageNet  89.14 ± 0.12  88.20 ± 0.50  85.44 ± 1.54  85.62 ± 0.12  83.26 ± 0.11  76.71 ± 0.05
 SupCon  92.14 ± 0.50  91.18 ± 0.23  90.72 ± 0.12  89.79 ± 0.02  88.09 ± 0.38  85.35 ± 0.40
 DropCon  92.50 ± 0.23  91.44 ± 0.09  90.41 ± 0.01  90.09 ± 0.39  88.25 ± 0.29  86.40 ± 0.29
 LogSum  92.58 ± 0.29  92.11 ± 0.09  91.79 ± 0.04  91.00 ± 0.22  89.27 ± 0.52  85.88 ± 0.11

EfficientNetV2

 RandInit  76.63 ± 0.09  77.30 ± 0.47  76.46 ± 0.46  69.29 ± 0.24  69.25 ± 1.36  69.25 ± 1.14
 ImageNet  89.72 ± 0.88  87.01 ± 0.69  84.41 ± 0.35  78.70 ± 1.80  78.80 ± 1.56  72.54 ± 1.85
 SupCon  93.81 ± 0.02  93.19 ± 0.15  92.70 ± 0.21  91.50 ± 0.51  89.54 ± 0.64  87.23 ± 0.30
 DropCon  94.02 ± 0.00  93.23 ± 0.23  92.62 ± 0.04  92.07 ± 0.22  90.26 ± 0.03  88.53 ± 0.04
 LogSum  93.62 ± 0.01  93.70 ± 0.09  92.90 ± 0.21  92.18 ± 0.29  90.78 ± 0.13  88.47 ± 0.20

EfficientNetV2-S, LogSum led across intermediate variation levels, while 
DropCon became slightly stronger at the highest variation level (50%), 
reaching 86.40% and 88.53%, respectively.

These results support the hypothesis that contrastive objectives not 
only facilitate stronger representation learning for fine-grained echocar-
diographic view classification, but also act as an implicit regulariser un-
der annotation variability, partially mitigating the influence of noisy su-
pervision while preserving discriminative structure in the feature space.

The performance trends across variation levels indicate that while 
all contrastive methods offer substantial gains under clean conditions 
(0%), their advantages are amplified when training labels deviate from 
the evaluation annotator’s style. In particular, the LogSum variant shows 
greater resilience, likely due to its logarithmic attenuation of uncer-
tain similarities, diluting false positives in a way that reduces sensitivity 
to weak or noisy positives. This highlights the relevance of contrastive 
representation learning for real-world medical data, where inter-expert 
variability is common, and demonstrates its role in improving robust-
ness to annotator identity; a key requirement for deployment across in-
stitutions and operators.

We performed selection-aware statistical significance testing to as-
sess whether the observed performance differences between contrastive 
objectives are statistically reliable. For each architecture and variation 
level, methods were compared using a paired, non-parametric permuta-
tion test on per-image correctness, with the best configuration for each 
method re-selected within each resample to match the model-selection 
protocol used in Table 6 (best 𝜏, 𝑘, and 𝑣 per variation level, averaged 
over multiple runs). Holm’s correction was applied across the six vari-
ation levels per architecture. LogSum significantly outperformed Sup-
Con and DropCon across most architecture–variation settings (Holm-
adjusted permutation test, 𝑝 < 0.05 in the majority of cases), whereas 
differences between SupCon and DropCon were rarely significant.

Our observed robustness of contrastive learning methods under in-
creasing simulated inter-expert variation aligns with prior theoretical 
findings. Graf et al. (2021) demonstrated that supervised contrastive 
loss implicitly regularises model training, enabling robustness against 
noisy or randomly assigned labels. This property is particularly bene-
ficial for echo view classification, where inter-observer variability can 
introduce structured differences in labelling. Khosla et al. (2020) further 

showed that the gradient dynamics of the supervised contrastive objec-
tive naturally emphasise harder positive and negative samples, enhanc-
ing discriminability. In the context of echocardiography, this can im-
prove separation between visually similar classes, such as those within 
the apical view group. Together, these findings suggest that supervised 
contrastive learning promotes tighter intra-class clustering and stronger 
inter-class separation in the learned representation space Khosla et al. 
(2020), Graf et al. (2021).

As Xception achieved the strongest overall performance across varia-
tion levels in the previous analysis, the remainder of this section focuses 
on results obtained with the Xception backbone. To further assess ro-
bustness to annotator identity, we computed Cohen’s 𝜅 between model 
predictions and each of the three experts at increasing levels of simu-
lated inter-expert variation (Table 7). The baseline model trained from 
random initialisation showed rapidly declining agreement with Expert-
1 (from 𝜅 = 0.86 at 0% variation to 𝜅 = 0.65 at 50%) and even lower 
agreement with Experts 2 and 3 (dropping to 𝜅 = 0.55 and 𝜅 = 0.53, re-
spectively). This reflects the model’s reliance on the single training an-
notator’s style and its limited ability to generalise when labels deviate.

By contrast, our best-performing model (EchoFine with an Xception 
backbone pretrained using the LogSum contrastive objective from Ta-
ble 6) maintained much stronger agreement across all experts. Agree-
ment with Expert-1 remained very high (𝜅 = 0.95 at 0% and 𝜅 = 0.88
at 50%), while agreement with Expert-2 and Expert-3 stabilised around 
𝜅 = 0.76 and 𝜅 = 0.71, respectively, even under high variation. Because 
the training data are annotated by a single expert, stronger alignment 
between the model and that expert is expected. The role of multi-expert 
annotations here is therefore not to remove this bias, but to contextu-
alise model–expert agreement relative to expert–expert variability and 
to assess whether model behaviour remains within clinically realistic 
disagreement bounds.

These values are close to the observed inter-expert agreement (𝜅 =
0.76 and 𝜅 = 0.72 with Expert-1; 𝜅 = 0.82 between Experts 2 and 3) from 
Table 5, suggesting that the model does not simply overfit to the la-
belling style of the primary annotator, but instead captures consensus-
driven annotation boundaries.

Complementing Table 7, Table 8 reports the modified 
Williams Index (mWI), the ratio of mean model-expert to mean
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Table 7 
Cohen’s 𝜅 between model predictions and each expert across different 
levels of simulated inter-expert variation in the training data. RandInit 
refers to models trained from random initialisation. LogSum refers to 
our best supervised contrastive framework (EchoFine + LogSum).

 Model  Expert  Variation Levels (%)
 0  10  20  30  40  50

 RandInit  Expert-1  0.86  0.84  0.82  0.81  0.71  0.65
 Expert-2  0.69  0.69  0.69  0.68  0.62  0.55
 Expert-3  0.66  0.65  0.65  0.64  0.59  0.53

 LogSum  Expert-1  0.95  0.95  0.95  0.94  0.92  0.88
 Expert-2  0.76  0.75  0.76  0.75  0.74  0.72
 Expert-3  0.71  0.71  0.71  0.70  0.70  0.68

Table 8 
Modified Williams Index (mWI) and mean Model–Expert Cohen’s 
𝜅 across simulated inter-expert variation levels. The mean Expert–
Expert 𝜅 was 0.77 for both RandInit and EchoFine + LogSum across 
all variation levels.
 Model  Metric  Variation Levels (%)

 0  10  20  30  40  50
 RandInit  Mean Model–Expert 𝜅  0.74  0.73  0.72  0.71  0.64  0.58

 mWI  0.96  0.95  0.94  0.93  0.84  0.75
 LogSum  Mean Model–Expert 𝜅  0.81  0.80  0.80  0.80  0.79  0.76

 mWI  1.05  1.05  1.05  1.04  1.03  0.99

expert-expert Cohen’s 𝜅 computed at each variation level. In 
our setup, the modified Williams Index (mWI) is computed 
from Cohen’s 𝜅: let 𝜅M–E = 1

3

[

𝜅(𝑦̂, 𝑦(1)) + 𝜅(𝑦̂, 𝑦(2)) + 𝜅(𝑦̂, 𝑦(3))
] and 

𝜅E–E = 1
3

[

𝜅(𝑦(1), 𝑦(2)) + 𝜅(𝑦(1), 𝑦(3)) + 𝜅(𝑦(2), 𝑦(3))
]

, then mWI = 𝜅M–E∕𝜅E–E. 
Interpretation: mWI≈1 indicates the model agrees with experts about 
as much as experts agree among themselves; mWI>1 indicates the 
model is more consistent with experts than experts are with each other; 
mWI<1 indicates the model lags behind expert–expert agreement.

Under RandInit, the mean model-expert 𝜅 declines from 0.74 (0%) 
to 0.58 (50%), and mWI falls from 0.96 to 0.75, indicating the model in-
creasingly underperforms relative to the expert-expert agreement base-
line as simulated annotator variability rises. In contrast, our framework 
(model with EchoFine + LogSum) maintains substantially higher agree-
ment with experts (0.81→0.76 from 0% to 50%) and preserves mWI 
≥ 1 through 40% variation (1.05 at 0–20%, 1.04 at 30%, 1.03 at 40%), 
remaining near parity even at 50% (0.99). Given that expert-expert 𝜅
is stable at ≈ 0.77 across conditions, these results corroborate our ear-
lier observations: the proposed contrastive framework maintains expert-
level consistency over a wide range of simulated annotator variability, 
whereas training without contrastive pretraining rapidly falls below the 
expert-expert agreement boundary.

Confusion matrices of the best-performing model overall (EchoFine 
with LogSum trained at 0% variation level i.e, the original training la-
bels) and representative prediction examples are presented in Appen-
dices E and F, respectively.

3.3.  Robustness to annotation variability

To explain the performance differences between contrastive learning 
objectives, we analyse the structure of the learned feature space pro-
duced during contrastive pretraining. This representation-level analysis 
provides empirical evidence of how different objectives organise embed-
dings under increasing annotation variability, beyond what is observ-
able from downstream accuracy alone. We focus on the best-performing 
configurations identified in Table 6, using contrastively pretrained Xcep-
tion backbones, and examine their embedding behaviour in detail.

We evaluated the consistency and robustness of the learned feature 
representations under varying levels of simulated inter-expert varia-

tion. Embeddings obtained from the contrastive pretraining phase (be-
fore fine-tuning) were clustered using the unsupervised procedure de-
scribed in Section 2.6, and we analysed how well altered samples re-
mained aligned with their original semantic clusters. Table 9 sum-
marises detection and recovery outcomes across three methods as the 
proportion of simulated variation in the training set increased from 0%
to 50%.

At 10% variation, the framework using the LogSum objective 
achieved the highest Detection Rate (97.3%), correctly identifying 
nearly all altered labels as cluster–label mismatches. It also achieved the 
highest Label Recovery Precision (87.1%), indicating that most altered 
samples were pulled toward their original class clusters: for example, 
at 10% variation, of the 7284 synthetically altered samples, 7090 were 
detected and 6336 were correctly recovered. This trend persisted across 
higher variation levels, with LogSum consistently outperforming other 
objectives in LRP and often in DR, suggesting superior ability to preserve 
semantic coherence in the feature space.

t-SNE visualisations in Fig. 4 and examples in Fig. 5 further sup-
port these findings. Even without simulated variation (Fig. 4(b)), we ob-
served over 3000 cluster–label mismatches across methods (Table 9, 0% 
row), likely reflecting inherent intra-observer variability in the single-
expert (Expert-1) training annotations, where subtle view distinctions 
may be inconsistently labelled (see Appendix D).

When 10% simulated variation was introduced (Fig. 4(c)), the global 
cluster structure remained largely intact. Notably, many altered points 
gravitated toward their correct semantic cluster rather than the altered 
label, indicating that the model favoured the intrinsic structure of the 
data over the supervision signal. This behaviour highlights the poten-
tial of contrastive pretraining to detect and resist both simulated and 
naturally occurring annotation variability.

For example, Fig. 4(e) shows that samples originally belonging to 
the a4ch-full view, despite having their labels synthetically altered, 
continue to cluster around the primary a4ch-full embedding region. 
Rather than dispersing toward clusters corresponding to their altered 
labels, these samples remain anchored to their underlying semantic 
group. This behaviour indicates that the learned representations are 
driven more strongly by intrinsic anatomical structure than by noisy
supervision.

3.4.  Performance across expert agreement subsets

To further assess the robustness of the learned representations, we 
evaluated model performance under increasing levels of simulated an-
notation variability across multiple expert-defined subsets (Table 10). 
While accuracy naturally declines as variability increases, the extent of 
this decline differs by subset. The Consensus Set (CS), consisting of sam-
ples with unanimous expert agreement, shows the highest and most sta-
ble performance, maintaining 92.3% accuracy even at 50% variability. 
This suggests that strong inter-expert agreement correlates with high-
confidence, semantically coherent samples that are more resilient to an-
notation uncertainty.

The Union-Agreement (UA) metric also consistently outperforms the 
standard Primary Annotator set (𝐸1), indicating that incorporating di-
verse expert perspectives can enhance robustness. These findings sug-
gest that expert agreement serves as a useful proxy for annotation confi-
dence and helps identify samples where the model is most reliable, high-
lighting the importance of structured evaluation subsets when assessing 
performance under conditions of label variability. Note that higher per-
formance on CS and UA reflects greater label confidence and evaluation 
tolerance, and is method-agnostic rather than model-specific.

Overall, these results reinforce the inherent difficulty of fine-grained 
classification in the presence of real-world annotation differences, while 
demonstrating that the model learns stable and clinically meaningful 
representations that generalise across annotator styles and maintain re-
liability even when confronted with uncertain or inconsistent labels.
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Fig. 4. t-SNE visualisation of the learned feature space from contrastive pretraining. (a) Embeddings obtained after pretraining with the original training set, showing 
well-separated clusters. (b) Embeddings after pretraining with 10% simulated inter-expert variation in the training labels. Much of the original structure is retained, 
and many altered samples are pulled toward clusters matching their original semantic class, indicating that the model’s representation space can resist annotation 
variability and preserve semantic consistency.

Fig. 5. Visual examples of label-cluster mismatches identified through unsupervised clustering. (a) An image synthetically mislabelled as a4ch-lv is correctly grouped 
with the a4ch-full cluster, illustrating semantic resilience despite altered labels. (b) A view labelled as plax-full-la is assigned to the plax-full-out cluster, demonstrating 
the model’s ability to preserve structure among closely related parasternal views.
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Table 9 
Clustering-based detection and recovery statistics across contrastive objectives.   denotes the set 
of samples with simulated inter-expert variation, ̂  the label-cluster mismatches, and  the cor-
rectly recoverable samples. DR quantifies the proportion mismatches originating from simulated 
variation, while LRP indicates the proportion of these recoverable samples that align with their 
original (pre-variation) class cluster.

 Synthesised Variation % (#)  Method |̂ | |̂ ∩ | ||  DR (%)  LRP (%)

0 (| |=0)
 SupCon  3632  –  –  –  –
 DropCon  3151  –  –  –  –
 LogSum  3026  –  –  –  –

10 (| |=7284)
 SupCon  10,638  7036  6226  96.6  85.5
 DropCon  11,840  6970  6072  95.7  83.4
 LogSum  10,019  7090  6336  97.3  87.1

20 (| |=14572)
 SupCon  21,040  14,231  12,279  97.7  84.3
 DropCon  17,939  13,964  12,264  95.8  84.2
 LogSum  18,089  14,197  12321  97.4  84.6

30 (| |=21859)
 SupCon  22,161  20,225  17,379  92.5  79.5
 DropCon  25,554  21,210  18477  97.0  84.5
 LogSum  24,225  21,199  17,976  97.0  82.2

40 (| |=29147)
 SupCon  32,153  28,105  24,006  96.4  82.4
 DropCon  33,052  28,191  24,006  96.7  82.4
 LogSum  32,105  28,287  24249  97.0  83.2

50 (| |=36434)
 SupCon  40,966  35,054  28,264  96.2  77.6
 DropCon  43,484  34,920  26,146  95.8  71.8
 LogSum  40,274  35,324  28674  96.9  78.7

Table 10 
Accuracy of the EchoFine (Xception, LogSum) method across increasing 
levels of simulated annotation variability, evaluated on three subsets: 
the primary annotator set (𝐸1), the consensus set (CS), and the union-
agreement evaluation (UA).

 Subset  Variation Levels (%)
 0  10  20  30  40  50

 Primary Annotator (𝐸1)  94.2  93.7  93.3  92.3  90.6  88.4
 Consensus Set (CS)  97.7  97.4  97.1  96.3  94.9  92.3
 Union-Agreement (UA)  95.7  95.6  95.2  94.0  92.8  90.4

3.5.  Granularity of echo views

Using the best-performing model after downstream fine-tuning on 
the original training set, EchoFine (Xception, LogSum), we conducted 
inference-only experiments to evaluate how classification performance 
varies across different levels of view granularity.

Classification performance improved progressively with coarser lev-
els of view granularity, as shown in Table 11. At the fine-grained level 
involving 47 distinct echocardiographic views, the model achieved an 
accuracy of 94.2% (from Section 3.2). When these views were grouped 
into 20 intermediate categories based on anatomical and functional sim-
ilarity, accuracy increased to 97.0%. Further consolidation into 7 broad 
view classes yielded 98.8% accuracy. The granularity analysis re-maps 
the same fine-grained predictions into 20 and 7 class categories to il-
lustrate how label resolution affects accuracy and to contextualise task 
difficulty.

This trend reflects the model’s greater tolerance to intra-class varia-
tion at coarser levels, where semantically related views are aggregated, 
thereby reducing the penalty for visually subtle distinctions. These re-
sults highlight the inherent challenge of fine-grained classification and 
demonstrate that performance is sensitive to the resolution at which 
view labels are defined. Full details of the hierarchical granularity lev-
els are provided in Appendix C.

Table 11 
Inference-only classification accuracy evaluated at 
three levels of view granularity on the test set. 
Coarser accuracies were computed by grouping 
model predictions and ground truth labels from 
47 fine-grained views into 20 intermediate and 7 
high-level view categories. Accuracy improves with 
coarser groupings, reflecting increased tolerance to 
intra-group view variation.

 Granularity Level  Number of Classes  Accuracy
 Fine-Grained  47  94.2
 Intermediate  20  97.0
 Coarse  7  98.8

3.6.  Cross-dataset generalisation

Given the scarcity of publicly available datasets for echocardio-
graphic view classification, and the complete absence of datasets an-
notated at a fine-grained level, it is not currently possible to directly 
benchmark our approach against comparable methods for 47-class clas-
sification. Instead, we assess generalisation using the TMED-2 dataset 
(Huang et al., 2022b), one of the few publicly accessible resources for 
echo view classification. TMED-2 contains only five classes (A2C, A4C, 
PLAX, PSAX, other), and most prior work evaluates performance on the 
four defined views excluding the “other” category. Results are compared 
against recent state-of-the-art methods, as presented in Table 12.

Despite being trained on a distinct dataset with 47 fine-grained la-
bels, models pretrained using the EchoFine framework achieve strong 
zero-shot performance on TMED-2. In particular, using the LogSum 
objective with an Xception backbone attains 90.0% top-1 accuracy 
in a zero-shot setting, demonstrating that contrastive representations 
learned from fine-grained supervision generalise well to new, coarse-
grained domains. When fine-tuned on TMED-2, EchoFine models pre-
trained contrastively on TTE47 consistently surpass prior state-of-the-
art results (without any TMED-2–specific pretraining), achieving mean 
accuracies of approximately 98% across objectives and folds, indicating 
that EchoFine provides a strong and transferable initialisation for down-
stream tasks. For the setting where both pretraining and fine-tuning are 
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Table 12 
Reported accuracy on the TMED-2 dataset for echo view classification using a consistent subset of four anatomical 
views (PLAX, PSAX, A4CH, A2CH).

 Study / Setting  Objective  Accuracy (%)
 Fix-A-Step (Huang et al., 2023)  –  94.1
 SPEMix (Ma et al., 2024)  –  97.3
 Benchmarking SSL (Huang et al., 2024a)  –  95.1
 InterLUDE (Huang et al., 2024b)  –  96.8
 Reported ResNet50 (Kim et al., 2025)  –  83.7
 EchoFM (Kim et al., 2025)  –  94.2

EchoFine (pretrained and fine-tuned on TTE47; zero-shot inference on TMED2)
 LogSum  90.0 ± 0.5
 SupCon  89.1 ± 0.4
 DropCon  88.0 ± 0.6

EchoFine (pretrained on TTE47; fine-tuned on TMED2)
 LogSum  98.1 ± 0.1
 SupCon  97.6 ± 0.2
 DropCon  98.2 ± 0.1

EchoFine (pretrained and fine-tuned on TMED2)
 LogSum  97.9 ± 0.3
 SupCon  97.7 ± 0.2
 DropCon  98.0 ± 0.1

performed on TMED-2, performance remains similarly high, with mean 
accuracy approaching 98%.

When pretrained contrastively on the 47 fine-grained views of the 
TTE47 dataset and then fine-tuned on TMED-2, the observed gains arise 
because the richer, more granular supervision forces the encoder to 
learn semantically aligned, anatomy-aware features that transfer across 
datasets. Fine-grained contrastive pretraining with the EchoFine frame-
work builds invariances to acquisition differences while sharpening 
boundaries between closely related views, yielding more generalisable 
initial weights for downstream tasks. These findings highlight both the 
robustness and transferability of representations learned through super-
vised contrastive pretraining on fine-grained echocardiographic views.

4.  Conclusion

This study presents a comprehensive investigation of echocardio-
graphic view classification at full clinical granularity, spanning 47 clini-
cally meaningful views acquired under real-world conditions. We intro-
duce TTE47, the first publicly available benchmark pairing fine-grained 
view categories with independent multi-expert annotations, enabling 
rigorous quantification of inter-observer variability and establishing a 
foundation for reproducible, clinically relevant evaluation.

To address the dual challenges of subtle inter-class distinctions and 
structured label noise from observer variability, we propose a super-
vised contrastive framework. This approach improves inter-class sepa-
rability and robustness to both synthetic and naturally occurring annota-
tion variability, outperforming supervised contrastive and cross-entropy 
baselines. We further introduce two clustering-based metrics: Detection 
Rate and Label Recovery Precision, which provide principled measures 
of semantic coherence and resilience in the learned feature space, ex-
tending evaluation beyond standard accuracy metrics.

Our method defines an initial performance benchmark on TTE47 and 
achieves state-of-the-art performance on TMED-2, surpassing prior re-
sults without dataset-specific pretraining. Using a model pretrained on 
TTE47 and fine-tuned on TMED-2, we demonstrate that fine-grained 
contrastive representations transfer effectively across domains and to 
coarser view sets. Notably, strong DR and LRP scores under 10–30% 
simulated inter-expert variation fall within the range of observed hu-
man disagreement, suggesting robustness comparable to expert-level 
variability.

Inter-observer variation is an inherent feature of clinical practice: 
some differences reflect genuine subjectivity, while others arise from 
inconsistency or error. Our clustering analysis shows that the learned 
feature space aligns more closely with underlying anatomical structure 
than with any single annotator’s style, enabling the model to resist label 

shifts. This prevents overfitting to one expert and ensures semantically 
meaningful representations that generalise across annotation styles and 
institutions.

Although accuracy naturally declines as training labels deviate from 
the evaluation style, our framework preserves stable and discriminative 
class boundaries and maintains high agreement across experts. By lever-
aging representation consistency as an unsupervised signal, it actively 
resists variability and provides a foundation for future noise-aware fine-
tuning strategies, such as using corrected cluster assignments as pseudo-
labels.

Finally, while increased view granularity yields richer diagnostic in-
formation, it also amplifies annotation complexity and observer variabil-
ity. Our findings show that contrastive pretraining preserves semantic 
structure even under these conditions, enabling reliable classification 
across 47 fine-grained views. By demonstrating resilience to annotation 
variability at this scale, the proposed framework provides a pathway to-
ward clinically relevant, high-resolution view classification that better 
reflects the realities of comprehensive echocardiographic practice.
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Appendix A.  Echocardiography view definitions

The clinical uses listed for each echocardiographic view are grounded in established echocardiography guidelines and standard textbooks, which 
define diagnostic measurements primarily at the level of view families rather than for every individual acquisition variant (Mitchell et al., 2018; Otto, 
2018). In addition, the selection of views and associated clinical use cases was informed by collaboration with cardiologists at University College 
London and Imperial College London, ensuring consistency with real-world clinical practice.

Table A.13 
Apical echocardiographic views with representative images and descriptions.
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Table A.14 
Apical echocardiographic views with representative images and descriptions.
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Table A.15 
M-Mode echocardiographic views with representative images and descriptions.
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Table A.16 
PLAX echocardiographic views with representative images and descriptions.
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Table A.17 
PSAX echocardiographic views with representative images and descriptions.
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Table A.18 
Doppler echocardiographic views with representative images and descriptions.

Medical Image Analysis 110 (2026) 104006 

21 



P. Naidoo et al.

Table A.19 
Subcostal and suprasternal echocardiographic views with representative images and descriptions.
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Appendix B.  Ablation studies

For clarity, ablation plots are shown for the Xception backbone only; similar trends were observed across ConvNeXt-T, SwinTransformerV2-T, 
and EfficientNet-V2, as reflected in the results reported in Table 6.

Fig. B.6. Effect of temperature (𝜏) and parameters parameters (𝑘, 𝑣) across increasing annotation variability for EchoFine with an Xception backbone evaluated 
under different contrastive objective functions and configurations.
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Appendix C.  Hierarchical grouping of echo views

Table C.20 
Hierarchical grouping of echocardiographic views from fine-grained to coarse granularity.

 Level 3 (Coarse)  Level 2 (Intermediate)  Level 1 (Fine-Grained Views)
 7 Views  20 Views  47 Views
 Apical  a2ch  a2ch-full, a2ch-la, a2ch-lv

 a3ch  a3ch-full, a3ch-la, a3ch-lv, a3ch-outflow
 a4ch  a4ch-full, a4ch-la, a4ch-lv, a4ch-ias, a4ch-ra, a4ch-rv
 a5ch  a5ch-full, a5ch-outflow
 apex  apex

 PLAX  PLAX  plax-full-out, plax-full-mv, plax-full-lv, plax-full-la,
 plax-full-rv-ao, plax-valves-av, plax-valves-mv, plax-tv

 PSAX  PSAX  psax-all, psax-lv-base, psax-lv-mid, psax-lv-apex,
 psax-av, psax-tv, psax-pv

 Subcostal  subcostal  subcostal-ivc, subcostal-heart
 Suprasternal  suprasternal  suprasternal
 M-mode  mmode-a4ch-rv  mmode-a4ch-rv

 mmode-ivc  mmode-ivc
 mmode-plax  mmode-plax-mitral, mmode-plax-av, mmode-plax-lv

 Doppler  doppler-ao  doppler-ao
 doppler-av  doppler-av
 doppler-mv  doppler-mv
 doppler-tv  doppler-tv
 doppler-pv  doppler-pv
 doppler-tissue-lat  doppler-tissue-lat
 doppler-tissue-rv  doppler-tissue-rv
 doppler-tissue-septal  doppler-tissue-septal

Appendix D.  Representation–label discrepancies in training embeddings

Although the training set was annotated by a single expert, clustering of the learned embeddings revealed consistent representation–label mis-
matches, suggesting latent ambiguity or inconsistencies in the labelling process. While these do not constitute formal intra-observer variability, they 
provide insight into annotation uncertainty and overlapping class boundaries in clinical echo interpretation.

To probe this further, we applied K-Means clustering to embeddings extracted from the pretrained encoder (without synthetic variation) and 
compared expert-provided labels against the dominant class within each cluster. This analysis identified cases where the semantic structure of the 
representation space diverged from the assigned class label, highlighting potential label–representation discrepancies.

Fig. D.7 shows the ten most frequent mismatches, many involving semantically adjacent views, such as a3ch-outflow vs. a3ch-lv or plax-full-la vs. 
plax-full-out. These confusions likely reflect anatomical overlap and intra-class variability. Mapping fine-grained views to their corresponding coarse 
7-view categories confirmed that most mismatches occur within the same anatomical group. The group-wise confusion matrix (Fig. D.8) shows this 
effect, while Table D.21 quantifies it: 2,534 of 3027 mismatches (83.7%) remained within the same 7-view group.

Class-level analysis (Table D.22) revealed that views such as a3ch-outflow, mmode-plax-lv, and subcostal-heart were most frequently involved in 
mismatches, consistent with their greater acquisition variability and subtle distinctions.

Overall, these findings suggest that while the model exhibits ambiguity at the fine-grained level, it preserves the hierarchical organization of 
echocardiographic views, respecting broader anatomical categories even when class boundaries are less distinct. This capacity to maintain high-level 
semantic structure provides resilience to fine-grained inconsistencies in expert labelling and demonstrates the clinical plausibility of the learned 
representation space.

Fig. D.7. Top 10 most frequent fine-grained view mismatches, identified by clustering training embeddings. These confusions reflect potential annotation ambiguity 
or intra-class visual similarity.
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Fig. D.8. Group-wise confusion matrix derived from cluster-label mismatches. Most inconsistencies occur within the same coarse view category, such as Apical or 
PLAX, indicating semantic consistency at a higher granularity.

Table D.21 
Distribution of cluster-label mismatches occurring within 
the same coarse (7-view) group vs. across different 
groups. The majority of mismatches are intra-group, sug-
gesting strong structural alignment between learned em-
beddings and anatomical view categories.

 Mismatch Type  Count  Proportion (%)
 Intra-group (same 7-view)  2534  83.7
 Inter-group (different 7-view)  493  16.3

Table D.22 
Top 10 most frequently mismatched 
ground truth classes in the training set, 
based on dominant cluster disagreement. 
These classes exhibit the highest label-
representation inconsistency and may re-
flect views that are visually ambiguous or 
difficult to label precisely.

 View Class  Mismatch Count
 a3ch-outflow  637
 mmode-plax-lv  492
 subcostal-heart  141
 doppler-pv  137
 a3ch-la  109
 doppler-tissue-lateral  86
 a3ch-lv  86
 a2ch-lv  80
 psax-pv  77
 psax-lv-apex  73
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Appendix E.  Additional confusion matrices for expert and model

Fig. E.9. Comparison of model and expert agreement using a confusion matrix computed on a fixed subset of 4882 test images with complete annotations from 
all experts (excluding samples with “not sure”). The matrix shows Model vs. Expert 1, with strong diagonal alignment reflecting high consistency across clinically 
meaningful views.
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Fig. E.10. Confusion matrices comparing model predictions with Expert 2 and Expert 3 on a fixed subset of 4882 test images with complete multi-expert annotations. 
High diagonal concentration across both matrices indicates strong alignment between the model and each expert, even in the presence of label sparsity or fine-grained 
view distinctions.
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Fig. E.11. Confusion matrices comparing Expert-1 against Expert 2 and Expert 3 on the same fixed subset of 4882 test images. While overall agreement remains 
high for common view classes, off-diagonal inconsistencies are more pronounced than in the model comparisons, particularly for rare or visually similar views, 
highlighting inter-observer variability.
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Appendix F.  Illustrative examples of inter-observer variability and model predictions

Fig. F.12. Cases illustrating inter-observer variability and model alignment on challenging echo views. Each subfigure includes labels assigned by three human 
experts and the model, highlighting cases of agreement, disagreement, and partial consensus. This analysis highlights both the inherent subjectivity in fine-grained 
cardiac view interpretation and the model’s potential to approximate expert reasoning under uncertainty.
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