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Abstract—Breast ultrasound is a widely used, radiation-free modality for breast-cancer screening, but automated 
benign/malignant classification remains difficult because of small labelled datasets, severe class imbalance, operator-dependent 
image quality, and the absence of complementary modalities such as MRI, CT, or PET in routine practice. This paper presents a 
cognitive biological-twin imaging network(CBTI-COS++) that reframes classification as deviation detection against a learned 
model of expected healthy tissue. From a single ultrasound image, CBTI-COS++ deterministically synthesizes four pseudo-
modality channels includes a smoothed pseudo-MRI, a Sobel-edge pseudo-CT, a contrast-enhanced pseudo-PET, and the native 
ultrasound, encodes them with an ImageNet-pretrained EfficientNet-B0 backbone adapted to four input channels, and reconstructs 
an expected-health four-channel biological twin. The absolute difference between the observed and expected tensors forms an 
explicit deviation tensor, which a dedicated branch encodes and fuses with pooled backbone features for the final decision. Training 
combines a class-weighted focal loss, a supervised deviation-aware contrastive objective, a multi-term biological 
reconstruction/consistency loss, MixUp/CutMix augmentation, weighted sampling, exponential-moving-average (EMA) weight 
averaging, and test-time augmentation. We validate the complete pipeline end-to-end on the public BreastMNIST benchmark (546 
training, 78 validation, 156 test images; 26.9% malignant). Our experiments surface a methodologically important finding that we 
report transparently rather than conceal: under the default 0.5 decision threshold, the trained model collapses to the majority-by-
loss class and attains only 26.9% test accuracy despite a strong test ROC-AUC of 0.836, a textbook manifestation of the mismatch 
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CBTI-COS++: A Cognitive Biological-Twin Imaging Network with 

Deviation-Contrastive Learning and Validation-Calibrated 
Decisions for Breast Ultrasound Classification1 
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that class-weighted focal loss and heavy augmentation can induce between a model's ranking quality and its argmax calibration on 
an imbalanced dataset. Applying a single validation-set decision-threshold calibration (selected threshold = 0.33) recovers 73.1% 
test accuracy, 74.1% balanced accuracy, and 0.744 weighted F1 at the same AUC, with no change to the learned weights. We 
present the deviation-twin architecture, its mathematical formulation and justification, the observed diagnostic behaviour, and an 
honest comparison to recent breast-ultrasound and MedMNIST classifiers. The results position calibrated deviation-twin reasoning 
as a promising and interpretable direction, while clearly delineating the study's limitations (single seed, reduced-compute CPU 
configuration, one small dataset) and the concrete steps needed before any clinical claim could be made. 

Index Terms—BreastMNIST, Class imbalance, Convolutional neural network, Decision threshold calibration, Deep 
learning, Deviation detection, Breast ultrasound classification, Multimodal image synthesis 

I. INTRODUCTION 

 A. Problem Statement 
Breast cancer is among the most frequently diagnosed 

cancers worldwide, and ultrasound imaging plays a central 
role in screening and triage because it is inexpensive, 
portable, and free of ionizing radiation. Computer-aided 
diagnosis (CAD) systems that classify breast-ultrasound 
lesions as benign or malignant could reduce radiologist 
workload and inter-observer variability. However, three 
characteristics of the domain make robust automated 
classification hard. First, public labelled datasets are small: 
BreastMNIST, the standardized benchmark used here, 
contains only 546 training images. Second, the classes are 
imbalanced, with malignant cases in a minority, so naive 
training tends either to ignore the minority class or, under 
aggressive re-weighting, to over-predict it. Third, ultrasound 
provides only a single grayscale modality, lacking the 
complementary tissue contrast that MRI, CT, or PET would 
supply for the same anatomy. 

 B. Research Gap and Opportunity 
Most breast-ultrasound classifiers treat the task as direct 

texture-to-label mapping using a single convolutional 
network, optionally with transfer learning or ensembling. 
Two opportunities are under-explored. The first is modality 
enrichment from a single input: rather than requiring true 
multi-modal acquisition, deterministic image transforms can 
synthesize complementary 'pseudo-modality' channels 
(smoothing, edge, and contrast maps) that expose different 
tissue cues to a shared encoder. The second, and more 
conceptually central, is deviation-based reasoning: instead of 
classifying raw appearance, a model can learn what healthy 
tissue is expected to look like and then reason about the 
magnitude and structure of the deviation from that 
expectation. This 'biological twin plus deviation' framing is 
closely related to the digital-twin paradigm now expanding 
rapidly in healthcare, where a virtual, continuously-
referenced model of a physical entity supports diagnosis and 
prediction. CBTI-COS++ brings that framing to breast-
ultrasound classification and couples it with modern robust-
training machinery suited to small, imbalanced datasets. 

 C. Contributions 
● A deviation-twin classification architecture that 

synthesizes four pseudo-modality channels from a 
single ultrasound image, reconstructs an expected-
health four-channel biological twin, and classifies 
from an explicit observed-minus-expected 
deviation tensor fused with backbone features. 

● A deviation-aware supervised contrastive objective 
combined with a class-weighted focal loss and a 
multi-term biological reconstruction/consistency 
loss, designed to separate benign and malignant 
biological states in the embedding space of a small, 
imbalanced dataset. 

● A complete, executed empirical study on 
BreastMNIST that transparently documents a 
decision-calibration failure mode such as strong 
AUC, collapsed argmax accuracy and a simple, 
principled validation-set threshold-calibration 
remedy that recovers accuracy without retraining. 

● A fully reproducible implementation with all 
figures and metrics generated by the actual run, and 
an explicit account of the reduced-compute 
configuration used, so that reported numbers 
correspond exactly to what was executed. 

II. LITERATURE REVIEW 
This review organizes the domain literature, together with 

the small number of foundational method papers on which 
the architecture directly depends, into five themes that 
progress toward the proposed design: (i) breast-ultrasound 
classification, (ii) the MedMNIST benchmark and 
lightweight medical classification, (iii) transfer-learning 
backbones for medical imaging, (iv) class-imbalance, 
contrastive, and robust-training methods, and (v) digital 
twins in healthcare and medical imaging. 

Deep learning for breast-ultrasound classification has 
advanced rapidly on the public BUSI dataset and its 
successors. Koshy et al. [1] propose HED-Net, a hybrid 
ensemble combining ConvNeXt-Tiny, DenseNet121, and 
EfficientNet-B7, reporting accuracy and AUC in the high-
eighties to mid-nineties across BUSI, BUS-UCLM, and 
UDIAT, and adding SHAP/Grad-CAM interpretability. 
Uysal and Kose [2] benchmark several deep-learning models 
for benign/malignant ultrasound classification, while Zhang 
et al. [3] tackle the related false-positive problem in routine 
screening with a joint classification-and-segmentation 
network sharing an encoder. Vision-transformer approaches 
have also appeared: a ViT-based ensemble (ViT-Base, DeiT, 
ViT-Small) for multi-class breast-ultrasound classification is 
reported in [4]. Multi-dataset and cross-dataset studies [5], 
[6] emphasize that late-fusion ensembles of CNN transfer-
learning features and handcrafted features generalize better 
across scanners than any single network, and that fully-
automated pipelines still lag mask-guided ones, underscoring 
the difficulty of the raw-image setting that CBTI-COS++ 
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targets. Multimodal work such as [7] shows that combining 
grayscale and color-Doppler ultrasound improves non-mass-
lesion classification over single-modality models, 
motivating, by analogy, CBTI-COS++'s use of multiple 
synthesized pseudo-modality channels when only grayscale 
ultrasound is available. 

The dataset used in this study, BreastMNIST, is part of 
MedMNIST v2 [8], a large-scale standardized benchmark of 
12 2D and 6 3D biomedical datasets introduced by Yang et 
al., which itself extends the earlier MedMNIST classification 
decathlon [9]. MedMNIST was explicitly designed so that 
hyperparameter tuning, pre/post-processing, ensembling, 
and training/test-time augmentation, rather than architecture 
alone, determine performance, a design philosophy CBTI-
COS++ engages directly through its augmentation and 
calibration components. Subsequent work has used 
MedMNIST v2 to study dimensionality reduction for 
medical classification [10], generative diffusion-based 
augmentation under low-compute conditions [11], and 
spatially-adaptive foundation models for medical image 
analysis [12], establishing MedMNIST as a standard, 
reproducible testbed for exactly the kind of lightweight, 
small-data method proposed here. 

CBTI-COS++ builds on an ImageNet-pretrained 
EfficientNet-B0 encoder [13], whose compound 
depth/width/resolution scaling made it a strong, efficient 
default for medical transfer learning. EfficientNet variants 
have been applied widely to breast imaging: EfficientNet-
based mammography classifiers [14], [15]; an EfficientNet-
B5 histopathology classifier that explicitly foregrounds the 
data-imbalance problem [16]; an EfficientNet-B4 
mammography pipeline with contrast enhancement and 
feature selection [17,36,37]; and an EfficientNet-B0 + 
ResNet50 ensemble with transformer-inspired training 
[18,38,39]. Broader studies of transfer-learning architecture 
choices for medical imaging [19] recommend pretrained 
backbones, limited-layer unfreezing, and small learning 
rates, design principles CBTI-COS++ follows via a 
pretrained backbone and AdamW with a low base learning 
rate and cosine-warm-restart schedule. These works 
collectively justify EfficientNet-B0 as the encoder while 
highlighting that, in the small-data medical regime, the 
training protocol around the backbone matters as much as the 
backbone itself. 

The training machinery of CBTI-COS++ draws on several 
established methods. Focal loss [20,40,41] down-weights 
easy examples to focus learning on hard, often minority-
class, cases, and is combined here with inverse-frequency 
class weighting. Supervised contrastive learning [21] pulls 
together embeddings of same-class samples and pushes apart 
different-class ones; CBTI-COS++ applies it in a deviation-
aware embedding space. MixUp [22] and CutMix [23] 
regularize by training on convex or spatial combinations of 
examples and labels, improving generalization on small 
datasets. Exponential-moving-average weight averaging, 
popularized by the Mean Teacher framework [24,42,43], 
stabilizes the final model. These four techniques—focal loss, 
supervised contrastive learning, MixUp/CutMix, and EMA 
are individually well established; the contribution here is 
their coordinated integration into a deviation-twin pipeline 

and, critically, the observation that their combination on a 
small imbalanced dataset can decouple ranking quality from 
argmax calibration, requiring an explicit decision-threshold 
correction. The importance of test-time augmentation and 
calibration for medical benchmarks was itself highlighted by 
the MedMNIST authors [8], and decision-threshold tuning is 
a standard, well-understood remedy for imbalance-induced 
miscalibration. 

The 'biological twin' framing of CBTI-COS++ is inspired 
by the rapidly growing digital-twin literature in healthcare. 
Comprehensive reviews [25], [26], [27] describe digital 
twins as personalized, dynamically-updated, predictive 
virtual models of patients, and a scoping review [28] finds 
that relatively few published 'digital twins' meet the full 
NASEM criteria of personalization, dynamic updating, and 
prediction, a useful caution that our static, per-image 
'expected-health twin' is a narrow, single-image analogue 
rather than a full patient digital twin, and we frame it as such. 
Reviews focused specifically on digital-twin construction 
from medical imaging [29] document imaging-derived 
virtual organ models for tumor detection and disease-
progression prediction, and healthcare-systems reviews 
[30,47,48] survey real-time data integration and virtual 
simulation for predictive analytics. Generative-AI-driven 
human-digital-twin surveys [31,44,46] connect the paradigm 
to synthetic data generation, conceptually adjacent to CBTI-
COS++'s deterministic pseudo-modality synthesis and its 
expected-health reconstruction. Positioned against this 
literature, CBTI-COS++ is best described not as a clinical 
digital twin but as a deviation-detection classifier that 
borrows the twin metaphor: it learns an expected-health 
reference and classifies from the deviation, which is a 
concrete, testable instantiation of twin-style reasoning at the 
level of a single image. 

No prior breast-ultrasound classifier we are aware of 
combines single-image pseudo-modality synthesis, an 
explicit reconstructed expected-health twin, deviation-tensor 
classification, and deviation-aware supervised contrastive 
learning, evaluated on a standardized benchmark with 
transparent decision-calibration analysis. Table I contrasts 
CBTI-COS++ with representative recent approaches along 
the dimensions most relevant to this design. 

Approac
h 

Backbone 
strategy 

Modality 
handling 

Reasoni
ng 
paradig
m 

Imbalan
ce / 
calibrati
on 

HED-Net 
ensemble 
[1] 

3-CNN 
ensemble 

Single 
grayscale 

Direct 
appearan
ce 

Ensembl
e; no 
explicit 
threshold 
study 

ViT 
ensemble 
[4] 

3 ViT 
variants 

Single 
grayscale 

Direct 
appearan
ce 

Not 
emphasiz
ed 

Late-
fusion 
multi-
dataset 
[5],[6] 

CNN + 
handcrafte
d 

Single 
grayscale 

Direct 
appearan
ce 

Cross-
dataset 
focus 
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Efficient
Net 
transfer 
[14]-[18] 

EfficientN
et variants 

Single 
(mammo/hi
sto) 

Direct 
appearan
ce 

Sometim
es class-
weighted 

CBTI-
COS++ 
(this 
work) 

Pretrained 
EfficientN
et-B0 

4 
synthesized 
pseudo-
modalities 

Expecte
d-health 
twin + 
deviatio
n 

Focal + 
weightin
g + 
explicit 
val 
calibratio
n 

Table I. Positioning of CBTI-COS++ relative to 
representative recent breast-imaging classifiers. 
III. PROPOSED WORK 

 A. System Architecture 
Figure 1 shows the CBTI-COS++ pipeline. A single-

channel ultrasound image is first passed through a 
deterministic cross-modal synthesis stage producing four 
channels: a pseudo-MRI (local averaging blended with the 
original), a pseudo-CT (Sobel-gradient edge magnitude 
blended with the original), a pseudo-PET (a contrast-
stretching sigmoid of the mean-subtracted image, then 
smoothed), and the native ultrasound. The resulting four-
channel tensor is encoded by an ImageNet-pretrained 
EfficientNet-B0 adapted to four input channels. Two heads 
branch from the encoder: an expected-health decoder head 
that reconstructs a four-channel 'biological twin' of healthy-
appearing tissue, and a pooled feature vector. The absolute 
difference between the input tensor and the reconstructed 
expected tensor forms the deviation tensor, which a small 
convolutional deviation encoder maps to a 128-dimensional 
vector. Backbone and deviation vectors are concatenated, 
projected to a 128-dimensional embedding, and classified. 
Training applies focal, contrastive, and biological losses; 
inference applies test-time augmentation and a validation-
calibrated decision threshold. 

 
Fig. 1. CBTI-COS++ architecture: single-image pseudo-
modality synthesis, pre-trained encoder, expected-health 
twin reconstruction, deviation-tensor branch, fused 
classification, and robust training/inference components. 
 1) Justification for the Architecture 

Three design choices distinguish CBTI-COS++ from a 

direct single-CNN classifier. First, deterministic pseudo-
modality synthesis expands a single grayscale input into four 
complementary views (smoothed, edge, contrast, raw) at 
zero annotation cost, giving the shared encoder access to 
multiple tissue cues; unlike generative augmentation, these 
transforms are fixed and inspectable, so they add no training 
instability. Second, the expected-health twin plus deviation 
tensor reframes classification as anomaly reasoning: the 
classifier receives an explicit map of where and how strongly 
the observed tissue departs from a learned healthy reference, 
which is more interpretable than raw feature maps and aligns 
with the digital-twin paradigm. Third, the robust-training 
stack (focal loss, class weighting, contrastive learning, 
MixUp/CutMix, EMA) targets the small-data, imbalanced 
regime that dominates public breast-ultrasound benchmarks. 
This same stack also introduces a calibration risk that we 
detect and correct, which is itself an argument for the 
explicit, auditable decision-threshold step in the pipeline. 

 B. Mathematical Formulation 
 1) Cross-Modal Synthesis 

Given a normalized ultrasound image u in [0,1]^{HxW}, 
the four channels are defined as: 
x_MRI = clip(0.65·avg_3(u) + 0.35·u, 0, 1)     (1) 
x_CT = clip(0.70·u + 0.30· ∇ ∇ĝ, 0, 1),   ĝ = || u|| / max|| u||     
(2) 
x_PET = avg_5( σ(7.5·(u − mean(u))) )     (3) 
x = [x_MRI, x_CT, x_PET, u] ∈ R^{4xHxW}     (4) 

where avg_k is k×k average pooling, ∇u is the Sobel 
gradient, σ is the logistic sigmoid, and clip bounds values to 
[0,1]. Equation (2)'s normalized gradient magnitude 
emphasizes lesion boundaries (a CT-like structural view); 
Equation (3)'s steep sigmoid about the image mean 
emphasizes high-intensity regions (a PET-like functional-
uptake analogue). These are heuristic, deterministic 
analogues, not physically accurate cross-modal translations, 
and we describe them as such throughout. 
 2) Encoder, Expected-Health Twin, and Deviation 

Let F = Enc(x) denote EfficientNet-B0 features. The 
expected-health head D reconstructs a four-channel healthy 
twin, and the deviation tensor is the absolute residual: 
x̂ = D(F) ∈ [0,1]^{4xHxW},   Δ = |x − x̂|     (5) 

The final embedding fuses globally-pooled backbone 
features with a deviation encoding, and the classifier 
produces class logits: 
z = Emb( [ GAP(F) ; DevEnc(Δ) ] ),   ŷ = Clf(z)     (6) 

Modelling Δ explicitly means the classifier's evidence is, 
by construction, the discrepancy from expected health rather 
than raw appearance; if the reconstruction learns a plausible 
healthy prior, malignant tissue, which departs more from that 
prior, yields larger, more structured deviations. 
 3) Training Objectives and Justification 

The classification loss is a class-weighted focal loss [20] 
with focusing parameter γ = 1.7: 
L_focal = −Σ_c w_c (1 − p_c)^γ y_c log p_c     (7) 

Focal loss reduces the gradient contribution of well-
classified examples (the (1−p)^γ factor), concentrating 
learning on hard cases; the inverse-frequency weights w_c 
further compensate for the 26.9% malignant prevalence. A 
supervised contrastive loss [21] structures the embedding 
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space: 
L_con = Σ_i (−1/|P(i)|) Σ_{j∈P(i)} log[ exp(z_i·z_j/τ) /           
Σ_{k≠i} exp(z_i·z_k/τ) ]                     (8) 

with temperature τ = 0.12 and P(i) the same-class set. The 
biological loss regularizes the twin via reconstruction, cross-
channel consistency, and deviation sparsity: 
L_bio = 0.25·||x̂ − x||_1 + 0.08·C(x̂) + 0.02·mean(Δ)     (9) 

where C(x̂) averages pairwise L1 differences among the 
four reconstructed channels, encouraging a coherent healthy 
twin, and the sparsity term discourages the trivial solution of 
explaining everything as deviation. The total objective is L = 
L_focal + L_bio + 0.15·L_con, optimized with AdamW and 
a cosine-annealing-warm-restarts schedule, with 
MixUp/CutMix applied to inputs and EMA maintained over 
weights. The relative weights follow the reference 
implementation; a sensitivity analysis over these coefficients 
is left to future work. 
 4) Decision-Threshold Calibration 

Because class weighting and focal loss shift the operating 
point of the softmax, the argmax (equivalently, a 0.5 
threshold on the positive-class probability) need not be the 
accuracy- or balanced-accuracy-optimal decision rule. We 
therefore select a decision threshold t* on the validation set 
and apply it, unchanged, to the test set: 
t* = argmax_t BalancedAccuracy_val( 1[ p_1 ≥ t ] ),   ŷ_test 
= 1[ p_1(x_test) ≥ t* ]     (10) 

This is a standard, leakage-free calibration: t* is chosen 
only from validation data and never tuned on the test set. 
Crucially, it changes no learned weights; it re-reads the same 
probabilities at a better operating point, so any accuracy gain 
reflects correcting a decision-rule mismatch, not additional 
fitting. 

 C. Results and Performance Evaluation 
 1) Training Dynamics and the Threshold-Collapse 
Finding 

 
Fig. 2. Training loss (total multi-task objective) across the 
nine completed epochs. 

 
Fig. 3. Validation ROC-AUC per epoch for the raw and EMA 
models; ranking quality rises steadily to ~0.88. 

 
Fig. 4. Diagnostic view: validation AUC (ranking) rises to 
~0.88 while validation accuracy at the default 0.5 threshold 
remains pinned near the malignant-class fraction (0.27), the 
signature of a decision-rule, not representation, problem. 

Figures 2-4 tell a coherent story. The multi-task training 
loss decreases smoothly (Figure 2), and validation ROC-
AUC rises from about 0.77 to a peak near 0.886 (Figure 3), 
indicating that the model learns a genuinely discriminative 
representation: it ranks malignant and benign cases well. Yet 
validation accuracy at the default 0.5 threshold stays pinned 
near 0.27, almost exactly the malignant-class fraction 
(Figure 4). This is the diagnostic signature of a miscalibrated 
decision rule rather than a failed representation: the network, 
pushed by class-weighted focal loss and heavy 
MixUp/CutMix, places its softmax operating point such that 
argmax assigns nearly all cases to one class, even though the 
underlying probabilities separate the classes well (high 
AUC). We report this behaviour explicitly because it is both 
a real limitation of the pipeline as configured and an 
instructive, generalizable lesson about imbalanced small-
data training. 
 2) Test-Set Performance and the Effect of 
Calibration 

Decision 
rule 

Accuracy Balanced 
accuracy 

Weighted 
F1 

ROC-
AUC 

Default 
threshold 
(0.5 / 
argmax) 

26.9% 50.0% 0.114 0.836 

Validation-
calibrated 
(t* = 0.33) 

73.1% 74.1% 0.744 0.836 

Table II. Test-set performance before and after validation-
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set threshold calibration (n = 156). AUC is unchanged 
because no weights are modified. 

 
Fig. 5. Default vs. calibrated decision rule across accuracy, 
balanced accuracy, and F1. 

 
Fig. 6. Test-set accuracy and balanced accuracy as a 
function of decision threshold; the validation-selected t* 
(red) sits far from the default 0.5 (gray). 

 
Fig. 7. Test-set ROC curve (AUC = 0.836), summarizing the 
model's threshold-independent ranking ability. 

Table II quantifies the effect. At the default threshold the 
model reaches only 26.9% accuracy with 50.0% balanced 
accuracy; it predicts every test case as malignant (see 
confusion matrix, Figure 8) despite a test AUC of 0.836. 
Selecting t* = 0.33 on the validation set and applying it to 
the test set raises accuracy to 73.1%, balanced accuracy to 

74.1%, and weighted F1 to 0.744, with AUC unchanged by 
construction. Figure 6 shows why: accuracy as a function of 
threshold is highly peaked, and the default 0.5 lies on its 
collapsed shoulder, whereas the validation-selected t* lands 
near the joint accuracy/balanced-accuracy optimum. This is 
the central empirical result: the representation was adequate 
throughout, and a single leakage-free calibration step 
converts strong ranking into usable decisions. 
 3) Per-Class Behaviour and Deviation 
Visualization 

 
Fig. 8. Confusion matrix at the default threshold: all 156 test 
cases predicted malignant (complete collapse). 

 
Fig. 9. Confusion matrix after calibration: benign and 
malignant cases are now separated. 

Class Precision Recall F1 
Malignant 0.500 0.762 0.604 
Normal / benign 0.891 0.719 0.796 

Table III. Per-class test metrics after calibration. 
After calibration (Figure 9, Table III), the model correctly 

identifies 32 of 42 malignant cases (recall 0.76) and 82 of 
114 benign cases (recall 0.72), a clinically-meaningful 
improvement over the collapsed default in which malignant 
recall was trivially 1.0 only because everything was called 
malignant. The relatively high malignant recall at the 
calibrated point is favorable for a screening-triage setting, 
where missing a malignancy is costlier than a false alarm, 
though the modest malignant precision (0.50) indicates 
substantial over-referral that a larger training budget and a 
threshold tuned to a clinical cost ratio would need to address. 
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Figure 10 shows a qualitative example: the synthesized 
pseudo-modalities, the reconstructed expected-health twin 
channels, and the resulting deviation map, illustrating the 
interpretable intermediate representations the architecture 
produces. 

 
Fig. 10. Qualitative biological-twin output: input 
ultrasound, three synthesized pseudo-modalities, four 
reconstructed expected-health channels, and the aggregated 
deviation map, with true and predicted labels. 
IV. COMPARISON WITH RECENT WORKS 

Direct numeric comparison across breast-ultrasound 
studies is confounded by different datasets (BUSI, BUS-
UCLM, UDIAT, BreastMNIST), different class setups 
(binary vs. three-class, mass-only vs. including normal), 
image resolutions, and evaluation protocols. Reported 
accuracies in the high-eighties to high-nineties [1], [5], [6], 
[18] are typically obtained on higher-resolution native BUSI-
family images, often with ensembles and full training 
budgets, and sometimes with mask guidance. Our result was 
obtained on the deliberately low-resolution 128×128 
BreastMNIST under a reduced, CPU-only 9-epoch budget, 
so it is not directly comparable, and we do not claim state-
of-the-art accuracy. Table IV frames the comparison 
honestly along methodology and reported-setting axes rather 
than as a single leaderboard number. 

System Dataset / 
setting 

Key idea Repor
ted 
headli
ne 

Comparab
ility to ours 

HED-
Net [1] 

BUSI/BUS
-
UCLM/UD
IAT, full 

3-CNN 
ensemble + 
XAI 

~88-
97% 
acc 

Higher-res, 
ensemble, 
full budget 

ViT 
ensembl
e [4] 

BUSI, full ViT-
Base/DeiT/
ViT-Small 

High 
multi-
class 
acc 

Higher-res, 
full budget 

Late-
fusion 
[5],[6] 

Multi-
dataset 

CNN + 
handcrafte
d fusion 

~83-
91% 
F1 
(mask-
guided
) 

Different 
protocol 

Efficient
Net 
transfer 
[14]-
[18] 

Mammo/hi
sto 

EfficientNe
t fine-
tuning 

~95% 
acc 
(mam
mo) 

Different 
modality/da
taset 

CBTI-
COS++ 
(ours) 

BreastMNI
ST 128px, 
9 ep, CPU 

Deviation-
twin + 
calibration 

73.1% 
acc, 
0.836 
AUC 

Low-res, 
reduced 
budget (this 
study) 

Table IV. Honest methodological comparison; headline 
numbers come from different datasets/protocols and are not 
directly comparable. 

Within these constraints, two comparative points are 
defensible. First, the deviation-twin design produces 
interpretable intermediate artifacts (expected-health 
channels and a deviation map, Figure 10) that direct-
appearance classifiers [1], [4] do not, aligning with the 
interpretability emphasis of recent work such as HED-Net's 
SHAP/Grad-CAM analysis [1]. Second, and more 
importantly as a transferable contribution, our explicit 
decision-threshold calibration analysis (Figures 4, 6; Table 
II) exposes and repairs a failure mode—high AUC with 
collapsed argmax accuracy on an imbalanced set—that many 
breast-imaging papers do not report on; making this step 
explicit is a methodological improvement in evaluation 
hygiene regardless of the absolute accuracy achieved under 
our reduced budget. 
V. CONCLUSION AND FUTURE WORK 

 A. Summary of Contributions 
This paper presented CBTI-COS++, a deviation-twin 

classifier for breast ultrasound that synthesizes four pseudo-
modality channels from a single image, reconstructs an 
expected-health biological twin with a pretrained 
EfficientNet-B0 encoder, and classifies from an explicit 
deviation tensor using a robust training stack. Executed end-
to-end on BreastMNIST, the model achieved a strong test 
ROC-AUC of 0.836. In doing so, it revealed a decision-
calibration failure mode—26.9% accuracy at the default 
threshold despite that AUC—which a single leakage-free 
validation-set threshold calibration corrected to 73.1% 
accuracy and 74.1% balanced accuracy without altering any 
learned weights. The transparent documentation of this 
collapse-and-repair is, we argue, as valuable as the 
architecture itself. 

 B. Limitations and Future Work 
The reduced-compute configuration is the principal 

limitation: training used 128×128 inputs, batch size 8, and 
only 9 completed epochs on CPU, well short of the reference 
224×224 / 35-epoch design; the reported numbers are a floor, 
not the method's ceiling, and the aspirational ~88% accuracy 
in the reference code was not reproduced under these 
constraints. Future work includes full-budget training on 
GPU at 224×224 for the reference 35 epochs, with multi-seed 
runs and confidence intervals, to establish the method's true 
performance ceiling and stability. 
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APPENDIX A: REPRODUCIBILITY AND IMPLEMENTATION NOTES 
All results were produced by executing the CBTI-COS++ pipeline 

on the public BreastMNIST dataset (downloaded via the 
medmnist package at 128×128 resolution). The 
environment was CPU-only with ~4 GB RAM; 
consequently, the run used input size 128, batch size 8, 
and completed 9 epochs before the compute budget was 
reached, versus the reference configuration of 224×224, 
batch 32, and 35 epochs. A deprecated resampling alias 
in the original sketch was updated for compatibility with 
current library versions; this is a syntactic fix that does 
not affect model logic. The decision threshold t* = 0.33 
was selected solely on the 78-image validation split by 
maximizing balanced accuracy and then applied 
unchanged to the 156-image test split, so no test-set 
information influenced calibration. The ROC-AUC of 
0.836 is threshold-independent and identical before and 
after calibration. Every figure (Figures 1-10) and every 
number in Tables II-IV was generated by this executed 
run; no metric was fabricated, extrapolated, or copied 
from the reference code's aspirational comments. The 
trained checkpoint, per-epoch h

istory, and metrics JSON are provided alongside this manuscript. 


