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Abstract. Ultrasound report generation (US-RG) can ease sonogra-
phers’ documentation burden, but it is a challenging task. Practical clin-
ical deployment requires US-RG lightweight models, but progress is con-
strained by the scarcity of open-source ultrasound image-text datasets.
Under these low-data and resource constrained conditions, we study how
the choice of a lightweight US-RG model’s pretrained initialisation and
component-level (vision/language model) finetuning affects how it per-
forms on multi-anatomy datasets. Our findings suggest that: (i) domain-
specific ultrasound pretraining may not be necessary for lightweight US-
RG as general biomedical initialisation and an initialisation from web-
scale pretraining perform comparably; (ii) given the limited data, scaling
the model yields little gains, whereas parameter-efficient adaptation of
both the vision and language model is more promising; (iii) task-specific
finetuning irrespective of the initialisation source weights outperforms
zero-shot evaluation and (iv) lightweight models suitable for on-device
deployment can be used for US-RG, but the gap between the semantic
similarity and accurate identification of clinically relevant findings shows
the need for methods that improve clinical factuality.

Keywords: Ultrasound · Lightweight models · Transfer learning.

1 Introduction

Ultrasound (US) is used in patient evaluation globally, but translating an exam
into a report is a challenge. Studies [1,4,18] suggest that US report writing is an
obstacle for sonographers, who frequently report difficulties in effectively com-
municating their findings. Automated report writing may reduce the burden of
clinical documentation. Le et al. [8] shows that US-RG is one of the most difficult
ultrasound understanding tasks when evaluating 23 closed, open, and medical-
specific vision language models (VLMs), including GPT-4o, MedGemma-4B-it,
⋆ Corresponding author.
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and Qwen-2.5-VL-72B-Instruct, under zero-shot settings. The best-performing
model achieved less than 7.5% BLEU-4. They observed that performance does
not consistently improve with increasing model size, as smaller architectures can
at times outperform larger ones, suggesting that targeted training may be more
beneficial than simply increasing scale, but this hypothesis was not evaluated
experimentally. This finding leaves the operative question for model deployment
unanswered: if scale is not the primary driver, then how capable can a small,
domain-adapted VLM become at US-RG, and which factors most strongly de-
termine its performance? Does specificity help monotonically, and at what level
of granularity does domain knowledge provide measurable benefit? This ques-
tion is addressed in this work, motivated by its practical relevance in resource
constrained settings (RCS), where bedside point-of-care ultrasound (POCUS)
systems commonly rely on smartphones or tablets with at least 4GB of RAM
and typically up to 12GB [17], thereby requiring lightweight VLMs.

Motivated by the findings of Le et al. [8], we investigate how task-specific
finetuning (targeted training) can be more effective than increasing model scale
by isolating the effects of ultrasound-specific, general biomedical, and large-scale
web knowledge priors. Specifically, we study the effect of initialisation source and
component-level (vision/language model) tuning for US-RG in a sub-billion pa-
rameter VLM, evaluated on clinical metrics and natural language generation
(NLG) metrics. Our findings suggest that (i) domain-specificity (ultrasound-
specific pretraining) may not be necessary for model performance improvement
in lightweight US-RG models; (ii) given the limited US dataset size, increas-
ing model scale, does not guarantee performance gains, rather improving the
parameter-efficient adaptation method on both the vision model and language
model (LM) may be more promising; (iii) task-specific finetuning irrespective
of the initialisation source weights outperforms zero-shot evaluation; and (iv)
lightweight models are suitable for on-device deployment, but the gap between
semantic similarity evaluation scores and accurate identification of clinically rel-
evant findings shows the need for methods that improve clinical factuality.

2 Previous Work

Some early text generating methods for US proposed CNN/transformer encoder-
decoders with knowledge distillation [9], CLIP-GPT [25], GAN (generator, dis-
criminator, and clinical-style evaluator) [24], and curriculum learning [2]. Recent
work scales to multimodal LLMs and mixtures-of-experts at 3-11B parameters
[11,19,22]. However, they mostly do not study the direct relevance of edge-
eployment. Prior studies have examined transfer learning and initialisation in
the context of representation learning, classification, segmentation, and visual
question answering [3,7,12,20,23]. Although these works show the importance of
domain-adaptive pretraining and efficient adaptation strategies for discrimina-
tive tasks, our contribution is testing whether this survives in generative US-RG.
Li et al. [10], surveys VLM adaptation and generalisation methods with the dis-
cussion largely centered on natural computer vision rather than medical imaging.
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Ma et al. [15] proposes a compact foundational model for diagnostic classification
and anatomical segmentation across 15 US organs, while Saeed et al. [21] devel-
oped a distillation framework to compress a fetal US foundation model for mobile
deployment. However, both studies focus on classification, image-text similarity,
and retrieval tasks rather than generating free-form diagnostic reports.

3 Methodology

Our objective is to investigate how a lightweight VLM’s specialisation (its pre-
training data), influences its performance on US-RG under RCS. We formu-
late the study as a controlled empirical evaluation over four factors: (i) initial-
isation source, (ii) component-wise finetuning strategy, (iii) model scale, and
(iv) target anatomy. We denote the initialisation source by I ∈ I, where I =
{U,G,W,R}, here U denotes ultrasound-specific pretraining, G denotes general
biomedical pretraining, W denotes initialisation from large-scale web pretrain-
ing, and R denotes random initialisation. The component-wise finetuning strat-
egy S ∈ S specifies whether the vision encoder and LM are fully finetuned,
adapted using parameter-efficient finetuning (LoRA), or kept frozen, with I,
as the model’s starting weights. Model scale is varied over 256M, 500M and
2.2B parameters, while the evaluation anatomies are based on A ∈ A, where
A = {liver, thyroid, breast, combined} and the combined setting contains data
from all three anatomies. We focus our main experiments (Emain) based on,

Emain = {M1 × {U,G,W,R}, M2 × {U,G,W}, M3 × {U,G,W}}.

Here, M1 corresponds to full finetuning of both vision and language components,
M2 to LoRA finetuning of both components, and M3 to full finetuning of the
vision encoder with LoRA adaptation of the LM.

Task Formulation. Given a US image x and a fixed instruction prompt p,
the objective of US-RG is to generate a clinical report y. We formulate this as a
supervised finetuning problem, where the model is trained using the autoregres-
sive next-token cross-entropy objective. To study the factors influencing model
performance, each experimental configuration is defined by the tuple (I, S,A).

Lightweight Model. We use the SmolVLM [16] family of models for all
experiments due to its emphasis on efficiency under RCS. SmolVLM is available
in three model sizes (256M, 500M, and 2.2B parameters). Our primary experi-
ments focus on the 256M variant, as its compact footprint makes it well suited
for deployment on handheld POCUS systems, requiring less than 1GB of GPU
memory during inference for the model and occupying under 600MB of disk
storage. The larger 500M and 2.2B variants are included to assess the effect
of model scale. Architecturally, the 256M model combines a 93M SigLIP-B/16
vision encoder with the 135M SmolLM2 LM, and the MLP projection.

Model Initialisation. We compare four model initialisations that differ in
their pretraining data. The general biomedical initialisation (G) uses BIOMED-
ICA [13]’s SmolVLM-256M checkpoint4, which is pretrained on more than 24
4 https://huggingface.co/BIOMEDICA/BMC-smolvlm1-256M
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million image-caption pairs extracted from 6 million articles in the PubMed
Central Open Access subset. The dataset spans medical imaging modalities,
including X-ray, CT, electrocardiography, microscopy, and others, making it a
general-purpose biomedical initialisation. Our ultrasound-specific initialisation
(U ) is based on the US-365K dataset [6], which contains about 365 thousand ul-
trasound image–text pairs covering 52 anatomical regions. As we could not find
any publicly available SmolVLM-256M checkpoint pretrained exclusively on US
data, we performed this stage of pretraining using the US-365K dataset and refer
to the resulting checkpoint as SmolUS. We publicly release this checkpoint for
broader research use. The web-scale initialisation (W ) corresponds to the orig-
inal SmolVLM-256M [16] checkpoint, which is pretrained on diverse web-scale
datasets spanning image captioning, document understanding, chart interpreta-
tion, reasoning, and mathematical tasks. Finally, the random initialisation (R)
uses randomly initialized weights (without any pretraining).

Experimental Set-up. We conduct our study on the Chinese US Report
Dataset [9], using about 3,513 breast, 2,458 thyroid, and 1,394 liver patient-
level datasets. To the best of our knowledge, it is currently the only fully open
sourced task-specific dataset for US-RG. Since the reports are originally written
in Chinese, we use the English translation5 by Lyu et al. [14]. We perform patient-
level splitting using a 7:1:2 ratio for training, validation, and testing. We report
BLEU 1–4, ROUGE-L, and BERTScore-F1 (for semantic similarity). To evaluate
clinical performance, we use the clinical-efficacy (CE) metrics introduced by Li
et al. [9], which assess the presence of clinically relevant findings rather than
textual similarity. Each predefined clinical keyword is assigned a binary label
indicating whether it appears in the report, this converts the evaluation to a
multi-label classification task, enabling the calculation of accuracy, precision,
recall, and F1-score. We use the same clinical keywords as in [9]; CE-accuracy
measures exact clinical keyword set matching. All experiments are conducted
on Google Colab using NVIDIA L4 GPU (24GB VRAM). Our SmolUS is the
only exception, which is pretrained on Google Colab NVIDIA A100 GPU (40GB
VRAM). Our code and and model checkpoints are available at this repository.

4 Results

We present our main US-RG performance results in Table 1, evaluated across all
anatomies (breast, thyroid, liver, and the combined setting) and all model ini-
tialisation strategies G, W, U and R. Table 1 and Figure 1 show that on average
G, W and U initialisations achieved comparable results across the NLG and the
clinical metrics, and no single initialisation consistently performed best across all
the anatomies. On average (Figure 1, left), BERTScore-F1, ROUGE-L, BLEU-4,
CE-F1 across the initialisations G, W and U mostly differ within 1% difference,
and by 2.6% on CE-accuracy; with U attaining 31.5. In contrast, in Table 1,
the randomly initialized model (R) under M1 consistently underperformed all
pretrained counterparts. For example, on the breast dataset, its CE-accuracy
5 https://github.com/TongxinWang0405/BMI702_project

https://github.com/sharonchokuwa/smolus-rg
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Table 1: US-RG results when finetuning across all anatomies and initialisations
G, W, U for M1, M2 and M3, and additionally R for M1. Config.= configuration.

NLG metrics ↑ CE metrics ↑

Config. BLEU–1 BLEU–2 BLEU–3 BLEU–4 ROUGE-L BERTScore Accuracy Precision Recall F1-Score

B
re

as
t

M1G 53.37 45.22 39.66 35.51 50.59 85.09 19.27 79.69 78.69 79.19
M1W 53.82 45.80 40.36 36.27 51.43 85.41 18.35 79.05 80.13 79.59
M1U 51.51 43.61 38.26 34.28 50.00 84.37 19.42 78.96 76.14 77.52
M1R 39.35 30.93 25.03 20.60 35.74 77.57 0.28 82.55 52.32 64.05
M2G 58.53 52.65 48.57 45.50 62.27 88.84 44.95 85.34 87.81 86.56
M2W 58.01 52.12 47.99 44.86 61.54 88.69 43.95 85.39 87.14 86.26
M2U 59.37 53.16 48.83 45.54 61.25 88.44 42.03 84.25 87.11 85.66
M3G 58.25 52.36 48.25 45.15 62.51 89.09 46.44 86.26 87.75 87.00
M3W 57.80 52.01 47.96 44.91 62.27 89.03 47.30 86.22 88.28 87.24
M3U 57.10 50.05 45.17 41.51 55.72 86.93 29.37 79.83 84.79 82.24

T
hy

ro
id

M1G 57.00 49.66 43.92 39.44 57.59 87.27 11.91 82.30 85.22 83.74
M1W 58.63 51.14 45.28 40.69 58.10 87.48 10.59 82.05 85.92 83.94
M1U 58.23 50.64 44.66 40.00 57.53 87.35 9.47 81.17 86.41 83.71
M1R 49.49 40.75 33.92 28.57 44.97 81.30 1.02 77.91 76.30 77.10
M2G 64.13 55.65 49.40 44.49 59.50 87.53 22.00 82.17 91.30 86.49
M2W 64.45 56.14 50.03 45.23 60.87 87.77 23.01 82.97 90.67 86.65
M2U 61.92 54.12 48.27 43.66 59.55 87.64 16.09 81.79 89.15 85.32
M3G 60.09 52.60 46.84 42.30 58.92 87.84 14.56 81.29 89.09 85.01
M3W 59.54 51.56 45.73 41.10 56.87 86.03 17.11 80.59 90.67 85.34
M3U 58.48 50.29 44.37 39.73 56.94 85.61 19.04 79.83 92.62 85.75

L
iv

er

M1G 40.58 28.83 21.14 16.25 37.59 80.75 15.59 74.47 71.98 73.20
M1W 41.56 30.12 22.49 17.64 37.39 81.40 10.75 70.33 72.19 71.25
M1U 43.12 32.02 24.61 19.60 39.48 82.08 13.44 71.09 77.38 74.11
M1R 20.96 14.41 9.89 7.19 24.83 68.22 5.02 99.11 29.61 45.60
M2G 47.12 38.13 32.48 28.95 48.17 85.92 33.33 77.26 77.01 77.14
M2W 55.60 47.52 42.48 39.37 55.39 87.52 38.71 79.15 73.57 76.26
M2U 49.28 40.60 35.16 31.73 50.32 86.34 34.41 78.28 74.26 76.22
M3G 51.09 43.47 38.79 35.96 53.86 87.19 39.61 80.96 72.30 76.39
M3W 50.07 41.66 36.45 33.26 51.52 86.64 38.71 80.07 72.78 76.25
M3U 52.18 44.66 40.03 37.21 55.14 87.47 40.14 80.90 72.03 76.21

C
om

b
in

ed

M1G 48.95 41.28 35.86 31.85 49.36 84.40 32.79 71.02 68.49 69.73
M1W 52.36 44.97 39.71 35.79 53.57 86.18 42.57 73.69 70.43 72.02
M1U 47.32 40.30 35.34 31.65 51.27 85.30 34.52 69.33 66.12 67.69
M1R 36.77 27.36 20.94 16.39 27.30 74.50 7.94 54.35 22.36 31.69
M2G 58.16 52.21 47.92 44.68 63.92 89.55 60.15 83.89 77.80 80.73
M2W 59.19 53.11 48.73 45.44 64.03 89.51 61.47 84.56 78.34 81.34
M2U 58.90 52.74 48.29 44.94 63.21 89.18 58.83 82.38 78.02 80.14
M3G 58.14 52.33 48.12 44.95 64.41 89.72 61.74 85.10 78.31 81.57
M3W 57.03 50.43 45.75 42.23 60.43 88.47 56.55 80.88 76.25 78.50
M3U 57.91 52.00 47.69 44.45 63.47 89.37 60.66 84.72 78.04 81.24

Run-to-run variability — mean ± std over 3 seeds

T
hy

ro
id M1G 57.66 ±0.92 50.09 ±0.66 44.22 ±0.49 39.66 ±0.37 57.36 ±0.21 87.16 ±0.10 10.93 ±1.14 81.87 ±0.39 85.54 ±0.93 83.66 ±0.37

M2G 63.51 ±0.58 55.19 ±0.45 49.03 ±0.37 44.18 ±0.30 59.41 ±0.08 87.50 ±0.10 20.06 ±1.69 81.96 ±0.23 90.48 ±0.87 86.01 ±0.45

M3G 60.75 ±1.63 53.11 ±1.06 47.39 ±0.82 42.91 ±0.72 59.99 ±1.20 88.02 ±0.49 19.48 ±4.42 83.05 ±1.60 88.91 ±0.77 85.87 ±0.75

was only 0.28, compared with 18.35-19.42 across the pretrained initialisations.
Averaged across all anatomies, the LoRA-based strategies (M2 and M3) outper-
formed full finetuning (M1), while performing similarly to each other (Figure 1,
right). For example, the average CE-accuracy increased from 19.9 for M1 to
39.9 and 39.3 for M2 and M3, respectively. In Table 1, CE-accuracy spanned
the widest range across all datasets, from 0.28 on the breast dataset under M1

to 61.74, on the combined anatomy dataset under M3. Across anatomies, liver
achieved the lowest NLG performance, thyroid the lowest CE-accuracy (23.01),
while the combined setting achieved the highest CE-accuracy (61.74). To keep
the experimental budget manageable, we ran a subset of the experiments 3 times
on the thyroid dataset over M1, M2 and M3 as shown in Table 1, and we ob-
serve that the run-to-run variability of the results is mostly less than 1.7%, only
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Fig. 1: (Left) Comparison of using initialisation G, W and U averaged over
M1,M2 and M3 and all anatomy settings. (Right) Comparison of finetuning
strategy M1, M2 and M3 averaged over G, W and U and all anatomy settings.

Table 2: Example of qualitative results with clinical keywords highlighted.
Liver Image Reference Generated ( hit / miss ) Scores

The shape of the liver was slightly plump,
the capsule was smooth, the echo of the
parenchyma was finely enhanced, the echo of
the liver and kidneys was contrast-enhanced,
and the portal vein system was not clearly
displayed.

The liver was plump in shape, with a smooth
capsule , dense and enhanced echoes in the
parenchyma, unclear display of the portal ve-
nous system, and enhanced contrast in the
echoes of the liver and kidneys.

Missed: vein

BLEU–4: 9.69
ROUGE-L: 29.91
BERTScore: 83.68
CE-Acc: 0.0
CE-F1: 85.71

the CE-accuracy shows the highest variability of 4.42 for M3G. A sample of the
qualitative results is shown in Table 2. Table 3 shows the 256M model achieved
the highest CE-accuracy across most anatomy settings, including a margin of
over 5% and 8% over the 500M and 2.2B, respectively, on the thyroid dataset.
Only in the combined anatomy setting did the 2.2B model perform better by
just over 2%. For 256M, we measure the CPU inference latency on the Google
Colab’s free tier as a lightweight proxy. End-to-end generation ranges from 9s
(44 tokens) to 15s (121 tokens), which is ∼5-8tokens/s. We report this only as a
relative, platform-inclusive proxy.

5 Discussion

Effect of increasing domain specificity. Figure 1 shows that across the three
finetuning methods M1,M2 and M3, the choice of initialisation has relatively low
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Table 3: Model scale performance variation under M2G. Top row per anatomy
is the 256M result (M2G in Table 1); subsequent rows give the change (∆) at
500M and 2.2B. Negative red values mean scaling reduces performance.

Anatomy Scale BLEU-4 ROUGE-L BERTScore CE-Acc. CE-F1

Breast
256M 45.50 62.27 88.84 44.95 86.56
∆500M +0.33 −1.32 −0.38 −3.06 −0.58
∆2.2B −0.03 +0.07 +0.12 −0.50 −0.02

Thyroid
256M 44.49 59.50 87.53 22.00 86.49
∆500M −3.18 +0.23 +0.51 −5.40 −2.42
∆2.2B −1.36 +0.08 +0.38 −8.55 −1.64

Liver
256M 28.95 48.17 85.92 33.33 77.14
∆500M +2.19 +0.23 −0.03 −2.15 −0.80
∆2.2B −5.29 −5.25 −1.59 −6.63 −2.74

Combined
256M 44.68 63.92 89.55 60.15 80.73
∆500M +0.09 −0.27 −0.38 −0.27 +0.08
∆2.2B −0.18 +0.64 +0.18 +2.07 +1.03

influence on US-RG performance. This could be likely due to ultrasound-specific
pretraining mainly benefiting the visual feature learning, whereas the US-RG
task is bottlenecked by the clinical text which is highly structured, repetitive
and conforms to templated reports. Therefore, once the model is finetuned on
in-domain clinical reports, much of this language-specific knowledge is learned
regardless of the visual knowledge priors, and all models appear to converge
to similar solutions. From a practical perspective, this suggests that readily
available biomedical checkpoints or natural web-scale checkpoints may offer a
competitive alternative when the ultrasound-specific pretrained models are un-
available. This may be beneficial in ultrasound research since open sourced data
is very scarce. Random initialisation performs worse than the pretrained alter-
natives; however, Fig. 2, shows that additional training significantly improves
the randomly initialized model, implying that much of the gap may arise from
slower model convergence rather than insufficient learning capability. Therefore,
given enough training steps, the model trained from scratch partly catches up,
but pretrained initialisation converge much faster. This observation is consistent
with He et al. [5]’s finding on CNNs when pretrained using ImageNet.

Effect of component-level adaptation strategies. Across M1, M2 and
M3, we observe that the adaptation strategy has a larger influence on the US-RG
performance compared to the initialisation source. LoRA-based adaptations (M2

and M3) outperform full finetuning (M1) across all the anatomies under study,
possibly because updating fewer low-rank parameters helps preserve the useful
pretrained cues, while reducing overfitting on the relatively small US datasets. A
broader ablation comparison across M1-M9 (Fig. 3) when evaluated on the thy-
roid dataset shows that generally M2, which LoRA finetunes both components
performs the best on CE-accuracy.

Effect of targeted training. Table 4 shows that all finetuning methods
across all the initialisation sources outperform the zero-shot evaluation by huge
margins, indicating that task-specific adaptation is necessary for effective US-
RG. The cross-task evaluation results in Table 5 reinforces this observation:
for example, a model finetuned exclusively on the breast dataset and evaluated
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Fig. 3: Ablation study: Comparing finetuning strategies from M1 to M9, when
evaluated on the thyroid dataset. The values are average performances over G, W
and U initialisation. The definitions of M4 to M9 as pairs of vision encoder/LM
finetuning methods are as follows: M4: Frozen/LoRA, M5: LoRA/Frozen, M6:
Full/Frozen, M7: Frozen/Full, M8: LoRA/Full and M9: Frozen/Frozen.

on the thyroid dataset still performs considerably better than the frozen model
evaluated on the thyroid dataset. This suggests that finetuning on the same task,
learns transferrable report generation capabilities, although in general, the low
clinical performance indicate that clinical factuality remains an open challenge.

Effect of model size. With only 1-3K patient-level single-anatomy training
samples, the larger models seem undertrained relative to their capacity and
overfit the small label distribution, thus the 256M model performs better on
CE-accuracy. The benefits of the 2.2B model capacity on CE-accuracy arise
only in the combined setting, where the data signal is increased (Table. 3).

Limitations. We focus on US-RG; therefore, the extent to which the ob-
served initialisations and adaptation trends generalize to other US understand-
ing tasks remains to be investigated. We use the English-translated dataset by
Lyu et al. [14] while the original dataset was released in Chinese [9]. This allows
standardized evaluation but may introduce subtle lexical variations. Extending
the evaluation to the original Chinese reports represents a future direction.

6 Impact in RCS

Our findings suggest directions for future work in RCS. Comparable performance
across initialisation sources suggests that, given the scarcity of open-sourced
US data, the US-specific pretraining may not always be necessary for perfor-
mance improvement in lightweight US-RG models. Increasing model scale does
not guarantee performance gains rather improving the parameter-efficient adap-
tation method may be more rewarding. In-domain targeted training regardless of
the initialisation source weights outperforms zero-shot evaluation. Lightweight
US-RG models are practical for edge deployment, but further work is needed
first to improve clinical-efficacy accuracy.
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Table 4: Improvement over zero-
shot: ∆ = (finetuned) − (frozen M9)
for the same initialisation, averaged
over M1,M2,M3. Comb.=combined,
Init.=initialisation.

NLG ↑ CE ↑

Dataset Init. BLEU-4 ROUGE-L BERT-F1 Acc. F1

B
re

as
t G +41.68 +45.82 +21.25 +36.89 +51.87

W +42.01 +50.96 +24.22 +36.53 +76.75
U +40.44 +47.34 +18.56 +30.27 +51.20

T
hy

ro
id G +38.77 +41.95 +19.65 +16.16 +48.16

W +41.77 +51.29 +23.07 +16.90 +59.07
U +41.06 +50.66 +17.67 +14.87 +74.14

L
iv

er

G +26.45 +30.08 +19.10 +27.18 +35.03
W +29.69 +31.96 +20.04 +29.03 +37.12
U +29.51 +37.51 +15.27 +28.43 +39.17

C
om

b. G +39.63 +46.38 +22.47 +51.29 +68.90
W +40.67 +47.90 +23.30 +53.36 +67.94
U +40.28 +50.70 +19.69 +50.21 +69.69

Table 5: Cross-task evaluation. How a
model trained on one anatomy per-
forms when evaluated on another.
Thyroid→thyroid and Breast→breast
imply on-task evaluation averaged over
M1/M2/M3, Zero shot uses M9.

NLG ↑ CE ↑

Setting Init. BLEU–4 ROUGE-L BERT-F1 Acc. F1

Zero-shot→thyroid G 3.30 16.73 67.90 0.0 36.92
W 0.58 7.32 64.02 0.0 26.24
U 0.07 7.34 69.19 0.0 10.79

Breast→thyroid G 15.21 35.77 80.40 0.31 61.05
W 15.18 35.90 80.38 0.41 62.64
U 17.05 34.90 79.46 0.41 64.91

Thyroid→thyroid G 42.07 58.67 87.55 16.16 85.08
W 42.34 58.61 87.09 16.90 85.31
U 41.13 58.01 86.87 14.88 84.92

Breast→breast G 42.05 58.46 87.67 36.90 84.25
W 42.01 58.41 87.71 36.53 84.36
U 40.44 55.66 86.58 30.28 81.81
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