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Abstract19

Foundation models for medical imaging are pretrained on increasingly large20

datasets following a “scale-at-all-costs” paradigm, although medical corpora21

often contain substantial redundancy, class imbalance and heterogeneous data22

quality. Here we investigate whether selective data curation can reduce the23

data and computational requirements of chest X-ray (CXR) vision-language pre-24

training. We introduce CheXficient, which leverages representation-guided data25

curation to prioritize informative and important image-report pairs. CheXfi-26

cient is pretrained using 22.7% of 1,235,004 paired CXR images and reports and27

under 27.3% of the total compute budget, yet maintains strong performance28

relative to full-data pretraining and remains competitive with other large-scale29

pretrained models. We assess CheXficient across 20 individual benchmarks span-30

ning 5 task types, including non-adapted off-the-shelf evaluations (zero-shot31
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findings classification and cross-modal retrieval) and adapted downstream tasks32

(disease diagnosis, semantic segmentation, and radiology report generation).33

Further analyses show CheXficient systematically prioritizes under-represented34

training samples, improving generalizability on long-tailed or rare thoracic con-35

ditions. These findings support selective data curation as a practical strategy for36

resource-efficient development of medical foundation models.37

Keywords: Foundation models, medical data, efficient learning, CXR interpretation.38

1 Introduction39

Medical foundation models have emerged as a powerful paradigm for building general-40

purpose artificial intelligence systems in healthcare, offering a unified framework for41

learning transferable representations from massive medical data [1, 2]. In medical42

imaging, such models have shown strong performance across diverse specialties, includ-43

ing radiology [3], pathology [4], dermatology [5], and ophthalmology [6], with the44

potential to support a wide range of clinically relevant downstream tasks. Typically,45

medical foundation models are pretrained on broadly collected large-scale datasets46

(e.g., chest X-rays and associated free-text radiology reports [7], figures with captions47

from scientific articles [8, 9], and social media posts [10]) to acquire highly generaliz-48

able representations, which can then be adapted to specific clinical applications using49

comparatively limited task-specific annotations [11].50

Despite these promising achievements, the reliance on large-scale medical datasets51

presents significant practical challenges that limit the feasibility and sustainability of52

medical foundation models in real-world clinical settings. In practice, retrospective53

archives, data-sharing initiatives, and web-sourced medical content have made large-54

scale medical datasets increasingly accessible [12]. For example, the global volume55

of chest radiography continues to grow, with an estimated annual addition of over56

1.4 billion chest X-ray examinations [13]. However, standard pretraining approaches57

that blindly train on all available data face two critical inefficiencies. First, medical58

datasets often exhibit high redundancy and severe class imbalance [14], e.g., normal59

findings and common pathologies dominate while rare but clinically important condi-60

tions are under-represented, biasing representation learning toward over-represented61

patterns. Second, exhaustive training on millions of samples without accounting62

for heterogeneity in data quality incurs prohibitive computational burden [2] (e.g.,63

RadFM [15] trained on 16M radiology scans using 32 NVIDIA A100 GPUs for weeks;64

MedGemma [16] trained on 33M medical image-text pairs using industrial-scale com-65

putational resources accumulating thousands of TPU-hours), creating substantial66

barriers for academic and clinical institutions with limited resources.67

These challenges motivate exploring data-centric alternatives to pursuing ever-68

larger datasets, where the quality, composition, and utilization of training data are69

considered alongside dataset scale. Recent advances in machine learning suggest that70

optimizing which data are utilized for training can be more influential than simply71

increasing how much data is used [17]. A growing body of work [17–19] shows that72
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training samples differ markedly in their contribution to representation learning: some73

examples are highly informative, while others provide little benefit or can even hinder74

optimization [20]. Nevertheless, standard foundation model pretraining approaches75

typically treat all data points as equally valuable, overlooking substantial differences76

in informativeness, representativeness, relevance, or diversity. This insight has driven a77

shift toward data curation or selection strategies, in which compact, high-value subsets78

are selectively emphasized and employed for training. Empirical evidence [18, 20, 21]79

outside the medical domain demonstrates that models trained on carefully curated80

datasets can match or even surpass the performance of those trained on much larger81

corpora, challenging the long-standing assumption that generalization ability scales82

predominantly with dataset size. This data-centric perspective is particularly relevant83

to medical imaging, where data distributions are highly imbalanced across normal84

findings, rare pathologies, and acquisition protocols. Treating all training samples85

uniformly can therefore be computationally inefficient and bias representation learn-86

ing toward over-represented patterns. These observations raise a central question:87

can medical foundation models still maintain strong performance while substantially88

reducing data and computational requirements through strategic data curation?89

In this work, we introduce CheXficient, which uses representation-guided data90

curation to improve data and computation efficiency in chest X-ray (CXR) vision-91

language pretraining. As shown in Figure 1(a), CheXficient incorporates a prototype-92

driven data curator during the early pretraining stage, built within a contrastive93

language-image pretraining (CLIP [23]) framework. A set of evolving prototypes (i.e.,94

prototypical centroids) [24, 25] is leveraged to characterize the current multimodal95

representation space, enabling prioritization of informative CXR image–report data96

pairs for model optimization. To be concrete, training samples that lie farther from97

the prototypes (corresponding to under-represented but informative regions of the98

data distribution) are emphasized with higher priority, while training samples near99

the prototypes, which tend to contain greater local redundancy, are down-weighted100

and under-sampled (Figure 1(b); see Methods). This strategy yields a compact yet101

comprehensive coverage of the data manifold, leading to improved data scalabil-102

ity and computational efficiency compared with existing vision–language pretraining103

approaches (Figure 1(d)). We systematically evaluate CheXficient under 5 comple-104

mentary evaluation protocols (Figure 1(c)), encompassing both non-adapted tasks105

(zero-shot findings classification and cross-modal retrieval) and adapted downstream106

tasks (multi-disease diagnosis, semantic segmentation of anatomical structures and107

abnormalities, and radiology report generation). Together, these tasks reflect clinically108

relevant use cases of medical foundation models, spanning diagnostic decision sup-109

port, anatomical understanding, and clinical reporting. Using only 22.7% of 1,235,004110

paired CXR training samples (sourced from 13 public datasets across multiple coun-111

tries (Table 1)) and under 27.3% of the full compute budget, CheXficient retains strong112

performance relative to its full-data pretraining counterpart across 20 evaluation113

benchmarks (Figure 1(d, e)). In addition, CheXficient remains competitive with sev-114

eral published state-of-the-art vision-language foundation models across representative115

tasks, despite using substantially fewer pretraining data and compute resources.116
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Fig. 1 Overview of this study. (a) CheXficient pretraining strategy. Paired chest X-ray (CXR)
images and radiology reports are employed. In the early stage of pretraining, a data curator selec-
tively determines which image–report pairs are included for training, followed by optimization with
an InfoNCE [22] contrastive loss. (b) Data curation mechanism. The data curator prioritizes
image–report pairs based on their proximity to a set of evolving prototypes. Samples farther from
the prototypes are assigned higher priority, while more redundant data closer to the prototypes is
down-sampled. (c) Evaluation protocol. CheXficient is evaluated on non-adapted tasks without
any architectural or weight modifications, including (i) zero-shot finding classification and (ii) zero-
shot cross-modal retrieval. CheXficient can also be adapted to downstream tasks via fine-tuning,
including (iii) disease diagnosis, (iv) semantic segmentation, and (v) radiology report generation.
(d) Data efficiency analysis. Zero-shot findings classification performance (average AUROC on 8
datasets) versus pretraining data size. (e) Cross-task performance. The radar plot summarizes
results across 5 task types: retrieval (in Recall@1), segmentation (in Dice score), and radiology report
generation (in RadGraph), adapted and non-adapted classification (in AUROC). Comparisons with
published external models provide performance context but are not controlled for differences in archi-
tecture, pretraining objective, or training domain. The effect of data curation is evaluated through
the controlled comparisons among CheXficient, CheXfull and CheXrandom.
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2 Results117

2.1 Model design and experimental setup118

To validate the data and compute efficiency of CheXficient in CXR vision-language119

pretraining, we construct a large-scale pretraining database containing over 1.235120

million CXR image–report pairs collected from 13 publicly available sources, includ-121

ing CheXpert-Plus [26], MIMIC-CXR [27], ReXGradient-160K [28], PadChest [29],122

BIMCV COVID-19 [30], CANDID-PTX [31], CASIA-CXR [32], Open-I [33], ChestX-123

ray14 [34], BRAX [35], VinDr-CXR [36], VinDr-PCXR [37], and ChestDR [38]. The124

detailed composition of the full pretraining database is provided in Table 1.125

We compare the performance of CheXficient against that of the following base-126

line foundation models: CheXrandom and CheXfull. To obtain a fair comparison,127

the same network architectures (DINOv2 [39] as the image encoder and BioClinical-128

BERT [40] as the text encoder), pretraining recipe (image-text contrastive learning129

by InfoNCE loss [22]), and evaluation protocols are employed in all models. CheXfull130

is pretrained on the entire 1.235 million paired CXR data. CheXficient is pretrained131

on a carefully curated subset from the full pretraining corpus. CheXrandom is pre-132

trained on a random subset of the full set, with an identical size as the curated subset.133

Additional comparisons with representative data selection strategies are provided in134

Appendix B.1. We evaluate CheXficient on 20 benchmarks across two evaluation proto-135

cols: (1) non-adapted zero-shot evaluation: findings classification (47 thoracic findings)136

and cross-modal retrieval (image to reports, image to Findings, image to Impres-137

sion and vice versa); (2) adapted downstream fine-tuning evaluation: multi-disease138

diagnosis, radiology report generation, as well as semantic segmentation of anatomic139

structures and abnormalities. Detailed information on downstream datasets is given140

in Table 2. The area under the receiver operating curve (AUROC), Recall@1, Dice141

score, and standard radiology report generation metrics (e.g., RadGraph) are utilized142

for evaluating the task performance of these models. In experiments, we train the143

models with different seeds to obtain multiple results and evaluate their performances144

for statistical analysis.145

2.2 CheXficient prioritizes under-represented training data146

To characterize the curated training data relative to the original pretraining distribu-147

tion, we extract feature embeddings for both full-set and curated-set training samples148

using the pretrained CheXfull model. CheXfull is used as the reference encoder because149

it is trained on the complete pretraining corpus and therefore provides a natural rep-150

resentation of the data distribution prior to curation. Similar enrichment patterns are151

observed when the analysis is repeated using CheXficient embeddings (Extended Data152

Figure 1). For comparison, we additionally consider a random subset (with the same153

size as the curated set) used by CheXrandom. We apply principal component analysis154

(PCA) to project the high-dimensional features (unified multimodal embeddings, see155

Section 4.4) into a two-dimensional space for visualization. Figure 2(a) illustrates the156

resulting feature distributions using two-dimensional histograms. The curated subset157
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a

cb

Fig. 2 (a) Feature distribution of training samples from the full set (CheXfull, n = 1,235K), ran-
dom subset (CheXrandom, n = 280K), and curated subset (CheXficient, n = 280K). Qualitative
histograms of feature embeddings projected onto a two-dimensional PCA space (Colorbars are inde-
pendently normalized to reveal the structural organization of the PCA space, absolute density values
are therefore not directly comparable across methods). The curated subset exhibits a distribution dis-
tinct from those of both the full corpus and the random subset, and enriches low-density regions. (b)
Quantitative analysis of local feature density (left) for samples from the full set, random subset, and
curated subset, measured by the average k-nearest neighbor (kNN) distance (k = 20) computed in the
raw feature space. The low-density proportion (right) denotes the fraction of samples falling within
the top 25% lowest-density regions of the full dataset. (c) CDF plot of the average kNN distance.
Curated samples (red) are shifted toward higher kNN distances, indicating enrichment in low-density
regions, whereas the random subset (purple) closely overlaps with the full set (yellow).

exhibits a distribution distinct from those of both the full corpus and the random sub-158

set. Particularly, curated samples extend into regions that are sparsely populated in the159

full corpus, likely suggesting an over-representation of uncommon imaging patterns,160

atypical report semantics, or long-tailed thoracic diseases.161

To quantitatively characterize these differences, we also measure the local sam-162

ple density using the average k-nearest neighbor (kNN) distance in the raw feature163

space. As reported in Figure 2(b), curated samples exhibit a much larger kNN dis-164

tance than the full set (0.2626 vs. 0.2398), consistent with enrichment in sparsely165

populated regions. Moreover, more than 32% of curated samples fall within the top166

25% lowest-density regions of the full set. In Figure 2(c), the CDF (cumulative distri-167

bution function) plot of average kNN distances shows that the curated subset (red)168

is systematically shifted to the right, further supporting preferential retention of sam-169

ples from low-density regions. In contrast, the random subset (purple) closely follows170

the density distribution of the full corpus (yellow), demonstrating that it does not171

prioritize under-represented training data from low-density regions.172
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p > 0.05p > 0.05

p = 0.005

p = 0.043

p = 0.031

p = 0.020
p > 0.05

p > 0.05

Fig. 3 Performance on zero-shot findings classification. We evaluate the pretrained models on 8
public datasets. Among them, SIIM-PTX, Pneumonia2017, and TBX11K are from unseen domains
not included in pretraining, while the remaining 5 datasets are used for internal evaluation. Compared
to CheXfull, CheXficient achieves higher AUROC on three datasets (p < 0.05), shows no statistically
significant differences on four datasets (p > 0.05), and lower performance on one dataset (p < 0.05).
Across all datasets, CheXficient achieves higher AUROC than CheXrandom. We present the mean
± 95% confidence interval (CI) of AUROC for each model. The listed p-values are computed using
two-sided t-tests.

2.3 Performance in non-adapted zero-shot tasks173

We first assess the performance of the three pretrained vision–language models (CheX-174

ficient, CheXrandom, and CheXfull) on two non-adapted zero-shot tasks, where these175

models are directly used without any architecture or weight modifications. For zero-176

shot findings classification, we follow prior work [7] and prompt the text encoder with177

class-specific descriptions. For zero-shot cross-modal retrieval, we employ radiology178

reports as queries to prompt the text encoder.179

2.3.1 Zero-shot findings classification180

We evaluate the pretrained CheXficient, CheXrandom, and CheXfull on the SIIM-181

PTX [41] dataset (n = 1,372), containing binary classification labels (pneumothorax182

vs. no pneumothorax). As shown in Figure 3, CheXficient significantly outperforms183

CheXfull (p = 0.031) and substantially exceeds the performance of CheXrandom184

(AUROC: 0.9074 (95% CI 0.9001, 0.9148) vs. 0.8306 (95% CI 0.8181, 0.8431)). We185

also evaluate the above three pretrained models on the Pneumonia2017 [42] dataset186

(n = 624), where each CXR image is labeled either pneumonia (bacterial/viral)187

or normal. On Pneumonia2017, no statistically significant difference in AUROC is188

detected between CheXficient and CheXfull (p > 0.05), whereas CheXficient achieves189

an absolute AUROC improvement of more than 0.1033 over CheXrandom. We con-190

duct tuberculosis classification on the TBX11K [43] dataset (n = 1,800), where each191

image is labeled either tuberculosis or non-tuberculosis. CheXficient largely preserves192

the AUROC performance of CheXfull and outperforms CheXrandom.193
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p > 0.05p > 0.05
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Fig. 4 Performance on zero-shot cross-modal retrieval. We evaluate the pretrained models on the
public CheXpert and MIMIC-CXR benchmarks. CheXficient achieves performance without sta-
tistically significant differences from CheXfull on both datasets (p > 0.05), while outperforming
CheXrandom. We report the mean ± 95% CI of Recall@1 (The recall of retrieving the exact paired
CXR report (or image) within the top-1 result for a given CXR image (or report)).

Beyond single-disease tasks, recent research [44, 45] has focused on comprehensive194

detection of multiple thoracic diseases and radiological findings. We therefore evaluate195

CheXficient on five multi-disease chest X-ray benchmarks: CheXpert [26] (n = 500,196

14 categories), MIMIC-CXR [27] (n = 3,082, 14 categories), ChestX-ray14 [34] (n197

= 25,596, 15 categories), VinDr-CXR [36] (n = 3,000, 28 categories), and VinDr-198

PCXR [37] (n = 1,397, 15 categories) datasets. For each dataset, we compute category-199

wise AUROC and report the macro-average. CheXficient achieves significantly higher200

macro-average AUROC than CheXfull on CheXpert (p = 0.020) and VinDr-CXR (p =201

0.005), shows no statistically significant difference on MIMIC-CXR and VinDr-PCXR202

(p > 0.05), and yields lower performance on ChestX-ray14 (p = 0.043). Across all five203

benchmarks, CheXficient consistently achieves higher AUROC than CheXrandom.204

Notably, three datasets (SIIM-PTX, Pneumonia2017, and TBX11K) originate from205

institutions and data distributions entirely disjoint from the pretraining corpus and206

are therefore treated as unseen-domain evaluation benchmarks (Table 2). As shown in207

Figure 3, CheXficient preserves strong performance relative to CheXfull across these208

unseen-domain evaluations, despite being pretrained on less data. AUPRC results on209

the 8 public datasets are reported in Extended Data Figure 2.210

2.3.2 Zero-shot cross-modal retrieval211

Zero-shot cross-modal retrieval aims to evaluate a model’s ability to match a CXR212

image to its corresponding radiology report (Findings section, Impressions section, or213

their combination) and vice versa. As illustrated in Figure 4, no statistically significant214

differences are detected between CheXficient and CheXfull, on the task of retriev-215

ing the correct CXR report for a given CXR image (Image → Report) across both216

evaluation datasets (CheXpert (n = 1,000) and MIMIC-CXR (n = 3,082)), whereas217

CheXficient achieves higher Recall@1 results than CheXrandom. A similar trend is218

observed for retrieving the correct CXR image given a CXR report (Report → Image).219

In this evaluation, Findings and Impressions sections are combined together to con-220

stitute the textual report, retrieval results based solely on either section are provided221

in Extended Data Figure 3 and Figure 4.222
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save 77.3% save 77.3% save 77.3% save 77.3%

save 77.3%save 77.3%save 49.8%save 77.3%

Fig. 5 Zero-shot findings classification performance under different pretraining data budgets. The
performance of both CheXficient and CheXrandom progressively increases on all 8 benchmarks as the
quantity of pretraining samples increases. CheXficient consistently outperforms CheXrandom at all
data budgets and across all benchmarks, demonstrating higher data efficiency. When pretrained on
only 280K curated image–report pairs (22.7% of the full data, except for ChestX-ray14), CheXficient
maintains strong performance relative to the full-data pretrained model CheXfull.

2.3.3 Pretraining data and compute efficiency223

We validate the advantage of data curation by assessing the pretraining data and224

compute efficiency, defined as the amount of paired image–report data and pretraining225

time (GPU-hours) required to build a high-performing CXR foundation model.226

We compare CheXficient with the baseline CheXrandom model, which is trained227

under identical pretraining data budgets ranging from 75K to 1.235M image–report228

pairs. Figure 5 shows zero-shot findings classification performance across different pre-229

training set sizes, with the CheXfull model (trained on the entire dataset) included230

as a reference. The performance of both models consistently improves across the eight231

evaluation benchmarks as the size of the pretraining corpus increases. Across all data232

budgets and benchmarks, CheXficient achieves higher performance than CheXrandom.233

When pretrained on 280K curated image–report pairs (22.7% of the full data), CheX-234

ficient retains strong performance relative to CheXfull on most benchmarks, including235

SIIM-PTX, Pneumonia2017, CheXpert, MIMIC-CXR, and VinDr-CXR.236

We further investigate the pretraining compute efficiency in the context of zero-shot237

findings classification. Computational cost is quantified in NVIDIA H100 GPU-hours.238

For a fair comparison, all models are pretrained for the same total number of epochs239

(20 epochs), which we found sufficient for convergence. CheXfull is pretrained on240

the entire dataset comprising 1.235 million image–report pairs, whereas CheXrandom241

and CheXficient are pretrained on the same subset size (280K). As demonstrated242

in Figure 6, CheXficient uses 72.7–81.8% fewer H100 GPU-hours than CheXfull to243

reach the reported operating points. Under matched pretraining compute budgets,244

CheXficient achieves higher AUROC classification performance than both CheXfull245

and CheXrandom across all eight evaluation benchmarks.246

9
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Fig. 6 Zero-shot findings classification performance under different pretraining compute budgets.
The three models are pretrained for the same number of epochs. CheXficient (280K) outperforms
CheXrandom (280K) and CheXfull (1235K) on all evaluation benchmarks under matched pretraining
time, highlighting the compute efficiency of curated pretraining of CheXficient.

We additionally compare CheXficient with several representative data selection247

strategies under controlled pretraining settings (Appendix B.1), where CheXficient248

demonstrates an overall advantage over methods based on different selection principles.249

2.4 Performance in adapted downstream tasks250

We next evaluate the performance of pretrained vision–language models (CheXficient,251

CheXrandom, and CheXfull) on three adapted downstream tasks: disease diagnosis252

(image classification), semantic segmentation, and radiology report generation. In all253

tasks, the pretrained image encoder is leveraged as a fixed feature extractor, while254

task-specific heads or decoders are appended and fine-tuned on target labeled datasets.255

Detailed fine-tuning configurations are provided in Appendix C.256

2.4.1 Classification label efficiency and fine-tuning performance257

To assess the representation quality learned through efficient pretraining in CheXfi-258

cient, we evaluate downstream image classification performance on three representative259

multi-disease CXR datasets: CheXpert, MIMIC-CXR, and ChestXray14, which cover260

a diverse set of pathological findings and diseases. We adopt a linear-probing proto-261

col with a frozen image encoder backbone. Specifically, a randomly initialized linear262

classification head is attached to the pretrained image encoder, and only this linear263

classifier is trained using images and corresponding labels from the target dataset. For264

comparison purposes, we also include DINOv2 [39], which is pretrained solely on 142265

million natural images.266

As shown in Figure 7, AUROC performance of all models increases with the267

amount of labeled data used for fine-tuning. Models pretrained on CXR data achieve268

higher performance than DINOv2. Across different proportions of labeled training269
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Fig. 7 Comparison of CheXficient with other pretrained models in label-efficient disease diagnosis
across three representative datasets: CheXpert (n = 500, 14 categories), MIMIC-CXR (n = 3,082,
14 categories), and ChestXray14 (n = 25,596, 15 categories). Performance is reported at varying
proportions of labeled training data. Vertical dashed lines indicate the amount of labeled data required
for CheXficient to match the performance of its counterpart CheXrandom.

Fig. 8 Comparison of CheXficient with other pretrained models in annotation-efficient pathological
and anatomical segmentation across three datasets: SIIM-PTX (n = 1,372), JSRT (n = 50), and
VinDr-RibCXR (n = 49). Performance is reported at varying proportions of annotated training
samples. Vertical dashed lines indicate the amount of annotated data required for CheXficient to
match the performance of its counterpart CheXrandom.

data, CheXficient realizes AUROC performance similar to CheXfull. CheXficient270

achieves performance competitive relative to CheXrandom while using approximately271

10% of the labeled training samples. A similar observation can be found in AUPRC272

results (Extended Data Figure 5). Furthermore, CheXficient also achieves compet-273

itive performance relative to several published large-scale pretrained models (e.g.,274

BiomedCLIP [8] and MedGemma [16]) trained on datasets more than 50× larger than275

that used by CheXficient (Figure 1(e) and Extended Data Table 1). These compar-276

isons contextualize CheXficient among existing medical foundation models but are not277

controlled for differences in architecture, pretraining objective, or training domain.278
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Fig. 9 Downstream radiology report (Findings section) generation performance (%) on official test
split of MIMIC-CXR (n = 2,461). Text in parentheses denotes the pretraining data size of the model.

2.4.2 Segmentation annotation efficiency and fine-tuning279

performance280

To further evaluate the quality of dense representations learned through curated pre-281

training, we focus on downstream tasks of semantic segmentation. Specifically, we282

consider three commonly adopted CXR benchmarks covering both pathological and283

anatomical structures: pneumothorax segmentation on SIIM-PTX [41], lung segmen-284

tation on JSRT [46], and rib segmentation on VinDr-RibCXR [47]. We employ a frozen285

image encoder backbone within an encoder–decoder segmentation framework. A U-286

Net [48] decoder is attached to the pretrained image encoder and fine-tuned using287

CXR images and their corresponding pixel-wise annotations from each target dataset,288

while the image encoder remains fixed. This setup allows us to assess the quality and289

transferability of learned representations for pixel-level dense prediction tasks.290

As shown in Figure 8, CheXficient achieves similar segmentation performance291

relative to CheXfull across all three tasks. CheXficient exhibits strong annotation292

efficiency, matching the performance of CheXrandom while using 10–30% of the293

densely-annotated training samples. These results demonstrate that curated, data-294

efficient pretraining enables the learning of high-quality image representations that295

transfer effectively to challenging downstream segmentation tasks. CheXficient also296

achieves performance competitive relative to several published off-the-shelf image297

encoders (e.g., BiomedCLIP [8], MedGemma [16], and CheXagent [49]), in spite of298

being trained on a substantially smaller-scale pretraining corpus (Figure 1(e)). These299

results position CheXficient among existing medical foundation models, whereas the300

contribution of data curation is isolated through the controlled CheXficient–CheXfull301

comparison.302

2.4.3 Radiology report generation303

We also evaluate the quality of image representations learned through efficient pre-304

training on a generative vision–language downstream task, namely radiology report305

generation for the Findings section. For the model architecture, we adopt a LLaVA-306

style multimodal framework [50]. To generate the textual report output, patch307
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Fig. 10 Downstream radiology report (Findings section) generation performance (%) on official
test split of ReXGradient-160K (n = 10,000). Text in parentheses denotes the pretraining data size
of the model.

embeddings extracted from the frozen image encoder are projected and concatenated308

with a textual instruction: “Provide a description of the findings in the radiology image309

given the following Indication: ⟨ ⟩”. If the Indication information is unavailable, the310

optional ⟨ ⟩ field is omitted. Consistent with LLaVA-Rad [51], we employ a multi-layer311

perceptron (MLP) projector and Vicuna-7B-v1.5 [52] as the language decoder model.312

The projector network is randomly initialized and jointly trained with the language313

decoder, while the image encoder remains frozen. Performance is quantified using314

standard lexical metrics (BLEU-4 [53], Rouge-L [54]) and radiology-specific metrics,315

including RadGraph [55] and CheXbert-based Macro-F1-14 [26] (mapping “uncer-316

tain” labels to negative). For ReXGradient-160K, we additionally report RadCliQ [56],317

RaTEScore [57], and BertScore [58].318

CheXficient consistently outperforms CheXrandom across all lexical and clini-319

cal metrics on both MIMIC-CXR (Figure 9) and ReXGradient-160K (Figure 10).320

Despite being pretrained on substantially fewer image–report pairs, CheXficient321

largely maintains performance relative to CheXfull. On MIMIC-CXR, CheXficient322

slightly under-performs the recent leading report generation framework LLaVA-Rad,323

while demonstrating improvements over other specialized vision–language baselines,324

including BiomedCLIP, CheXagent, and RAD-DINO [59], which are pretrained on325

much larger-scale datasets (Extended Data Table 1). On ReXGradient-160K, CheXfi-326

cient achieves a higher reported 1/RadCliQ score relative to several advanced medical327

foundation models, e.g., RadFM [15], Libra [60], MAIRA-2 [61], and MedVersa [62].328

2.5 Generalization across long-tailed thoracic conditions329

Chest radiograph interpretation is inherently a long-tailed problem [44, 45]. The dis-330

tribution of thoracic findings is heavily skewed toward a small number of common331

abnormalities, as many clinically relevant conditions occur infrequently. This severe332

class imbalance poses substantial challenges for model learning, as training objectives333

are often dominated by majority classes. Consequently, AI models tend to exhibit334
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Fig. 11 Impact of curated pretraining on per-disease generalization in VinDr-CXR. Top: disease
label distributions from the VinDr-CXR training set (the y-axis uses a symmetric logarithmic scale
to visualize disease label frequencies spanning multiple orders of magnitude). Bottom: corresponding
zero-shot per-disease AUROC results on the VinDr-CXR test set. Curated pretraining (CheXfi-
cient) re-balances label distributions and yields improved zero-shot generalization for most disease
labels compared to non-curated pretraining (CheXfull and CheXrandom). Note that the disease label
“edema” is not shown in the figure as there are no samples with this label in the official test data.

biased representations that favor common findings, potentially at the expense of under-335

represented conditions. Robustness and generalizability under long-tailed distributions336

therefore constitute critical criteria for evaluating medical foundation models.337

To investigate how data curation influences long-tailed generalization, we analyze338

the relationship between disease label distributions in the pretraining data and zero-339

shot generalization ability on test data. We focus on VinDr-CXR [36], as it provides340

comprehensive disease-level annotations covering a total of 28 findings and diag-341

noses, with long-tailed distributions. Specifically, we first compute the disease label342

distributions in the VinDr-CXR training set (see Figure 11(Top)). Then, we com-343

pare the per-category zero-shot findings classification performance (AUROC) on the344

VinDr-CXR test data for different models (Figure 11(Bottom)).345

We observe that No finding samples dominate the non-curated training sets used346

by CheXfull and CheXrandom. In contrast, CheXficient greatly reduces the proportion347

of No finding samples, while almost preserving the generalization performance for348

this category on the test set. Meanwhile, the curated pretraining set increases the349

relative prevalence of most disease labels, which is accompanied by improved zero-350

shot generalization across a broad range of pathologies (16 out of 26), such as Other351

diseases, Aortic enlargement, Pulmonary fibrosis, Lung opacity, Pleural effusion, Other352

lesion, and Pneumonia. However, this trend does not consistently hold for a small353

number of extremely-rare diseases, such as Lung cyst and Clavicle fracture, which354

each account for less than 0.1% of the training data. We hypothesize that, despite355

being relatively up-weighted by data curation, the absolute number of samples for356

these conditions remains insufficient to support robust representation learning. This357

observation suggests a potential limitation of selective data curation strategies alone358

in addressing long-tailed distributions and highlights that complementary approaches,359
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Fig. 12 Adaptability of CheXficient in detecting long-tailed conditions (Calcification, Enlarged PA
(pulmonary artery), and Rib fracture) under a two-way (no finding versus each long-tailed condition)
k-shot learning setting. The results demonstrate the ability of CheXficient to adapt to data-scarce
conditions using only a few labeled training samples. Box plots show AUROC distributions over 20
experimental replicates, with the median (central line), interquartile range (box indicating the 25th
and 75th percentiles), whiskers extending to 1.5 times the interquartile range, and outliers shown as
individual points. p-values from two-sided t-tests are reported.

such as targeted data acquisition or task-specific data augmentation, may be necessary360

for extremely-rare disease modeling.361

We further examine the adaptability of CheXficient to long-tailed conditions under362

limited supervision by finetuning the pretrained models with a linear-probing config-363

uration, using only 1–5 labeled samples (k-shot learning) [44]. Figure 12 presents box364

plots of AUROC distributions for three representative VinDr-CXR conditions. CheX-365

ficient outperforms CheXfull, achieving higher median and maximum AUROC scores366

for Calcification and Enlarged PA, and competitive performance for Rib fracture.367

These results demonstrate that CheXficient can leverage scarce labeled data to detect368

long-tailed conditions, underscoring its practical value in data-scarce environments.369

3 Discussion370

In this study, we propose a data- and compute-efficient approach for pretraining medi-371

cal foundation models that leverages representation-guided data curation. Rather than372

indiscriminately enlarging training datasets [63, 64] and incurring substantial compu-373

tational costs, our approach optimizes the utilization of data and compute budgets,374

offering a cost-effective alternative for building high-performing medical foundation375

models. By curating 280K image–report data pairs (22.7%) from a pool of 1.235 mil-376

lion paired CXR images and radiology reports and consuming under 27.3% of the total377

compute budget, we pretrained a new CXR foundation model, CheXficient. Exten-378

sive experiments demonstrate that CheXficient achieves strong performance compared379

with a full-data pretrained counterpart across diverse evaluation benchmarks spanning380

five evaluation protocols. These evaluations cover both non-adapted tasks, including381

zero-shot findings classification and cross-modal retrieval, as well as adapted down-382

stream tasks such as multi-disease diagnosis, semantic segmentation of anatomical383

structures and abnormalities, and radiology report generation. Together, these results384

provide promising evidence that curated pretraining on large-scale medical datasets385

can substantially improve data and compute efficiency as well as generalizability. We386

also analyze feature distributions of the curated training samples (Figure 2), where387
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the curated data exhibits distinctive local sample-density structures, reflecting its abil-388

ity to preserve data diversity while emphasizing under-represented and informative389

samples. This structural property is closely associated with strong model perfor-390

mance (Figure 3 and Figure 4) and improved long-tailed generalization (Figure 11 and391

Figure 12) in the resulting CXR foundation model.392

During the early-stage of pretraining, CheXficient integrates a data curator393

that employs a set of evolving prototypes (i.e., prototypical centroids) to approxi-394

mate the global data manifold. The curator selectively prioritizes informative CXR395

image–report pairs for model optimization: samples that lie far from the learned pro-396

totypes are emphasized, while those close to the prototypes are down-weighted and397

under-sampled. Those unselected samples are excluded from the pretraining process.398

In comparison with CheXfull, which shares an identical network architecture but is399

pretrained on the entire training set of 1.235 million data pairs, CheXficient achieves400

substantially higher pretraining data efficiency (Figure 5). In addition, CheXficient401

requires significantly less pretraining computational cost than CheXfull (Figure 6).402

Comparisons with representative alternative data selection strategies further support403

the effectiveness of representation-guided curation in CheXficient (Appendix B.1).404

Despite being pretrained on only 280K image–report pairs, CheXficient also405

demonstrates strong performance across a wide range of downstream applications,406

including both unimodal evaluations (multi-disease diagnosis and semantic segmenta-407

tion) and multimodal tasks such as radiology report generation. Across eight datasets,408

CheXficient achieves performance similar to that of CheXfull (Figures 7, 8, 9, and409

10). Another appealing capability of CheXficient is its ability to reduce the amount410

of expert-annotated training data required for downstream tasks. Figure 7 demon-411

strates the high labeling efficiency of CheXficient in terms of disease classification. On412

MIMIC-CXR dataset, it achieves the classification performance of CheXrandom (pre-413

trained on a random subset with an identical size as the curated subset), using fewer414

than 10% of the labeled finetuning data. A similar trend is observed for downstream415

semantic segmentation tasks (Figure 8). Furthermore, CheXficient shows highly com-416

petitive reported performance in report generation compared with several existing417

large-scale pretrained models (Figure 9 and Figure 10).418

We also conducted additional analyses of the curated subset to examine data-source419

composition and patient demographic characteristics, including age and race. First,420

we noticed that the data efficiency gains are not attributable to excluding specific421

data source. Instead, all 13 pretraining data sources remain represented in the curated422

subset (Appendix A.2). We also observed that the curated subset contains a relatively423

higher proportion of training samples from two age groups: pediatric patients (0–10424

years-old), whose CXRs exhibit greater anatomical variability, and older adults (over425

65 years old), whose CXRs often present a broader spectrum of age-related pathologies426

due to their higher prevalence in this population (Appendix A.3). Regarding patient427

race, the curated subset shows a racial distribution closely resembling that of the full428

training set, suggesting no obvious shift in demographic representation at the dataset429

level (Appendix A.4). In addition, the curation process exhibits a mild preference for430

frontal CXR scans over lateral CXR scans (Appendix A.5), as frontal CXRs often pro-431

vide more informative visual cues for many radiological findings. It also demonstrates432
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a pronounced preference for samples with longer CXR reports (Appendix A.6), which433

may contain richer pathological findings and greater diagnostic complexity. Together434

with the disease-level analyses in Figure 11, these results inspire an important and435

broad implication: data acquisition or collection practices for developing medical foun-436

dation models may benefit from prioritizing under-represented data, diverse sources,437

long-tailed pathology conditions, and informative samples with rich visual and textual438

clinical content.439

Although our experiments focus on chest X-rays, the proposed strategy is not440

inherently tied to chest radiography and may be extensible to other medical imaging441

modalities and multimodal datasets, such as CT. We acknowledge several limitations442

in our methodology and evaluations. First, due to the limited scope of our study, we443

have not studied alternative encoder architecture adaptations, e.g., ViT-Large archi-444

tecture adopted by other CXR foundation models (Extended Data Table 1). We expect445

that incorporating more advanced encoder architectures into our framework could446

yield additional performance gains due to enhanced representational capacity, and we447

leave this exploration for future work. Second, our multimodal evaluation setting is448

currently limited to textual report generation. Other important radiological multi-449

modal tasks, such as visual question answering [65] and visual grounding [66], remain450

unexplored and represent promising directions for future research. Third, although our451

validation covers 47 thoracic findings and diseases (e.g., cardiomegaly, pneumonia, and452

nodule), this constitutes only a fraction of known thoracic conditions (for example,453

over 170 radiographic findings reported in [29]), with limited coverage of rare diseases454

and complex systemic diseases. Future studies should aim for broader and more com-455

prehensive evaluation across a wider spectrum of thoracic conditions. Our evaluations456

are retrospective and primarily based on publicly available benchmark datasets. Fur-457

ther evaluation across healthcare systems, acquisition settings and patient populations458

is needed before considering clinical deployment.459

In summary, we present a data- and compute-efficient pretraining strategy to460

build high-performing CXR foundation models based on representation-guided data461

curation. Under non-adapted evaluation settings, CheXficient demonstrates strong462

zero-shot generalization performance while achieving high pretraining data and463

compute efficiency. When adapted to a range of downstream tasks, CheXficient consis-464

tently exhibits high labeling and fine-tuning efficiency while maintaining competitive465

performance. In addition, these findings underscore the potential of strategic dataset466

acquisition—particularly the prioritization of informative and long-tailed samples—to467

reduce development costs. They also offer practical insights for medical domains in468

which foundation-model development is limited by restricted access to large-scale469

training datasets and computational resources.470

4 Methods471

4.1 Datasets for pretraining472

We construct a large-scale pretraining corpus comprising over 1.235 million paired473

CXR image–report samples, collected and aggregated from 13 publicly available474

datasets covering diverse patient populations worldwide, including MIMIC-CXR [27],475
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CheXpert Plus [26], ReXGradient-160K [28], PadChest [29], BIMCV COVID-19 [30],476

CANDID-PTX [31], CASIA-CXR [32], Open-I [33], ChestX-ray14 [34], BRAX [35],477

VinDr-CXR [36], VinDr-PCXR [37], and ChestDR [38]. The detailed composition and478

distribution of the full dataset are summarized in Table 1. This diverse aggregation479

enables broad coverage of imaging protocols, disease spectra, and textual reporting480

styles, thereby mitigating potential data acquisition biases and supporting robust,481

generalizable representation learning. To ensure transparency and reproducibility, we482

strictly follow the official train/validation/test splits provided by each dataset when483

available, and incorporate only the train split into the pretraining corpus.484

Among the 13 contributing datasets, 8 provide raw radiology reports, includ-485

ing MIMIC-CXR [27], CheXpert Plus [26], ReXGradient-160K [28], PadChest [29],486

BIMCV COVID-19 [30], CANDID-PTX [31], CASIA-CXR [32], and Open-I [33].487

Notably, several of these datasets (PadChest, BIMCV COVID-19, and CASIA-CXR)488

contain non-English reports, which are automatically translated into English to ensure489

linguistic consistency across the corpus. For all datasets with reports, regex-based490

filtering is applied to handle common formatting inconsistencies such as repeated491

whitespace and malformed line breaks. Samples in which both the Findings and492

Impression sections are blank are excluded from the corpus.493

The remaining 5 datasets do not include free-text reports but instead provide494

structured diagnostic labels (e.g., pleural effusion, cardiomegaly, atelectasis). They are495

ChestX-ray14 [34], BRAX [35], VinDr-CXR [36], VinDr-PCXR [37], and ChestDR [38].496

For these datasets, we generate pseudo-reports using a template-based report synthesis497

strategy introduced in the prior work [51]. Inclusion of template-generated reports498

enabled us to leverage these well-known public CXR datasets that would otherwise499

be excluded from multimodal pretraining. The resulting synthetic reports exhibit a500

token-length distribution similar to that of real-world reports (Table 1) and account501

for only a small portion (12.6%) of the overall pretraining corpus.502

4.2 Datasets for non-adapted zero-shot tasks503

As shown in Table 2, non-adapted zero-shot findings classification is evaluated on the504

official test sets of 8 datasets: MIMIC-CXR [27], CheXpert [26], ChestX-ray14 [34],505

VinDr-CXR [36], VinDr-PCXR [37], TBX11K [43], SIIM-PTX [41], and Pneumo-506

nia2017 [42]. Since the pretraining pool assembles multiple public datasets, some of507

which (MIMIC-CXR, CheXpert, ChestX-ray14, VinDr-CXR, VinDr-PCXR) are also508

used for evaluation, we strictly follow the official test splits for these datasets, ensuring509

patient-level separation between pretraining and evaluation. This precaution addresses510

potential data leakage, which is the first consideration in our experiments. Notably,511

SIIM-PTX [41], Pneumonia2017 [42], and TBX11K [43] are unseen out-of-distribution512

datasets, with their test sets completely disjoint from the pretraining sources, and513

are therefore treated as unseen-domain evaluation. Following the zero-shot classifica-514

tion protocol in CheXzero [7], for each disease label (e.g., mass, edema, atelectasis),515

we leverage the prompts “⟨ disease ⟩” and “no ⟨ disease ⟩” as positive and negative516

prompts for the text encoder, obtaining softmax-based probabilistic predictions.517

For the non-adapted zero-shot cross-modal retrieval, evaluation is performed on518

two datasets: MIMIC-CXR and CheXpert. On MIMIC-CXR, the standard test split519
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Table 1 An extensive corpus of 1.235 million CXR image-report pairs employed for model
pretraining in our experiments. We exclude images that do not belong to standard views (i.e.,
frontal or lateral). Real-world Findings are extracted from the free-text radiology reports. Synthetic
Findings are generated using template sentences derived from clinical diagnostic labels.

Source dataset Country Patients Labels
Text tokens

Image-text pairs

5%-ile Average 95%-ile

Real-world Findings (87.4%)

MIMIC-CXR U.S. 65,379 – 42 94 176 354,619

ReXGradient-160K U.S. 95,716 – 35 76 152 238,965

CheXpert-Plus U.S. 64,725 – 38 98 209 222,116

PadChest Spain 67,625 – 6 30 76 160,672

BIMCV-COVID19 Spain 25,082 – 8 46 102 65,421

CANDID-PTX New Zealand 13,744 – 8 42 97 19,609

CASIA-CXR France 11,111 – 57 96 145 11,111

Open-I U.S. 3,996 – 29 72 139 7,424

Synthetic Findings (12.6%)

NIH ChestX-ray14 U.S. 28,008 15 17 72 159 86,524

BRAX Brazil 18,442 14 11 29 65 40,967

VinDr-CXR Vietnam 15,000 28 17 107 325 15,000

VinDr-PCXR Vietnam 7,728 15 17 72 189 7,728

ChestDR China 4,848 19 20 122 239 4,848

Total: 1,235,004

is utilized. Since CXR reports are unavailable for the CheXpert test split, we instead520

use CheXpert5x200 [67, 68] for the retrieval evaluation. To prevent data leakage, all521

the 1000 paired CXR samples in CheXpert5x200 are excluded from the pretraining522

pool in advance, ensuring a fair and disjoint evaluation set.523

4.3 Datasets for adapted downstream tasks524

For downstream disease diagnosis tasks, evaluations are performed on the official test525

sets of MIMIC-CXR, CheXpert, and ChestX-ray14 (Table 2), as in the zero-shot526

setting. The key difference is that varying percentages (1–100%) of data from the527

training split are used from each dataset to fine-tune the linear classification head.528

For downstream image segmentation tasks, the SIIM-PTX [41], JSRT [46], and529

VinDr-RibCXR [47] datasets are employed for fine-tuning and evaluation, with the530

official data splits summarized in Table 2.531

For downstream radiology report generation tasks, fine-tuning and evaluation are532

performed on the official splits of MIMIC-CXR and ReXGradient-160K. Following the533

protocols of LLaVA-Rad [51] and RAD-DINO [59], non-frontal images and samples534

without a Findings section are excluded, forming 146,909 training, 7,250 validation,535

and 2,461 testing image–text pairs for MIMIC-CXR. A similar pre-processing pipeline536

is applied to ReXGradient-160K, yielding 140,000, 10,000, and 10,000 image–text pairs537

for training, validation, and testing, respectively.538
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Table 2 Summary of the evaluation datasets used in this study. We evaluate on a total of 11
datasets (6 seen datasets for internal evaluation and 5 datasets for unseen-domain evaluation),
comprising diverse evaluation benchmarks across 5 task types. We follow the official train/test
splits provided by each dataset, except for CheXpert, where 1,000 paired CXR samples were
excluded from the training set for retrieval evaluation.

Dataset Learning setup Task Clinical conditions # Train # Test

Internal evaluation

Non-adapted Classification 14 thoracic findings 0 3,082

Non-adapted Retrieval – 0 3,082

Adapted Classification 14 thoracic findings 227,459 (1–100%) 3,082
MIMIC-CXR

Adapted Report generation – 146,909 2,461

CheXpert

Non-adapted Classification 14 thoracic findings 0 500

Non-adapted Retrieval – 0 1,000

Adapted Classification 14 thoracic findings 223,414 (1–100%) 500

Non-adapted Classification 15 thoracic findings 0 25,596
NIH ChestX-ray14

Adapted Classification 15 thoracic findings 86,524 (1–100%) 25,596

VinDr-CXR Non-adapted Classification 28 thoracic findings 0, k-shot 3,000

VinDr-PCXR Non-adapted Classification 15 thoracic findings 0 1,397

ReXGradient-160K Adapted Report generation – 140,000 10,000

Unseen-domain evaluation

Non-adapted Classification Pneumothorax 0 1,372
SIIM-PTX

Adapted Segmentation Pneumothorax 10,675 (1–100%) 1,372

Pneumonia2017 Non-adapted Classification Pediatric pneumonia 0 624

TBX11K Non-adapted Classification Tuberculosis 0 1,800

JSRT Adapted Segmentation Lungs 172 (1–100%) 50

VinDr-RibCXR Adapted Segmentation Ribs 196 (1–100%) 49

4.4 Representation-guided data curation539

Our CheXficient adopts a contrastive language–image pretraining framework based540

on CLIP [23] and actively curates informative and diverse training samples from a541

large-scale corpus containing over 1.235M paired CXR image–report samples. Unlike542

conventional pretraining pipelines that treat all samples equally, CheXficient performs543

data curation to identify samples that are most beneficial for the representation learn-544

ing. This strategy enables efficient utilization of large-scale medical datasets, which are545

often redundant, imbalanced, and noisy, while substantially reducing computational546

cost. Formally, we consider a large image–text dataset D = {(ximg
i , xtxt

i )}|D|
i=1, where547

each data pair consists of a CXR image x
img
i and its corresponding textual radiology548

report xtxt
i . Our objective is to construct a compact yet representative subset Dc ⊂ D549

during the early stage of pretraining, such that a vision–language model subsequently550

trained on Dc achieves performance comparable to training on the full dataset D, but551

with considerably fewer samples and lower training cost.552

The detailed data curation and training procedure consists of the following steps:553
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(1) Multimodal embedding. We randomly sample a large super-batch of paired554

CXR data S = {(ximg
i , xtxt

i )}|S|
i=1 from the full pretraining set D. Each radiol-555

ogy report xtxt
i is tokenized and encoded by the text encoder θtxt to obtain556

a text embedding ztxti . Correspondingly, each CXR image x
img
i is resized and557

processed by the image encoder θimg to extract an image embedding z
img
i of558

the same dimensionality. Both embeddings are ℓ2-normalized to ensure scale559

consistency and then concatenated to form a unified multimodal representation560

zi = concat(zimg
i , ztxti ), capturing complementary semantic information from561

both visual and textual modalities (see ablations in Appendix B.2).562

(2) Prototype-driven selection. The model maintains a set of evolving pro-563

totypes {pk}Kk=1 that characterize representative multimodal patterns in the564

global data manifold (Figure 1(b)). Given the multimodal embedding zi of each565

image-report pair in the super-batch S, we assign it to its nearest prototype by:566

di = min
k∈1,...,K

dist(zi,pk), (1)

where di denotes the distance to the assigned prototype.567

For each prototype pk, let Sk be the set of samples assigned to it. We compute568

the mean and standard deviation of the within-prototype distances as:569

µk =
1

|Sk|
∑

i∈Sk

di, σk =

√

1

|Sk|
∑

i∈Sk

(di − µk)2. (2)

Rather than using fixed global thresholding, we perform a Gaussian-inspired570

adaptive stratification within each prototype cluster, partitioning the samples571

assigned to prototype pk into central, peripheral, tail, and outlier regions,572

denoted by Ck, Pk, Tk, and Ok, respectively:573

Ck = {i ∈ Sk | 0 ≤ di ≤ µk + σk} ,
Pk = {i ∈ Sk | µk + σk < di ≤ µk + 2σk} ,
Tk = {i ∈ Sk | µk + 2σk < di ≤ µk + 3σk} ,
Ok = {i ∈ Sk | di > µk + 3σk} .

(3)

This adaptive stratification allows the selection criterion to adjust to the574

local density and scale of each prototype cluster. The central region contains575

samples close to the prototype and is typically dominated by common and576

redundant patterns. The peripheral region contains moderately distant sam-577

ples that provide harder and more informative training signals. The tail region578

contains samples far from the prototype but not extreme; these samples are579

likely to correspond to rare pathologies, atypical imaging appearances, or under-580

represented report semantics. Finally, samples in the outlier region are treated581

as potential noise, e.g., corrupted images, severe artifacts, report translation582

errors, image–report mismatches, or template-generated reports with weak583

visual grounding. We retain all samples in Tk to preserve long-tailed knowledge584
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and discard all samples in Ok. For the central region Ck and peripheral region585

Pk, we allocate a compact sampling budget Bk controlled by a curation ratio r:586

Bk = ⌊r · (|Ck| + |Pk|)⌋ . (4)

We then design a generalized power allocation rule to distribute the budget Bk587

between the two regions:588

Bc
k =

⌊

Bk

|Ck|α
|Ck|α + |Pk|α

⌋

, B
p

k = Bk −Bc
k, (5)

where α ∈ [0, 1] controls the allocation sharpness. Within both Ck and Pk,589

we apply a farthest point sampling [69] in the multimodal embedding space590

to select Bc
k and B

p

k samples, respectively. This encourages geometric coverage591

within each region and avoids repeatedly selecting near-duplicate samples.592

(3) Contrastive learning. The selected samples from the central, peripheral,593

and tail regions constitute a mini-batch M ⊂ S, which is added to the594

curated subset Dc. Meanwhile, the mini-batch M is used to optimize via the595

InfoNCE contrastive loss [22], updating the image and text encoders jointly.596

This objective encourages matched CXR image–report pairs to have aligned597

representations, while pushing apart mismatched pairs, thereby improving598

cross-modal alignment and semantic consistency.599

(4) Prototype update. The prototypes are updated concurrently with model600

training to reflect the evolving data distribution. Specifically, new prototype601

representations are computed as weighted averages of the concatenated embed-602

dings from the selected samples, where the weight is determined by each603

sample’s embedding proximity to the corresponding prototype. We achieve this604

via an optimal transport based clustering algorithm [70] that can enforce unique605

assignment and equipartition constraints across prototypes. To further stabi-606

lize prototype estimation and incorporate historical information, we apply an607

exponential moving average (EMA) [71] update scheme.608

These above steps are iteratively executed throughout the early data-curated pre-609

training stage to form the curated subset Dc, enabling the model to progressively610

identify and emphasize informative, diverse, and under-represented samples. The data-611

curated pretraining procedure is summarized in Extended Data Algorithm 1. During612

the later standard pretraining stages, Dc is fixed and used for improving efficiency.613

4.5 Implementation details614

CheXficient, CheXfull, and CheXrandom share the same model architecture, training615

configuration, and hardware setup, and all models are trained for a total of 20 epochs.616

The architecture follows a specific instantiation of the CLIP framework, comprising an617

image encoder and a text encoder. We adopt DINOv2 [39] as the image encoder, using618

the [CLS] token representation, and BioClinicalBERT [40] as the text encoder. Both619

encoders are followed by a linear layer that maps image and text features into a shared620
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embedding space of 512 dimensions. DINOv2 is implemented as ViT-Base [72] with621

12 transformer blocks (approximately 86 million parameters), while BioClinicalBERT622

consists of 12 transformer layers with about 110 million parameters.623

CXR images are resized to 378 × 378 before being fed into the image encoder. No624

data augmentation is applied to either image or text inputs. For the textual modality,625

the Findings and Impression sections of each radiology report are combined (when626

both are available) and used as input to the text encoder, with a maximum context627

length of 256 tokens. Model training is driven by an InfoNCE contrastive loss with628

a learnable temperature parameter, which is initialized to 0.01. The InfoNCE loss629

encourages alignment between paired CXR images and reports while separating mis-630

matched pairs. The number of prototypes K = 32, with a sensitivity analysis provided631

in Appendix B.3. Before starting the curation process, we use 1% of pretraining data632

for model warm-up, which already contains sufficient samples at the million-scale, and633

initialize the prototypes using k-means centroids [73] computed from these warm-up634

samples. In the EMA update of prototypes, a smoothing factor of 0.1 is applied. During635

the first training epoch, the early data-curated pretraining stage is performed to build636

the curated subset, after which the model’s training uses the resulting fixed curated637

subset. An analysis of repeated curation at later training stages shows high subset638

stability and limited additional performance benefit, while substantially increasing639

cumulative data usage and training time (Appendix A.1). Optimization is conducted640

using the AdamW optimizer with an initial learning rate of 5 × 10−5, a weight decay641

of 1 × 10−4, and a cosine annealing learning rate schedule. Curation ratio r = 0.2,642

and α = 0.5 in Eq. (5). Each super-batch contains 1920 paired samples (8 GPUs ×643

240 data pairs per GPU). Notably, we find that CheXficient can also be trained on a644

single GPU by leveraging an embedding accumulation strategy, in which samples are645

repeatedly drawn from the pretraining corpus, their feature embeddings are extracted646

sequentially, and then accumulated to construct a large super-batch. This strategy can647

effectively enlarge the super-batch size without increasing the GPU count, enabling648

memory-efficient training while preserving the benefits of large-batch curation.649

In fact, CheXficient introduces negligible additional pretraining overhead in com-650

parison to each base model. The potentially increased overhead involves two major651

steps: 1) sample-prototype distance calculation: candidate training samples are drawn652

from in-batch data, which typically consists of only a few thousand samples, enabling653

efficient distance calculations to prototypes in the embedding space; 2) prototype654

update: new prototypes are obtained as weighted averages of embeddings from the655

selected samples and updated using an EMA scheme. This operation incurs minimal656

computational cost, as confirmed by our empirical observations.657

4.6 Evaluation metrics658

Classification performance is evaluated using well-established metrics widely adopted659

in prior studies [7, 49, 59], including the area under the receiver operating characteris-660

tic curve (AUROC) and the area under the precision–recall curve (AUPRC). AUROC661

characterizes the trade-off between the true positive rate (recall) and the false pos-662

itive rate across varying decision thresholds, while AUPRC captures the trade-off663

between precision and recall. For multi-disease classification, AUROC and AUPRC664
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are computed independently for each disease category and then averaged to obtain the665

macro AUROC and macro AUPRC. Evaluation of retrieval tasks leverages the metric666

of Recall@1, which measures whether the exact paired radiology report is retrieved667

within the top-1 result for a given CXR image, and vice versa. Segmentation perfor-668

mance is evaluated using the Dice score, which quantifies pixel-wise overlap between669

the predicted segmentation maps and the corresponding ground-truth annotations.670

Performance of radiology report generation is evaluated using standard lexical metrics671

(BLEU-2, BLEU-4, and Rouge-L) which measure word-level overlap between the gen-672

erated and reference reports, general semantic similarity metrics (BERTScore) that673

measure contextual embedding-level semantic similarity between generated and ref-674

erence reports, and radiology-specific metrics (RadGraph, Macro-F1-14, RaTEScore,675

and RadCliQ) which assess the clinical correctness and factual consistency of the676

generated reports.677

4.7 Statistical analysis678

To guarantee reliability and robustness of this study, we trained the model with five679

different random seeds and calculated the mean and standard deviation of the perfor-680

mance metrics, from which the standard error is computed as the standard deviation681

divided by
√

5. The corresponding normal-approximation 95% confidence interval (CI)682

is estimated as 1.96 × the standard error. We perform two-sided paired t-tests to eval-683

uate the statistical significance of performance differences between CheXficient and684

CheXfull, where metrics were computed across repeated experiments. A p-value less685

than 0.05 indicates a statistically significant difference, whereas a p-value greater than686

or equal to 0.05 suggests no statistically significant differences between them.687

4.8 Computation resources688

All experiments were conducted on NVIDIA H100 GPUs with 80 GB memory. CheX-689

ficient required approximately 60 H100 GPU-hours for curation and pretraining on690

280K paired CXR data, whereas CheXfull required about 220 H100 GPU-hours to691

train on 1,235K paired CXR data. For downstream fine-tuning, CheXficient used one692

H100 GPU for classification and segmentation tasks, and four H100 GPUs for radi-693

ology report generation. All pretraining and fine-tuning procedures were carefully694

monitored to ensure adequate convergence.695

5 Data availability696

All data used in this study are publicly available: MIMIC-CXR (https://physionet.697

org/content/mimic-cxr-jpg/2.0.0/); CheXpert (https://stanfordmlgroup.github.698

io/competitions/chexpert/); CheXpert-Plus (https://aimi.stanford.edu/datasets/699

chexpert-plus); ReXGradient-160K (https://huggingface.co/datasets/rajpurkarlab/700

ReXGradient-160K); PadChest (https://bimcv.cipf.es/bimcv-projects/padchest/);701

BIMCV-COVID19 (https://bimcv.cipf.es/bimcv-projects/bimcv-covid19/);702

CANDID-PTX (https://figshare.com/articles/dataset/CANDID-PTX/14173982);703

CASIA-CXR (https://www.casia-cxr.net/); Open-I (https://openi.nlm.nih.gov/faq);704
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NIH ChestX-ray14 (https://nihcc.app.box.com/v/ChestXray-NIHCC/folder/705

36938765345); BRAX (https://physionet.org/content/brax/1.1.0/); VinDr-706

CXR (https://vindr.ai/cxr); VinDr-PCXR (https://vindr.ai/datasets/707

pediatric-chest-x-ray); ChestDR (https://springernature.figshare.com/articles/708

dataset/ChestDR Thoracic Diseases Screening in Chest Radiography/22302775);709

SIIM-PTX (www.kaggle.com/c/siim-acr-pneumothorax-segmentation); Pneumo-710

nia2017 (https://data.mendeley.com/datasets/rscbjbr9sj/2); TBX11K (https:711

//datasetninja.com/tbx-11k); JSRT (http://db.jsrt.or.jp/eng.php); VinDr-RibCXR712

(https://vindr.ai/ribcxr).713

6 Code availability714

We have publicly released the data curation, pretraining, and evaluation code, along715

with the pretrained model weights, on GitHub at https://github.com/cwangrun/716

CheXficient. All experimental procedures are described in detail in the Methods717

section to support independent replication. To facilitate broader adoption, we also pro-718

vide standardized downstream modeling tasks that are accessible to a wide scientific719

audience. Together, these resources are made available to ensure transparency and to720

promote further research in this area.721
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