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Abstract. Self-supervised learning (SSL) has emerged as a powerful
paradigm for medical image representation learning, reducing dependence
on expert annotated datasets. However, a controlled comparison of the
most prominent SSL families (reconstructive, contrastive, and hybrid) for
the chest X-ray domain remains lacking. Thus, in this work, we benchmark
Masked Autoencoders (MAE), Momentum Contrast v3 (MoCov3), and
Contrastive Masked Autoencoders (CMAE) by pretraining on MIMIC-
CXR-JPG and evaluating on a chest X-ray triage task. To the best of
our knowledge, this is the first adaptation of CMAE to this radiological
domain. We evaluate representation quality through (i) linear probing
with 100% labels, (ii) fine-tuning at 1%, 10%, and 100% label fractions
on CheXpert, reporting AUROC and Flpacro across multiple random
seeds, and (iii) out-of-distribution (OOD) transfer in a few-shot regime.
Our results show that MAE achieves the most consistent AUROC per-
formance, with the clearest advantage at 10% labels and cross-anatomy
OOD transfer. MoCo v3 shows a localized advantage in Flmacro after
post-hoc threshold selection, under the 1% label regime while all methods
converge under full supervision. OOD transfer was weak overall, with
MAE leading under cross-anatomy transfer, while the contrastive branch
showed potential under cross-institution shift. The findings suggest that
the choice of SSL strategy should be guided by the intended deployment
scenario.

Keywords: Self-supervised learning - Chest X-ray - Contrastive learning
- MAE - Representation learning - MIMIC-CXR-JPG - CheXpert

1 Introduction

Deep learning models for chest X-ray analysis have achieved remarkable perfor-
mance in detecting a wide range of thoracic pathologies [1423]. However, their
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success has been conditioned on large collections of expert-labelled images, which
are expensive and time-consuming to curate [I]. Self-supervised learning (SSL)
alleviates this bottleneck by exploiting large amounts of unlabelled data to learn
transferable representations prior to fine-tuning on downstream tasks [27].

Two dominant SSL families have emerged in the computer-vision community
and subsequently adapted to the medical imaging field. Contrastive learning
methods (MoCo [I1], SimCLR [4]), learn instance-discriminative representa-
tions by pulling together augmented versions of the same image while pushing
apart views from different images. Instead, reconstructive methods pioneered
by the Masked Autoencoder (MAE) [10], learn to reconstruct masked image
patches, encouraging the model to capture complete and locally consistent features.
More recently, hybrid approaches such as Contrastive Masked Autoencoders
(CMAE) [13], have emerged. They combine both objectives and have achieved
state-of-the-art results on natural image benchmarks.

These paradigms have been applied to medical image analysis in prior work.
On the contrastive side, MoCo-CXR [21] adapted the MoCo strategy to chest X-
rays, while Azizi et al. [I] and Vu et al. [22] refined positive-pair construction using
patient-level and structured metadata. On the reconstructive side, MAEs [10]
have been adapted to medical images [29], including chest X-rays [25]. However,
in the case of CMAE [I3], even if MAE-based hybrid objectives have already
been explored in medical vision-language settings [6], to our knowledge CMAE
has not been applied to chest X-rays under controlled, single-modality conditions.

Despite progress on the area, controlled cross-family comparisons remain
rare. A systematic review of several medical SSL studies [12] found that most of
them compare a single strategy to a supervised baseline. Wolf et al. [24] compare
contrastive and masked-autoencoder pretraining on small medical datasets, while
Zheng et al. [28] benchmark contrastive, generative, and hybrid methods such
as CMAE, but for CT segmentation rather than radiograph classification. This
heterogeneity in SSL family, pretraining data, and training control makes it
difficult to attribute performance differences to the SSL objective itself rather
than to training scale or data distribution, and none of these studies jointly
evaluates label efficiency and OOD transfer under matched pretraining conditions.

Since the benefits of self-supervised pretraining over training from scratch have
already been established for chest X-ray classification [IJ2T24], our objective
is instead to characterize the relative behavior of reconstructive, contrastive,
and hybrid SSL objectives under matched pretraining conditions, considering
deployment-oriented scenarios in which models are adapted or calibrated using
limited target-population data. Hereby, we address this gap by conducting a
fair evaluation of MAE, MoCov3, and CMAE pretrained on the same dataset
(MIMIC-CXR-JPG [I5]) and using the same backbone architecture (ViT-B/16 [§]).
Our main contributions are:

1. We adapt and evaluate CMAE, previously unexplored in chest X-ray imaging.

2. We benchmark MAE, MoCov3, and CMAE under matched pretraining
conditions.
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Fig. 1. Overview of the experimental pipeline. Left: three SSL methods (MAE, MoCo
v3, CMAE) are pretrained from scratch on MIMIC-CXR-JPG, each producing a ViT-
B/16 encoder. Right: each pretrained encoder is evaluated via linear probing, supervised
fine-tuning at multiple label fractions, and OOD few-shot transfer.

3. We assess representational quality through linear probing, fine-tuning across
label fractions (1%, 10%, 100%), and OOD few-shot transfer in cross-anatomy
and cross-institution scenarios, for a comprehensive characterization of gen-
eralization, as performed in other benchmark comparisons [3].

2 Experimental setup and methodology

The methodology is divided into two stages, summarized in Figure [1} i) model
pretraining on MIMIC-CXR-JPG using the 3 SSL strategies, and ii) evaluation
and fine-tuning of the pretrained models with different amounts of labels using
CheXpert, MURA /MSK and NIH-Chest-Xrayl4 (CXray14) for OOD analysis.
Exact dataset sizes, label fractions, and number of independent repetitions are
reported in Table [I} Protocols requiring subsampling were repeated with three
random seeds, whereas full-data protocols were run once.

2.1 Datasets

MIMIC-CXR-JPG [I5]. It is a publicly available collection of 377,110 chest
X-rays from 227,835 studies from Beth Israel Deaconess Medical Center. We used
~372k images for pretraining, and ~5k images for validation, using the original
splits to avoid data leakage between sets. Labels are not used at any stage of
pretraining.

CheXpert [14]. This dataset contains 224,316 chest X-rays from 65,240
patients collected at Stanford University Medical Center, labelled across 14
thoracic conditions [I4]. We binarize this into a finding vs. no-finding for our
triage scenario. Using CheXbert-derived labels [20], a study is labelled finding if
at least one of 13 pathologies is predicted present (excluding No Finding), with
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Table 1. Summary of evaluation protocols. Seeds indicate number of independent
repetitions

Protocol Dataset Label fraction Metric Seeds
Linear probe CheXpert 100% (frozen enc.) AUROC + Flmacro 1
Fine-tuning 1% CheXpert ~1,097 imgs AUROC + Flnacro 3
Fine-tuning 10% CheXpert ~10,974 imgs AUROC + Flmacro 3
Fine-tuning 100% CheXpert 109,740 imgs AUROC + Flnacro 1
OOD (cross-anatomy) MSK/MURA 50 train, 3196 test ~ AUROC + Flmacro 3
OOD (cross-institution) ~CXrayl4 50 train, 25596 test AUROC + Flmacro 3

uncertain labels treated as positive to maximize sensitivity [26]. We preserve the
official splits, undersampling No Finding cases in training to obtain a balanced set
of 109,740 X-rays; validation (234) and test (668), each annotated by consensus
of radiologists, follow the same binarization of labels and all samples are retained.

To evaluate cross-domain transfer we used the following datasets. In both
cases, each original validation set was used as the test set:

MSK / MURA [19] tests cross-anatomy transfer. It is a large musculoskeletal
X-ray dataset containing 40,561 images across seven body parts, evaluated on
the normal/abnormal binary task.

CXray14 [23] tests cross-institution transfer within the same imaging modal-
ity. It comprises 112,120 frontal chest X-rays from the NIH Clinical Center,
annotated with 14 disease labels. We binarize these into the same finding vs.
no-finding scheme used for CheXpert.

2.2 SSL Pretraining

Setup: MAE [10], MoCo v3 [5] and CMAE [I3] follow their official implementa-
tions. Augmentations that are not adequate for medical imaging such as color
jitter and random grayscale are removed, and rotation and horizontal flipping were
added, following recommendations in [21]. Images are resized to 224x224 pixels
and normalized with dataset-specific mean and standard deviation computed
from MIMIC-CXR-JPG (u = 0.5020 and ¢ = 0.085585).

Objectives and Augmentation Strategies: All models share the following
configuration to ensure fair comparison. The backbone is a ViT-B/16 [8] with
patch size 16x16 and input resolution 224x224. Pretraining is performed for 200
epochs on MIMIC-CXR-JPG [I5]. We use the AdamW optimizer with cosine
learning rate decay and a linear warm-up of 20 epochs. The effective batch
size (EBS) is set to 1024 for the 3 models. Training is conducted using mixed-
precision (bfloat16). Moreover, following the recommendations of the original
implementations of MAE [I0], MoCo v3 [5] and CMAE [I3] we adopt a learning
rate of 1.5 x 10™*. Weight decay was set to 0.05 for all three models.

Table 2] summarizes the architecture, masking strategy, loss, and augmentation
pipeline used for each SSL method. Unless otherwise noted, all hyperparameters
follow the values recommended in each method’s original publication rather than
a domain-specific search.
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Table 2. Configuration of the three SSL pretraining strategies following original
implementations.

Method Architecture = Masking/ Loss Augmentations
Momentum
MAE [10] Encoder— Patch mask- Reconstruction loss — Random resized crop (0.7-1.0)
decoder ing: 75% Lrec using MSE on  — Horizontal flip
(lightweight masked patches, nor-
decoder) malized pixel space
MoCov3 [5] Momentum en- Momentum Contrastive loss L — Random resized crop (0.7-1.0)
coder, 3-layer m = 0.99 using Symmetric In- — Horizontal flip
MLP projector, foNCE between differ- — Gaussian blur
2-layer predic- ent views — Rotation (£10°)
tor
CMAE [I3] Dual-branch: Online Sum of reconstruc-  Online branch:
online encoder—  branch: tion and contrastive — Random resized crop (0.7-1.0)
decoder and — Patch loss L = Lyec + ALa, — Horizontal flip
momentum masking with A = 1.0 follow- Momentum branch:
encoder. Addi- 65% ing the original abla- — Random resized crop (0.7-1.0)
tional feature = Momentum tion study recommen- — Horizontal flip
decoder branch: dation [I3] — Rotation (£10°)
— momentum — Gaussian blur
m = 0.99 — Pixel-shift

2.3 Finetuning and evaluation protocol

We evaluate the pretrained encoders under the three protocols shown in Figure [I]
and detailed in Table [1} Models were trained for up to 50 epochs with AdamW
and a weight decay of 0.05. Early stopping was applied using validation AUROC
with a patience of 10 epochs, and the best checkpoint was used for test-set
evaluation. The classification head learning rate was set to le-3 for all cases.

Linear probing: With the encoder frozen, we train a single linear head on
100% of the CheXpert training data to assess raw representation quality without
adapting the backbone. We used a batch size of 256.

Supervised fine-tuning: We fine-tune the full encoder plus a linear head
at 1%, 10%, and 100% label fractions. The 1% and 10% settings are repeated
across 3 random seeds to estimate variance under limited supervision (each seed
determines a different random subset of the training data), and the 100% setting,
using the full training set, is run once. We use separate learning rates for the
head and the backbone (le-4 for the backbone, scaled to the EBS of 128).

OOD transfer: To assess cross-domain generalization without target domain
backbone fine-tuning, we evaluate a frozen linear probe on a few-shot setup
across 3 random seeds, under two domain-shift scenarios: cross-anatomy transfer
to MSK/MURA and cross-institution transfer to CXrayl4. For each seed and
each target dataset, 50 target-domain training images were sampled from the
respective official training partition, stratified by class and anatomical region for
MURA, and finding label for CXray14. When multiple images from the same
patient or study were available, sampling was performed at the patient/study
level to avoid leakage. We used a batch size of 16.

Performance was evaluated using AUROC and class-balanced F1acr0- AU-
ROC was the primary metric because it is threshold-independent and measures
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Table 3. Linear probe and fine-tuning (FT) performance on CheXpert (mean + std
across 3 seeds for the subsampled protocols; linear probe and FT 100% use the full
training set and are therefore reported as single runs). Flmacro calibration thresholds
ranged 0.22-0.41 across methods and label fractions.

Method Linear Probe FT 1% labels FT 10% labels FT 100% labels
AUROC Flmacro AUROC Flmacro AUROC Flmacro AUROC Flmacro
MAE 0.63 0.56 0.60£+0.09 0.54+0.06 0.67£0.004 0.58 £0.02 0.74 0.65
MoCov3  0.63 0.58 0.594+0.05 0.58+£0.04 0.60+£0.018 0.56 £0.02 0.74 0.65
CMAE 0.58 0.54 0.56 £0.03 0.52+£0.05 0.62+0.003 0.56 £ 0.01 0.74 0.63

ranking ability for case prioritization. F1,,,..c was used as a secondary operating-
point metric, as binary triage requires threshold selection and a fixed threshold
of 0.5 is inappropriate under the prevalence shift between the balanced training
and test set (84% positive cases for CheXpert).

Thresholds were calibrated under a minimum recall constraint of > 80%,
chosen as a standardized sensitivity-oriented operating point for comparing
methods in a triage-like scenario rather than a universal clinical deployment
threshold. In practice, the appropriate threshold should depend on the workflow
and be calibrated using expected target prevalence or a representative local cohort.
To approximate this setting, we estimated F1,,,.r0 using repeated stratified 5-fold
cross-validation within the held-out target cohort, so that no sample was used
to determine its own threshold. In each fold, the threshold was selected on the
remaining folds as the most selective value achieving recall > 80%, and then
applied to the held-out fold. Thus, F1l,,..0 represents an out-of-fold estimate
after post-hoc calibration, while AUROC remains the primary metric for model
comparison. Statistical significance is assessed using pairwise DeLong’s tests for
AUROC [7]. Flyacero differences, as well as OOD AUROC comparisons against
chance level, are assessed using patient-clustered bootstrap resampling with 2000
iterations [9]. For the three pairwise model comparisons within each protocol, we
apply Benjamini-Hochberg (BH) correction for multiple settings [2].

3 Results and Discussion

3.1 Linear probe and fine-tuning

Table [3] reports linear probing and fine-tuning results across label fractions. At
linear probing, MAE and MoCo v3 achieve the highest AUROC (0.63) and are
statistically indistinguishable (DeLong, ppy = 0.57), while both significantly
outperform CMAE (0.58; ppy = 0.003 and 0.020 respectively), suggesting that
CMAE’s frozen representations are less globally discriminative in this regime.
Prior work [I0/17] suggests that reconstruction-based objectives tend to produce
rich but less linearly separable features than contrastive methods; MAE deviates
from this pattern here, possibly due to the narrower domain of chest X-rays and
the binary nature of the downstream task, making features easier to separate.
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Table 4. OOD transfer under two domain-shift scenarios using few-shot: cross-anatomy
transfer to MSK/MURA and cross-institution transfer to CXray14 (mean =+ std across
3 seeds). Flmacro calibrated to 80% recall as in Table

Cross-anatomy (MURA) Cross-institution (CXray14)
AUROC Flmacro AUROC Flmacro

MAE 0.587+0.018  0.498 £0.005  0.587+£0.042 0.551 £ 0.049
MoCov3 0.535+0.044  0.481 £ 0.041 0.594 £0.009  0.556 &+ 0.010
CMAE 0.567 £0.052  0.495+0.062  0.598 +0.017  0.562 £ 0.025

Method

CMAE, in contrast, may be subject to a trade-off as the encoder may not fully
optimize global discriminability while simultaneously satisfying the reconstruc-
tion objective. MoCo v3’s competitive performance supports the strong linear
separability typically associated with contrastive representations [4UTT].

At the 1% label fraction, all three methods perform comparably (AUROC
between 0.56 and 0.60) with overlapping standard deviations, and are statistically
indistinguishable. This indicates that the available supervision is insufficient
to reliably differentiate pretraining strategies at this extreme low-data regime.
However, considering Flyacro0, MoCov3 (0.58) significantly outperforms both
CMAE (0.52, ppg = 0.0056) and MAE (0.54, pgg = 0.035) at the calibrated
operating point, suggesting a better precision—recall trade-off under the selected
80% recall constraint. At 10% labels, differences begin to emerge: MAE achieves
significantly higher AUROC (0.67), followed by CMAE (0.62) and MoCov3
(0.60). In terms of Flyacro, differences do not reach significance after correction
(peu > 0.69). At 100% labels, AUROC converges to the same value (0.74) for all
three methods, with no significant pairwise differences (pgg > 0.91), indicating
that sufficient supervision closes any representational gap between pretraining
strategies. Flyacro likewise shows no significant differences at this fraction (MAE
0.65, MoCov3 0.65, CMAE 0.63).

3.2 0OO0OD transfer:

Table [ presents few-shot OOD transfer results under two domain shift scenarios:
cross-anatomy results from chest X-rays (pretrained on MIMIC-CXR-JPG) to
musculoskeletal X-rays (MSK/MURA), and cross-institution transfer to chest
X-rays from a different source (CXray14).

Cross-anatomy transfer (MURA). Performance is weak overall but not
uniformly at chance level: bootstrap testing against chance (AUROC =0.5) shows
MAE is significantly above chance in all three seeds (p < 0.002), CMAE in two
of three seeds, and MoCov3 in only one of three seeds. Pairwise comparisons
confirmed the AUROC ranking MAE > CMAE > MoCov3 after BH correction
(pu < 0.029). Fl,,acr0 showed the same ordering and was also statistically
significant after correction. However, the absolute differences were small. We
therefore interpret the OOD results as statistically consistent but practically
modest.
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Cross-institution transfer (CXray1l4). Unlike cross-anatomy transfer,
all three methods perform significantly above chance in all three seeds (p =
0.001 in every case), indicating that some discriminative signal is retained by
every SSL objective under institutional shift alone. However, the ranking among
methods differs from the cross-anatomy setting: CMAE achieves the highest mean
AUROC (0.598), followed by MoCo v3 (0.594) and MAE (0.587). Pairwise AUROC
differences were not statistically significant after BH correction (pgg > 0.20),
so at the AUROC level the three objectives are statistically indistinguishable
under this shift. Flyacro, in contrast, showed the same CMAE > MoCov3 >
MAE ordering and was statistically significant after correction (pgg < 0.001 for
all three pairwise comparisons), indicating a modest advantage for CMAE at the
calibrated operating point.

The two protocols do not show a consistent ranking across domain-shifts.
MAE shows the clearest advantage under cross-anatomy transfer, whereas CMAE
shows a modest advantage in Flyacro under cross-institution transfer. In both
cases, the leading method includes a reconstruction-based objective suggesting
that the low-level structural features preserved through reconstruction, such
as texture and contrast, may support cross-domain transfer. The contrastive
branch in CMAE may provide an additional benefit under acquisition-level shifts,
where anatomy is similar but scanner, protocol, or patient characteristics differ.
However, given the small numerical difference and the limited few-shot target sets
in both protocols, these results should be considered exploratory and validated
on additional domains and larger few-shot settings.

3.3 Clinical use case: implications for triage

The observed pattern is relevant for deployment-oriented scenarios in which mod-
els are adapted or calibrated using limited target-population data. In particular,
for triage-like settings where the preferred SSL strategy may depend on whether
the goal is case prioritization or binary decision-making at a calibrated operating
point. Under this framing, MAE appears more suitable when ranking performance
is prioritized under label-scarce fine-tuning, whereas MoCo v3 shows an advantage
for Flacro in the most label-scarce setting. We therefore interpret our results not
as unconditional superiority of one strategy, but as a label-fraction-specific choice.
Consequently, post-hoc threshold calibration [I8[16] on the target deployment
population should be considered necessary before clinical deployment regardless
of pretraining strategy. The OOD results suggest that this choice may also
depend on the intended distribution shift. In the cross-anatomy scenario, MAE
shows a clear advantage indicating that reconstructive objectives may help retain
transferable low-level features. However, in the cross-institution scenario which is
more clinically relevant, reflecting deployment across institutions, CMAE shows
a modest advantage in F1,.0, indicating that the addition of the contrastive
branch may suit acquisition-level variability across sites. Nevertheless, the over-
all OOD performance remained weak for both scenarios under this minimal
adaptation setting, showing that single-domain chest X-ray pretraining may be
insufficient for robust generalization beyond the source distribution.
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4 Conclusions

We presented a controlled benchmark of three SSL strategies pretrained from
scratch on MIMIC-CXR-JPG for chest X-ray representation learning: MAE,
MoCov3, and CMAE, including, to the best of our knowledge, the first adaptation
of CMAE to this domain. Across the evaluated regimes, MAE emerged as the most
consistent strategy for ranking-based performance, with its clearest advantage at
10% labels and under cross-anatomy few-shot transfer to MSK/MURA. MoCo v3
showed a localized advantage in Fl,,,.r0 under the most label-scarce setting, but
this difference did not persist with more labelled data. Under full supervision,
all methods converged to similar performance. This pattern suggests that SSL
method selection in practice should be guided by the intended deployment
scenario and labelling budget rather than by a single aggregate metric. CMAE’s
hybrid objective does not consistently outperform the individual reconstruction
or contrastive baselines, and does not surpass MAE within CheXpert fine-tuning
regimes. However, it showed a modest advantage over MAE and MoCo v3
under cross-institution OOD transfer, suggesting that the benefits of combining
reconstruction and contrastive objectives may depend not only on optimized
settings, but also on the type of distribution shift.

Even if our preliminary results suggest that objectives involving reconstruction
provide the most consistent representation across regimes, specific adjustment of
hyperparameters, backbone size, and pretraining schedule, together with larger
OOD and multi-label cohorts, were not explored here. In addition, contrastive
methods are highly sensitive to augmentation design and batch size. We therefore
leave a systematic study of the influence of these factors to future work.
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