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ABSTRACT

Vision-Language Pre-training (VLP) is drawing increasing interest
for its ability to minimize manual annotation requirements while
enhancing semantic understanding in downstream tasks. However,
its reliance on image-text datasets poses challenges due to privacy
concerns and the high cost of obtaining paired annotations. Data
augmentation emerges as a viable strategy to address this issue, yet
existing methods often fall short of capturing the subtle and com-
plex variations in medical data due to limited diversity. To this end,
we propose MedCutMix, a novel multi-modal disease-centric data
augmentation method. MedCutMix performs diagnostic sentence
CutMix within medical reports and establishes the cross-attention
between the diagnostic sentence and medical image to guide atten-
tive manifold mix within the imaging modality. Our approach sur-
passes previous methods across four downstream radiology diagno-
sis datasets, highlighting its effectiveness in enhancing performance
and generalizability in radiology VLP.

Index Terms— Medical VLP, Disease-aware Augmentation

1. INTRODUCTION

The rise of self-supervised deep learning methods [1-3] has at-
tracted significant attention due to their capacity to reduce the need
for extensive manual annotations. This advantage is especially pro-
nounced in the medical field, where the annotation process is costly
but the multimodal nature of medical data often allows weak su-
pervision through accompanying medical reports [4—6]. Leveraging
the paired image-text data, the Vision-Language Pre-training (VLP)
paradigm enables the model to learn general visual and textual rep-
resentations, offering data-efficient solutions for downstream target
tasks. In contrast to the general domain, medical VLP models neces-
sitate exceeding global alignment and acquiring the ability to capture
fine-grained representations. In radiology, clinicians often focus on
the subtle yet crucial visual cues to perform the diagnosis, which
cannot be adequately captured solely through the global alignment
objective [7-11]. To address this, recent works propose attention-
based local alignment [8] and disease-level alignment strategies [9].
In the masked image modeling pretraining, MedIM [12] proposes
masking and reconstructing the image regions guided by reports to
enhance the fine-grained semantics capturing.

Despite these advancements, these approaches persist in their
inherent data-hunger nature and face the challenge of medical data
scarcity. While widely adopted VLP models in general domains,
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such as CLIP [1], are trained on vast datasets of 400M image-text
pairs from the internet, replicating such efforts for medical data
is currently hindered by privacy and legal concerns. We advocate
a data-centric approach to enhance medical VLP by focusing on
data augmentation to expand medical image-report pairs. It offers a
promising solution to mitigate data scarcity constraints while simul-
taneously enriching data diversity without requiring real-world data
acquisition, thus maintaining patient privacy.

Recognizing this gap, we propose MedCutMix, a novel multi-
modal disease-centric data augmentation technique explicitly de-
signed for medical vision-language pre-training. MedCutMix not
only increases the volume of the training data for medical VLP but
also expands the data diversity, specifically focusing on subtle yet
crucial disease-related semantics multi-modally. To achieve this, we
extract disease labels from radiology reports using the rule-based la-
beler. These labels help identify diagnostic sentences, which contain
key medical findings relevant to the disease. To effectively inte-
grate this textual information with images, we introduce a pairwise
CutMix strategy: (/) Text-level CutMix: diagnostic sentences from
source and target reports are mixed at the input level to augment
textual diversity; and (2) Feature-level Image Mixing: we leverage
cross-attention between diagnostic sentences and image features to
identify disease-relevant image regions, which are then selectively
mixed at the feature level, ensuring semantic consistency between
the mixed image and mixed report. Our contributions include:

1. We propose MedCutMix, a novel disease-centric data aug-
mentation framework designed for medical VLP, enhanc-
ing training data diversity while preserving critical disease-
related semantics.

2. To ensure cross-modal consistency, we introduce a pairwise
CutMix strategy that integrates text-level CutMix for aug-
menting diagnostic sentences and feature-level image mixing,
where cross-attention aligns disease-relevant visual regions
with textual information.

3. Our results show that MedCutMix successfully improves per-
formance over previous methods across four downstream ra-
diology diagnosis datasets, demonstrating its effectiveness in
enhancing generalisation in radiology VLP.

2. METHOD
In this work, we propose MedCutMix, a multi-modal disease-centric

data augmentation method tailored for medical VLP. As shown in
Fig. 1, MedCutMix introduces a novel pairwise CutMix strategy,
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transferring disease-related regions across image-report pairs to
enhance the model’s ability to recognize and understand diseases
in diverse visual contexts. The method comprises four key steps:
(1) Disease-centric label extraction and balanced sampling, (2)
Disease-related sentence identification from medical reports, (3)
Disease-relevant regions localization from medical images, and (4)
Mixing disease-related regions between image-text pairs to maintain
semantic consistency.

Disease-centric label extraction and balanced sampling. In this
work, we use the MIMIC-CXR dataset [13] and focus on C' com-
mon chest X-ray disease findings for pairwise CutMix. Let the pre-

efiting in better identifying the text-guided discriminative image
regions. The base model accepts images «; and x;, along with their
paired reports y; and y; as inputs. The model generates the im-
age global embedding v; and v;, local patch embeddings E (i g,:)
and E(i;g,j), as well as the global text representations ¢; and t;,
local embeddings Eic.t i) and E(yeq 7). We also collect the inter-
mediate image local features Efmg’i) and E@mgy ;) from the k-th
layer from the image encoder for future image feature-level mixup.
To target on the [. disease-related information, the diagnostic sen-
tence embedding is derived by applying a masking operation over
the report, represented as Eseni ) = Cutout(Egest,i), Mei).

| pjLeveraging the intrinsic vision-language alignment capability of the

training dataset be denoted by D = { (@, i, li,)) | c = 1,2, ..., C)}¢:1Warmed—up medical VLP model, the disease-related image regions

where ; € X € R7*W represents the input image resolution with
3 RGB channels, and y; € Y € R'*Vsi denotes the Ns; sentences
in each report that describe the corresponding image x;. The disease
label I(; ¢y is extracted from MIMIC-CXR reports via the open-
source rule-based tool-CheXpert labeler [14], where C' denotes the
total categories of the dataset. To address the class imbalance, we
perform balanced sampling by selecting n = % instances for
each disease, where Ninq. is a hyperparameter specifying the max-
imum number of newly created pairs. For each pair of randomly
sampled image-report pairs, e.g., (xi,y;) and (z;,vy;), both of
which contain disease [., we identify diagnostic sentences and vi-
sual regions pertinent to disease [.. We then perform input-level
CutMix for the medical report and execute attentive feature-level
mixup for the corresponding image modality.

Disease-related sentence identification from medical reports.
Recognizing that radiological reports often comprise several sen-
tences, each potentially providing independent information about
different findings of the image [15]. Diagnostic sentences not
only identify the disease but also convey additional details such
as severity and other relevant clinical aspects, thus offering a
more comprehensive understanding than a mere mention of dis-
ease name. Consequently, we extract disease-related content from
medical reports at the sentence level. Specifically, we perform
the semantic match for the disease [. within different sentences in
yi = (Yo}t and y; = {y(.0 }ost. where No; and N are
the number of sentences. The sentence containing an exact match
of the disease term [ is cut out as the diagnostic sentence, denoted
as yég’s) = Cutout(y:, M) and yég’s) = Cutout(yj, Myj).
Here, M;; and M;; are the binary masks that point out where the
disease-related sentence in the reports, as follows:

Mti = {M(ti,s) = I[(l(‘ S y(z,s))} S {07 1}N3i7
Ngj
Mtj = {M(tj,s) = H(ZL € y(j,s))} € {07 1} 7y

where [l is an indicator function that assigns 1 to sentences containing
l. and 0 otherwise. The operation Cutout(-,-) selects a sentence
from y; or y; where the corresponding binary mask M ;) = 1 or
M (tj, 5) = 1

©))

Disease-relevant regions localization from medical images. To
achieve the disease semantic consistency across the augmented
image and corresponding report, we guide the extraction of im-
age regions using the diagnostic sentences. This process utilizes
a warmed-up medical VLP model [9] with the Vision Trans-
former [16], ViT-B/16, as image encoder, which aligns the fine-
grained correspondences between medical images’ visual and se-
mantic aspects with their corresponding radiological reports, ben-

are identified using the diagnostic sentence embeddings to attend
to the image local embeddings. Specifically, we first compute the
attention map C for the i-th pair as follows:

E'Lm i) ° Esen 2 T
(Cz':Zsoftmax( (img,i) * (Baent,i)) )ERNP‘”“’L. 2)

Ti
Here, Npatcn denotes the number of image tokens obtained after
flattening the 2D patchified image. The softmax function normalizes
the elements along the image dimension to find the focused region
matched to each word in the diagnostic sentence. The summation
operation Y, performs on the text dimension to aggregate the atten-
tion related to the whole diagnostic sentence. 7 is the temperature to
control the size of the attention area.

Mixing disease-related regions between image-text pairs. After
identifying the disease-related sentences and their related image re-
gions, we implement the mix augmentation. This text augmentation
process operates as an input-level CutMix, involving cutting out the
diagnostic sentence from the source report y; and pasting the diag-
nostic sentence to the target report y;, represented as:

Yaug = Paste(Cutout(yi,Mti),y]-,sz), 3)

where Paste(-, -, -) denotes the operation of placing the coutout
from y; into y; at the location specified by the mask M;;. For the
visual modality, we utilize the source attention C; to perform an
attentive soft mix on the intermediate features obtained from the k-th
layer of the image encoder, expressed as:

E(kimgyaug) =Co Efimg-,i) +(1-C)o Eémg’j)' @

Following this, the augmented report y,.g is encoded via the text
encoder to yield the global text representation, denoted as tqug.
whereas, the augmented image feature E(kim g,aug) 18 directly fed
back into the image encoder to resume encoding from layer k£ + 1
onward, and derive the global visual representation vq.4. The newly
augmented global representations are subsequently used to compute
another image-text contrastive loss, as follows:

exp (Slm (v(aug,i)7 t(GUQvi)) /7—2)

gvgi oy = —log )

(et 32751 exPp (SIm (Vaug,i)s taug,s)) /72) )
i tau 1) aug,i

02— log =P (sim ((aug,i) Viaug,n) /72)

~ - .
Zj:l exp (51m (t(aug,i)f v(augyj)) /TQ)

The final contrastive loss is the average of the two, which is com-
puted as:

N
1 v v
‘CITCaug = ﬁ Z(g(tiig,z) + ‘gfiug,i))' (6)
=1
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Fig. 1. Overview of the MedCutMix pipeline. After disease-centric label extraction and balanced sampling, the pipeline
proceeds with the following steps: (1) identification of disease-related sentences from medical reports, (2) localization of
disease-relevant regions in medical images, and (3) mixing disease-related regions between image-text pairs to maintain se-

mantic consistency.

Since MedCutMix operates as a plug-in and runs simultaneously
with the base model’s training, we reuse the original objectives of the
base model [9], which include a token-wise alignment loss (LcTa),
instance-wise alignment loss (Lrta), and a prototype-level align-
ment loss (Lcpa ). Therefore, the final loss is expressed as follows:

L = Lota + Lrta + Lopa + L1TC 4 - 7

MedCutMix strengthens contrastive pre-training by emphasizing
disease-specific regions, enhancing the semantic diversity of the
original dataset. Additionally, as disease-related image regions are
guided by corresponding diagnostic reports, the CutMix areas be-
tween images and reports remain semantically aligned, ensuring
both the coherence and quality of the augmented data.

3. EXPERIMENTS

3.1. Experimental Details

Pre-training Setup. For our pre-training phase, we utilize the
MIMIC-CXR-JPG dataset [13]. Adhering to protocols established
by previous research [9], we select only frontal-view chest images
and extract the impression and findings from the accompanying
radiological reports, yielding over 210,000 radiograph-report pairs.
We follow the base framework [9] and use the ViT-B/16 [17] as
the image encoder and employ BioClinical BERT [18] as the text
encoder. The batch size is set to 72 on a single GPU, while 2 GPUs
are used for pre-training. MedCutMix is applied after 5 epochs of
warm-up. In MedCutMix augmentation, we focus on common chest
X-ray disease findings suggested by [14] for pairwise augmentation.
We empirically set the sentence temperature 71 to 0.005, while the
intermediate image features are extracted from the 11th layer of the
ViT.

Downstream Setup. The efficacy of MedCutMix is validated
through a comparative assessment of the transferability of baseline
models with and without MedCutMix. Our evaluation focus on
zero-shot image classification across various datasets, with results
presented as the macro average of AUROC and F1 scores across
all categories. CheXpert [14] features 224,316 chest X-ray images
from 65,240 patients, collected at Stanford Hospital. The official
validation set consists of 200 chest radiographic studies annotated by
three board-certified radiologists, while the official test set includes
500 studies annotated by five board-certified radiologists. Model se-
lection is based on zero-shot AUROC performance on the validation
set. During testing, results are reported both for the 5 observations
in the official test set for competition tasks and for the full set of 14
disease labels. NIH [19] was utilized in a multi-label classification
setup, comprising a total of 100k frontal-view X-ray images of about
32,000 patients annotated with 14 Chest X-Ray CXR diseases. We
used offical NIH test set for evaluation. PadChest [20] comprises
over 160,000 chest X-ray images from approximately 67,000 pa-
tients at Hospital San Juan (Spain). It has 193 disease image labels,
including 174 radiographic 254 findings and 19 differential diag-
noses. We adopt 39,053 chest X-rays annotated by board-certified
255 radiologists for zero-shot evaluation. RSNA Pneumonia [21]
was used in its stage 2 version, followed [9]. It comprises approx-
imately 29,700 frontal-view chest radiographs. The task involves
binary classification, distinguishing each chest image as either nor-
mal or pneumothorax positive. We employed the data split provided
by [9].

3.2. Experimental Results

The results Fig. 2 show the results of the base model without and
with MedCutMix, which demonstrate the effectiveness of Med-
CutMix, a disease-centric data augmentation technique, in improv-
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Fig. 2. Performance comparison of the base model without and with MedCutMix across multiple radiology datasets. The top
row shows the improvement in AUC scores, while the bottom row presents F1-score gains.

ing model performance across multiple radiology diagnosis tasks.
Notably, MedCutMix enhances AUC scores, particularly in the
CheXpert 5-Class task (from 0.8452 to 0.8535), while also yield-
ing gains in CheXpert 14-Class (0.7122 to 0.7137), NIH (0.6057
to 0.6202), and RSNA (0.7206 to 0.7278), leading to an overall
average AUC improvement from 0.7138 to 0.7208. Furthermore,
F1 scores also see a significant boost, with CheXpert 5-Class in-
creasing from 0.4491 to 0.4638 and RSNA improving from 0.5275
to 0.5515. These consistent gains highlight MedCutMix’s ability to
generate more informative and diverse training samples, enhancing
both model generalization and robustness.

3.3. Discussions

To evaluate the impact of hyper-parameter settings on MedCutMix,
we explored the effects of varying the maximum number of mixed
samples (Ny.q.) and the mixed layer (k).

Analysis of the number of mixed samples. The results in Table 1
highlight the impact of varying N,,q- on model performance, re-
vealing a balance between augmentation benefits and potential draw-
backs. The highest average AUC (0.7208) is achieved at Nz =
40, demonstrating that moderate augmentation enhances generaliza-
tion by introducing meaningful diversity while preserving essential
clinical features. However, as N4, increases to 300, performance
declines significantly (AUC drops to 0.7054), likely due to an over-
abundance of synthetic samples disrupting the real data distribution
and reducing feature fidelity. Dataset-specific effects are also ob-
served, where different datasets exhibit varying sensitivity to syn-
thetic augmentation. These findings underscore that while moderate
augmentation strengthens model robustness, excessive artificial mix-
ing may degrade clinical relevance and hinder learning.

Analysis of the number of mixed layers. Table 2 presents the im-
pact of varying the intermediate layers (k) at which visual features
are mixed, with the number of mixed samples held constant. Specif-
ically, we observed highest performance is achieved when mixing
occurs at the final layer and diminishes when applied to earlier lay-
ers. Nonetheless, all variations still outperform the baseline, which
does not employ MedCutMix.

Table 1. AUC scores under different maximum MedCutMix
samples (NVyqz)-

Datasets
Nomaa CheXpert5 | CheXpertl4 | PadChest | NIH | RSNA Avg. AUC

0 0.8452 0.7122 0.6855 | 0.6057 | 0.7206 | 0.7138
30 0.8492 0.7158 0.7011 | 0.6196 | 0.6412 | 0.7054
40 0.8535 0.7137 0.6890 | 0.6202 | 0.7278 | 0.7208
50 0.8534 0.7137 0.6890 |0.6202 | 0.7276 | 0.7208
100 0.8574 0.7415 0.6960 |0.6183 | 0.6097 | 0.7046
300 0.8360 0.6768 0.6781 | 0.6068 | 0.7294 | 0.7054

Table 2. AUC scores under different mixing layers (k).

Datasets
Layer k| o eXperts | CheXpertl4 | PadChest | NIH | RSNA | AV& AUC
5 0.8528 0.7100 | 0.69012 |0.6206 | 0.7230 | 0.7195
3 0.8532 0.7130 | 0.6891 |0.6201]0.7272| 0.7205
I 0.8534 0.7137 | 0.6890 |0.6202]0.7276 | 0.7208

4. CONCLUSION

This paper presents MedCutMix, a novel multi-modal disease-
centric data augmentation technique specifically tailored to ad-
dress data scarcity in VLP within the radiology domain. Our ap-
proach performs CutMix of diagnostic sentences within reports and
mix feature-level representations of disease-attended images. The
method effectively enhances the semantic diversity of augmented
medical data while preserving cross-modal semantic coherence, thus
addressing the challenges posed by privacy concerns and labeling
costs. Our comprehensive evaluation demonstrates that MedCutMix
outperforms the advanced medical VLP baseline in four datasets.
These results affirm the efficacy of MedCutMix in improving the
performance and generalizability of models within the medical VLP.
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