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Abstract

We present ReXGradient-160K, representing
the largest publicly available chest X-ray
dataset to date in terms of the number of pa-
tients. This dataset contains 160,000 chest
X-ray studies with paired radiological reports
from 109,487 unique patients across 3 U.S.
health systems (79 medical sites). This com-
prehensive dataset includes multiple images per
study and detailed radiology reports, making it
particularly valuable for the development and
evaluation of Al systems for medical imaging
and automated report generation models. The
dataset is divided into training (140,000 stud-
ies), validation (10,000 studies), and public test
(10,000 studies) sets, with an additional private
test set (10,000 studies) reserved for model eval-
uation on the ReXrank benchmark. By provid-
ing this dataset, we aim to accelerate research
in medical imaging Al and advance the state-
of-the-art in automated radiological analysis.

Data and Code Availability The dataset is
available at https://huggingface.co/datasets/
rajpurkarlab/ReXGradient-160K.

Institutional Review Board (IRB) This study
was approved by the Harvard University IRB (22-
0364) and IRB (22-0400) with waiver of consent for
retrospective research on de-identified data.

© X. Zhang, J.N. Acosta, J. Miller, O. Huang & P. Rajpurkar.

1. Introduction

The increasing global demand for radiological exper-
tise, coupled with uneven distribution of specialists
and growing workloads, has created significant chal-
lenges in healthcare delivery. Recent years have seen
remarkable advances in artificial intelligence (AI) ap-
plications for medical imaging, particularly in devel-
oping Al systems that can generate comprehensive
radiology reports (Tanida et al., 2023; Zhou et al.,
2024; Bannur et al., 2024; Pellegrini et al., 2023; Luo
et al., 2023; Tanida et al., 2023; Pellegrini et al.,
2023; Wu et al., 2023; Zhang et al., 2024a), aiming
to enhance workflow efficiency and expand access to
expert-level interpretations.

Several large-scale chest X-ray datasets with paired
reports have been instrumental in advancing this
field. The MIMIC-CXR dataset, comprising 227,835
studies from 65,379 patients treated at Beth Is-
rael Deaconess Medical Center, provided one of the
first large-scale collections of radiographs with cor-
responding free-text reports (Johnson et al., 2019).
This was followed by CheXpert Plus, which enhanced
the original CheXpert dataset with detailed radiol-
ogy reports and metadata across 223,228 studies from
64,725 patients, offering improved capabilities for
model development and evaluation (Chambon et al.,
2024). The IU X-ray dataset, a smaller database with
7,470 image-report pairs, has been widely used for
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early development and testing of report generation
models (Demner-Fushman et al., 2016).

However, as Al-assisted medical reporting contin-
ues to evolve rapidly, there is a critical need for stan-
dardized benchmarks and comprehensive evaluation
frameworks. Existing datasets often face limitations
regarding consistent data splits, standardized eval-
uation metrics, and the ability to test model gen-
eralization across different clinical settings (Johnson
et al., 2019; Chambon et al., 2024). Most notably,
these datasets are typically collected from single in-
stitutions, which limits their ability to evaluate mod-
els” generalization capabilities across diverse health-
care settings. The Medical AI Data for All (MAIDA)
initiative (Saenz et al., 2024) represents another im-
portant effort to address the generalizability chal-
lenge by establishing a framework for global medical-
imaging data sharing across diverse clinical environ-
ments. However, its current data collection scale of
approximately 100 scans per setting limits its ulti-
mate size.

To address these challenges, we present
ReXGradient-160K, a large-scale, multi-institutional
dataset of chest radiographs with paired radiology
reports (Figure 1). Our dataset contains 160,000
chest X-ray studies with associated reports from
over 100,000 unique patients across multiple medical
institutions, making it the largest publicly available
multi-site chest X-ray dataset to date. This dataset
is complemented by ReXGradient, a private eval-
uation set of 10,000 studies from 67 U.S. medical
sites, which serves as the test set for the ReXrank
benchmark (https://rexrank.ai) (Zhang et al.,
2024b).  Together, this comprehensive collection
includes multiple images per study and detailed
radiology reports, making it particularly valuable for
developing and evaluating Al systems for medical
imaging and automated report generation. The
multi-institutional nature of our dataset provides a
unique opportunity to assess and improve the gen-
eralization capabilities of AT models across different
clinical settings and geographical locations.

2. Related Works

Several chest X-ray datasets with paired reports have
been developed to advance Al research in medi-
cal imaging. The MIMIC-CXR, dataset (Johnson
et al., 2019) contains 377,095 chest X-rays associated
with 227,835 studies from 65,379 patients treated
at Beth Israel Deaconess Medical Center (Boston,

MA). This single-institution data set includes free
text radiology reports and DICOM images and was
one of the first large-scale collections to provide both
image data and comprehensive reports. CheXpert
Plus (Chambon et al., 2024) enhanced the origi-
nal CheXpert dataset by adding radiological reports
to 223,228 studies from 64,725 patients at Stan-
ford Hospital. The dataset provides 14 labeled find-
ings and preserved DICOM metadata, supporting
research in both classification and report genera-
tion tasks. PadChest (Bustos et al., 2020), col-
lected from the Hospital Universitario de San Juan
in Spain, includes 160,861 images from 67,625 pa-
tients with reports written in Spanish, which lim-
its its utility. Some smaller datasets like IU X-ray
(Demner-Fushman et al., 2016) have contributed to
advancing Al research in chest X-ray analysis, but
limited in size and institutional diversity. Concur-
rent with dataset development, researchers have pro-
posed domain-specific evaluation metrics, including
RadCliQ (Jain et al., 2021), RaTEScore (Zhao et al.,
2024), GREEN (Ostmeier et al., 2024), FineRad-
Score (Huang et al., 2024), and CheXPrompt (Zam-
brano Chaves et al., 2025) to better assess clinical
accuracy beyond traditional NLP metrics.

Our ReXGradient-160K dataset addresses key lim-
itations in existing datasets. With 273,004 images
from 160,000 studies and 109,487 patients, it rep-
resents the largest publicly available chest X-ray
dataset in terms of the number of patients. Most
significantly, ReXGradient-160K is collected from 4
distinct medical systems across the United States,
providing unprecedented institutional diversity com-
pared to existing single-institution datasets. This
diversity is crucial for developing Al systems that
can generalize across different clinical settings, radio-
graph acquisition protocols, and reporting styles.

3. Dataset Composition

ReXGradient-160K comprises 273,004 unique chest
X-ray images from 160,000 radiological studies, col-
lected from 109,487 unique patients across 3 U.S.
health systems. The dataset is divided into three
splits: training (140,000 studies), validation (10,000
studies), and public test (10,000 studies) sets. A
single patient may be associated with multiple stud-
ies over time, and each study typically contains one
or more images. Table 1 provides a comprehen-
sive overview of the dataset statistics across different
splits, including the number of studies, unique im-
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Patient Demographic: 62Y, M
Study Date: 20130105

Indication: Preoperative respiratory examination for hernia repair. Ex-smoker.

Comparison: None.

Findings : The heart size and mediastinal contours are normal. There is a nodular density
projecting inferior to the anterior aspect of the right fifth rib on the frontal examination. There is
no definite corresponding finding on the lateral view. This may reflect a nipple shadow. A small
pulmonary nodule is difficult to exclude. The lungs are otherwise clear. There is no pleural effusion.

Osseous structures appear normal.

Impression: |. No acute cardiopulmonary process. 2. Possible asymmetric nipple shadow on the
right versus small pulmonary nodule. Repeat PA view with nipple markers recommended. These
results will be called to the ordering clinician or representative by the Radiologist Assistant, and

communication documented in the PACS Dashboard.

Patient Demographic: 62Y, M

Study Date: 20130105

Indication: Evaluate for pulmonary nodule versus
asymmetric nipple shadow.

Comparison: Earlier the same date.

Findings : Repeat PA view with nipple markers
demonstrates the nodular density overlapping the right
lung base to correspond with the patient's right nipple
shadow. There is no evidence of pulmonary nodule.
Impression: Repeat exam confirms the presence of a
prominent right nipple shadow. No evidence of
pulmonary nodule.

Figure 1: Example of multiple studies from a single patient in ReXGradient-160K. Left and Middle: Initial
study with frontal and lateral views. Right: Follow-up study from the same patient demonstrating
the dataset’s longitudinal capability with preserved temporal relationships.

ages, patients, and the mean token counts for each
report section.

3.1. Data De-identification

To ensure complete patient histories, we excluded pa-
tients whose first chronological study contained non-
null comparison fields, as this indicated missing prior
examinations in our collection. All radiological re-
ports were processed through a standardized pipeline
that verified the presence of four essential sections:
indication, comparison, findings, and impression. Re-
ports lacking clear section delineation were excluded.
This comprehensive filtering and validation process,
while reducing the initial cohort size, guaranteed that
our final dataset of 160,000 studies represents com-
plete, well-structured data suitable for robust deep
earning research across diverse clinical environments.

3.2. Data De-identification

Our de-identification process is fully HIPAA com-
pliant and is divided into two parts: text de-
identification for reports and imagery metadata, and

pixel de-identification for removing protected health
information (PHI) specifically found in the imagery.
In the cases of names, IDs, and dates, we resort to
pseudonymization to add an additional layer of pro-
tection. Names are replaced, IDs are altered, and
dates are shifted to within 365 days of the actual
date. Studies for the same patient undergo the same
date shift in order to maintain validity in comparing
patient outcomes over time

3.3. Image Characteristics

All images in the dataset were originally in DICOM
format and have been converted to PNG format
using a standardized preprocessing pipeline. The
process began with pixel data extraction from DI-
COM files using pydicom, followed by proper han-
dling of bit depth and photometric interpretation.
For MONOCHROMEI images, pixel values were in-
verted to maintain consistent representation across
the dataset. Standard min-max normalization to the
full 16-bit range (0-65535) was applied. In accordance
with our data use agreement, images were downsam-
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Table 1: Dataset Statistics. Study Statistics show the distribution of studies, unique images, and distinct
patients. Report Statistics display the mean number of tokens for each report section (Indication,

Comparison, Findings, and Impression).

Study Statistics

Report Statistics (Mean Tokens)

Split

Studies Images Patients Indication Comparison Findings Impression
Train 140,000 238,968 95,716 5.11 2.65 32.27 11.17
Validation 10,000 17,007 6,964 5.16 2.75 32.92 11.63
Test 10,000 17,029 6,807 5.13 2.78 32.48 11.52

Table 2: Demographic Statistics. Age Statistics show the percentage distribution across age ranges. Sex
Statistics display the percentage distribution by gender.

Age Statistics (%)

Sex Statistics (%)

Split

0-20 20-40 40-60 60-80 80+ Male Female Unknown
Train 16.9 19.4 25.1 26.0 12.6 49.0 49.5 1.5
Validation 17.9 20.3 25.5 24.0 12.2 48.3 50.4 1.3
Test 17.3 19.6 25.4 24.5 13.2 47.9 50.3 1.8

pled to 25% of their original dimensions using cubic
interpolation with anti-aliasing to maintain impor-
tant structural details. Original images are commer-
cially available through Gradient Health (Durham,
NC, USA)

3.4. Report Structure

Each radiological report in our dataset is structured
into four key sections:

e Indication: Provides relevant patient back-
ground and reason for examination

e Comparison: Provides relevant patient back-
ground and reason for examination

e Findings: Detailed radiological observations

e Impression: Summary of key conclusions and
recommendations

To ensure consistent report formatting across all
studies, we prompt GPT-40 to extract four key sec-
tions from the original reports. Additionally, we im-
plemented a robust post-processing validation step
to ensure all sections contained valid content, remove
the cases where particular sections might be missing
in the original reports.

3.5. Demographic Distribution

Table 2 presents the demographic distributions across
training, validation, and testing splits. The age dis-
tribution shows consistency across all splits, with pa-
tients aged 40-80 years representing the largest pro-
portion (approximately 50% of the dataset). The sex
distribution exhibits a balanced ratio between male
and female patients (approximately 49% male and
50% female) across all splits, with a minimal per-
centage (1.3-1.8%) of cases with unknown.

4. Data Records

All data will be available on Huggingface. Access to
the ReXGradient-160K dataset requires signing our
license on Huggingface. The dataset organizes im-
ages into subfolders, with each subfolder named ac-
cording to the anonymous patient identifier and study
ID. Each patient subfolder contains one or multiple
studies, with each study containing one or multiple
images. For the reports, we provide metadata includ-
ing PatientID, AccessionNumber, PatientSex, Eth-
nicGroup, PatientAge, PatientWeight, StudyDate,
InstitutionName, and Manufacturer.
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5. Discussion and Conclusion

The development of robust Al systems for radiology
requires datasets that can evaluate model general-
ization across diverse clinical environments. Recent
benchmarking work on chest X-ray report genera-
tion has revealed significant performance variations
when models are evaluated across different institu-
tional datasets. For example, comprehensive evalua-
tions using the ReXrank framework show that state-
of-the-art models (Zhou et al., 2024; Bannur et al.,
2024; Chen et al., 2024) exhibit substantial perfor-
mance drops when tested across different institutions.
This finding underscores a fundamental limitation in
current single-institution datasets: they inadequately
assess whether Al systems can maintain performance
across the varied clinical settings, imaging protocols,
and patient populations in real-world deployment.

Our ReXGradient-160K dataset directly addresses
this critical gap by providing the largest multi-
institutional collection of chest radiographs available
for public research. The dataset covers 79 medi-
cal sites across 3 major health systems, enabling re-
searchers to develop and validate Al models that can
generalize beyond single-institution constraints. It
enables the research community to build more robust
AT systems capable of maintaining consistent perfor-
mance across diverse clinical environments, thereby
advancing the goal of reliable Al-assisted radiology
in real-world healthcare settings.
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