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Abstract10

We present NMPA-MedDevice, a regulatory dataset derived from China’s National Medical Products11

Administration (NMPA) Unique Device Identification (UDI) registry. The release comprises four12

components: (1) a frozen raw snapshot of the NMPA UDI registry (66,472 records, July 2024); (2) a13

reproducibly cleaned text-and-metadata corpus of approximately 52,000 unique device records with14

risk class labels deterministically derived from the ninth character of the NMPA registration number;15

(3) a curated image-linked subset of 1,005 devices (Class I/II/III = 39/462/504) with precomputed16

text and image feature embeddings; and (4) an external temporal validation set of 300 devices from a17

later registry update (October–November 2025). All textual data, derived labels, the cleaned corpus,18

preprocessing scripts, dataset splits, and precomputed features are publicly deposited. Raw prod-19

uct images are not redistributed due to copyright restrictions; precomputed embeddings and image20

retrieval scripts are provided instead.21

Background & Summary22

Medical device risk classification is a central component of regulatory oversight. Regulatory authori-23

ties, including the U.S. Food and Drug Administration (FDA), European Union (EU) national competent24

authorities under the Medical Device Regulation (MDR), and China’s National Medical Products Admin-25

istration (NMPA), assign devices to tiered risk categories (typically Class I, II, and III) based on intended26

use, invasiveness, and clinical criticality1,2. These classifications determine market approval pathways,27

the stringency of clinical evidence requirements, and post-market surveillance obligations3. Manual28

classification by regulatory experts is labour-intensive, time-consuming, and susceptible to inter-rater29

variability4, particularly as the volume and diversity of medical device submissions continue to grow30

with the proliferation of digital health products and AI-based software as medical devices5.31

Existing computational studies in medical device classification have relied predominantly on text-32

only inputs from single jurisdictions, with limited reproducibility and no standardised benchmarks4.33
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Publicly available datasets combining regulatory device descriptions with structured metadata and risk34

classification labels from the Chinese NMPA registry have not previously been reported.35

Here we describe NMPA-MedDevice, a regulatory dataset constructed from the NMPA UDI Database36

Full Release (July 2024)6. The Unique Device Identification (UDI) system, mandated under interna-37

tional frameworks such as the International Medical Device Regulators Forum (IMDRF) guidelines8
38

and implemented in China since 20197, requires manufacturers to assign standardised identifiers to all39

registered medical devices. The NMPA UDI registry is publicly accessible and covers all medical devices40

registered in China.41

The release is organised into four components. The first is the frozen raw registry snapshot (66,47242

records). The second is a cleaned text-and-metadata corpus of approximately 52,000 unique device43

records, obtained after removing duplicates, incomplete submissions, and placeholder entries; risk class44

labels are deterministically derived from the registration number and included in the released file. The45

third is a curated image-linked subset of 1,005 devices with paired textual descriptions, regulatory meta-46

data fields, verified risk classification labels, and precomputed multimodal feature embeddings, validated47

in a published classification study11. The fourth is an external temporal validation set of 300 devices from48

a later registry update. The cleaned corpus preserves the original NMPA text fields.49

The release includes fixed cross-validation splits and random seeds to support reproducible experi-50

mentation. The large cleaned corpus can be used for fully supervised training (labels are included) or,51

by withholding labels, as a pool for semi-supervised and self-training experiments12,13. Risk class labels52

are derived programmatically from registration numbers, so annotation does not depend on subjective ex-53

pert judgement. The accompanying code release includes the preprocessing pipeline, feature extraction54

scripts, and image retrieval utilities.55

The dataset was developed as part of a broader research program on AI-assisted regulatory classi-56

fication of medical devices. A companion modeling study using the curated subset has been reported57

elsewhere.11.58

While the dataset was initially compiled in the context of a machine learning study, the released59

resource is intended to support a broad range of future research including regulatory science, natural60

language processing of Chinese regulatory text, multimodal device classification, and cross-jurisdictional61

regulatory analysis.62

Methods63

Figure 1 provides an overview of the dataset construction pipeline, from raw registry download through64

cleaning, label derivation, subset curation, and final release.65
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Figure 1: Overview of the NMPA-MedDevice dataset construction pipeline. The process begins with

a bulk download from the NMPA UDI Database and proceeds through deduplication, quality filtering,

label derivation, image matching, and dataset partitioning. Rectangles represent data artefacts; rounded

boxes represent processing steps; the cylinder denotes the source database.

Data Source66

The primary data source is the NMPA Unique Device Identification (UDI) Database, a publicly accessible67

registry maintained by the National Medical Products Administration of China6. The UDI system was68

established under the NMPA’s 2019 regulation on medical device unique identification7 and follows the69

International Medical Device Regulators Forum (IMDRF) UDI guidance8, which recommends globally70

harmonised device identification to improve traceability, facilitate post-market surveillance, and support71

supply chain integrity. The U.S. FDA9 and the European Union2 have implemented analogous systems,72

making the NMPA UDI registry part of a growing international ecosystem of structured device registries.73

Specifically, we used the UDID_FULL_RELEASE_20240701 bulk download, which contains structured74

records for all medical devices registered in China as of 1 July 2024. The registry is publicly available at75

https://udi.nmpa.gov.cn/download.html and permits bulk download in comma-separated values76

(CSV) format encoded in UTF-8. Each record in the raw registry contains 47 structured fields spanning77

six functional categories: device identification (12 fields), product information (7 fields), regulatory78

classification (4 fields), manufacturer information (4 fields), safety and clinical information (7 fields),79

production identifiers (7 fields), and version control metadata (6 fields). The complete field listing is80

provided in Table 4. The raw download contains 66,472 records.81

Data Cleaning and Deduplication82

The raw registry data underwent a multi-stage cleaning process designed to remove noise while pre-83

serving the natural distribution of device types and risk classes. The cleaning pipeline consists of four84
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sequential steps, with record counts after each step reported in Table 1. First, entries with empty or null85

product description fields (cpms) were excluded, as the product description is the primary text field for86

downstream NLP tasks. Second, records containing generic or template text rather than actual device87

descriptions were identified through pattern matching (e.g., descriptions consisting solely of the string88

“暂无” [not yet available] or containing fewer than 5 Chinese characters) and removed. Third, entries89

with predominantly non-Chinese product descriptions (less than 30% Chinese characters, e.g., English-90

only or mixed-script entries) were removed to ensure linguistic consistency of the text corpus. Fourth,91

near-duplicate records sharing identical product description text were identified and deduplicated, retain-92

ing only one record per unique description. Registration number validity was verified after cleaning: all93

52,251 retained records have well-formed registration numbers with valid ninth-character risk codes (1,94

2, or 3), so no additional exclusion for malformed registration numbers was necessary.95

Table 1 summarises the record counts after each cleaning step. The final cleaned corpus contains 52,25196

unique device records with complete textual fields. All cleaning scripts are provided in the code release97

to ensure full reproducibility.98

Table 1: Data cleaning audit trail. Each row shows the cumulative effect of one cleaning step applied

sequentially to the raw registry download.

Step Operation Removed Remaining

0 Raw registry download (July 2024) — 66,472

1 Empty / null product description removal 2 66,470

2 Placeholder and short text removal (< 5 Chinese characters) 5,588 60,882

3 Non-Chinese text removal (< 30% Chinese characters) 1,841 59,041

4 Near-duplicate description removal (exact cpms match) 6,790 52,251

Records with malformed registration numbers were not encountered after deduplication; all 52,251 re-99

tained records have well-formed registration numbers with valid ninth-character risk codes.100

Label Derivation101

Risk classification labels were derived programmatically from the NMPA registration number encod-102

ing scheme. Chinese medical device registration numbers follow a standardised format defined by the103

NMPA10. The ninth character of the registration number field (zczbhhzbapzbh) encodes the device’s104

regulatory risk class according to the NMPA’s internal coding system. For example, a registration num-105

ber of the form国械注准20161xxxxxx maps to Class I (low risk),国械注准20162xxxxxx to Class II106

(moderate risk), and国械注准20163xxxxxx to Class III (high risk). Figure 2 illustrates the structure of107

the registration number and the mapping from the ninth character to the three-tier risk classification.108
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Registration number structure

国 械 注 准 2 0 1 6 3 1 6 1 4 0 9

Registration type Year
Risk class

Sequential code

Risk class mapping

1 → Class I Low risk

2 → Class II Moderate risk

3 → Class III High risk

Examples
Registration number Label

国械注准20201xxxxxx Class I

国械注准20182xxxxxx Class II

国械注准20163xxxxxx Class III

zczbhhzbapzbh

Figure 2: Derivation of risk class labels from NMPA registration numbers. The ninth character of the

standardised registration number (zczbhhzbapzbh) encodes the device’s regulatory risk class: 1 = Class I

(low risk), 2 = Class II (moderate risk), 3 = Class III (high risk). This mapping is deterministic and

reproducible.

Devices were assigned to Class I, Class II, or Class III based on this character. All 52,251 retained records109

have valid ninth-character risk codes, so no additional exclusion was necessary. The label derivation110

script (scripts/label_derivation.py) is included in the release.111

Labeled Subset Curation112

From the cleaned corpus, a curated subset of 1,005 devices was assembled for supervised multimodal113

classification. The subset contains 39 Class I (3.9%), 462 Class II (46.0%), and 504 Class III (50.1%)114

devices, reflecting the natural skew of the registry toward higher-risk classes, though with some distri-115

butional shift relative to the full registry due to image availability constraints (see Selection Bias Assess-116

ment). Class I devices remain underrepresented relative to Class II and III, though their proportion in the117

curated subset (3.9%) is higher than in the full registry (1.5%), likely because Class I devices with avail-118

able images tend to be distinctive products with prominent manufacturer web presence. The selection119

criteria for inclusion in the labeled subset were: (1) complete and non-trivial product description text,120

(2) a valid and unambiguous registration number encoding the risk class, and (3) availability of at least121

one product image from publicly accessible manufacturer sources.122

The labeled subset spans 22 aggregated NMPA device categories, including imaging and diagnos-123

tic equipment, surgical instruments, orthopaedic implants, cardiovascular devices, in vitro diagnostic124

reagents, rehabilitation equipment, and consumable supplies.125

Image Collection and Processing126

Product images were manually retrieved from manufacturers’ official websites, online product listings,127

and publicly accessible regulatory submission portals. Each image was matched to its registry entry via128

the unique device identifier (zxxsdycpbs) field, with the matching index stored in matched_products.csv.129
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The matching process was performed independently by two research assistants, and discrepancies were130

resolved by a third reviewer.131

The resulting paired samples consist of the NMPA-derived product description text and a corre-132

sponding product image. The image types comprise product photographs from manufacturer websites133

and regulatory submissions (approximately 72%), technical schematics including engineering drawings134

and exploded views (approximately 14%), contextual usage photographs showing devices in clinical set-135

tings (approximately 4%), and other categories such as packaging photographs and close-up views of136

components (approximately 10%). Over 95% of the images are high-resolution studio photographs with137

clean backgrounds and adequate lighting. Image quality was assessed using three metrics: pixel reso-138

lution, Laplacian variance (a measure of image sharpness), and visual clarity. Based on these metrics,139

images were categorised into three quality tiers (Table 2).140

Table 2: Image quality distribution in the labeled subset (N = 1,005).

Quality Tier Count (%) Criteria

High 409 (40.7%) Resolution ≥ 500k pixels, Laplacian variance ≥ 100

Medium 546 (54.3%) Resolution ≥ 100k pixels, Laplacian variance ≥ 50

Low 50 (5.0%) Below medium thresholds

Figure 3 visualises the image type and quality distributions.141

Product
photographs

72%

Technical
schematics

14%

Other

10%

Contextual
usage

4%

(a)

0 100 200 300 400 500 600
Number of images

Low

Medium

High

50  (5.0%)

546  (54.3%)

409  (40.7%)

(b)

Figure 3: Image characteristics in the labeled subset (N = 1,005). (a) Distribution of image types by

source category. (b) Image quality tier distribution based on resolution and sharpness metrics.

All images were resized to 256× 256 pixels and centre-cropped to 224× 224 pixels, with pixel values142

normalised using ImageNet channel-wise means and standard deviations17. Training-time augmentation143

details are described in the companion study11.144

Due to copyright restrictions on manufacturer-provided product images, raw images are not re-145

distributed with the dataset. Instead, following established practice for sharing visual data without146

distributing copyrighted images20,21, the release includes: (1) pre-extracted feature embeddings in147

HDF5 format (BERT-base-Chinese [CLS] token embeddings, 768 dimensions, for the text modality;148

EfficientNet-B5 average-pool embeddings, 2,048 dimensions, for the image modality), which enable re-149

producibility of downstream classification experiments without requiring access to the original images;150
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(2) record–image linkage metadata (matched_products.csv); and (3) a best-effort image retrieval151

script (scripts/image_retrieval.py) that attempts to download product images from publicly ac-152

cessible manufacturer websites using the device identifiers in the linkage file. Because manufacturer153

web pages may change or become unavailable over time, image reconstruction is not guaranteed and154

may degrade due to link rot.155

Cleaned Corpus Preparation156

The cleaned corpus comprises the 52,251 device records retained after the cleaning pipeline described157

above (Table 1). These records contain complete textual fields and deterministically derived risk class158

labels, but do not have associated images.159

In the companion study11, the derived labels for this corpus were withheld to serve as a pool for160

self-training experiments. In this release, the derived labels are included for all retained records, so the161

corpus can be used for either fully supervised or semi-supervised experiments.162

Text Preprocessing163

Product descriptions are written in Chinese and vary in length and vocabulary. The preprocessing164

pipeline applies Unicode normalisation (NFC form), removal of formatting artefacts, and punctuation165

standardisation, followed by Chinese word segmentation using Jieba14. Tokenisation for feature extrac-166

tion uses the bert-base-chinese tokenizer15. The companion study11 applied additional synonym-167

based augmentation during training; this augmentation is not applied to the released text data. All pre-168

processing scripts are included in the code release.169

Feature Extraction170

Features were extracted from both modalities using pre-trained models. Text embeddings (768-dimensional)171

were obtained from bert-base-chinese15 [CLS] token representations. Image embeddings (2,048-172

dimensional) were obtained from EfficientNet-B516 average-pool features using frozen ImageNet-pretrained173

weights. The extracted features are provided as pre-computed HDF5 files in the features/ direc-174

tory, along with the extraction script (scripts/extract_features.py). Following practice in other175

datasets20,21, pre-extracted embeddings are distributed instead of raw images.176

Dataset Splitting177

To support reproducible benchmarking, we provide three types of fixed dataset splits. The first is a five-178

fold stratified cross-validation scheme in which the labeled subset (N = 1,005) is divided into five folds,179

each preserving the overall class distribution (∼3.9% Class I, ∼46.0% Class II, ∼50.1% Class III); fold180

assignments are stored in splits/cv_fold_indices.json with fixed random seeds. The second is a181

temporal holdout split (80/20), an internal validation partition based on data acquisition timestamps with182

813 training samples and 192 validation samples, designed to simulate prospective evaluation; due to the183

small number of Class I devices (N = 39), all Class I samples are retained in the training set, meaning that184

the temporal holdout evaluates prospective generalisation for Class II and III only. Split assignments are185

stored in splits/split_metadata.json. The third is an external temporal validation set comprising186

300 devices from the NMPA weekly update (UDID_WEEKLY_UPDATE_20251027_20251102), released187
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after the main dataset was constructed; this set provides an independent evaluation of cross-temporal188

generalisation, with class distribution (Class I = 12, Class II = 138, Class III = 150) approximately match-189

ing the labeled subset. All split indices, metadata, and random seeds are provided in the release to ensure190

exact reproducibility. The provided splits allow direct comparison of results across studies.191

Data Records192

The NMPA-MedDevice dataset is deposited at Figshare (https://doi.org/10.6084/m9.figshare.193

31322272)22. The release comprises four distinct data components and an accompanying script direc-194

tory, summarised in Table 3. Below we describe each component in detail.195

Table 3: Overview of released data components.

Component Records Labels Images Release Form

Raw registry snapshot 66,472 Derivable No Direct deposit (CSV)

Cleaned corpus ∼52,000 Included No Direct deposit (CSV)

Curated image-linked

subset

1,005 Included Embeddings only Direct deposit (CSV + HDF5)

External validation set 300 Included Embeddings only Direct deposit (XLSX + HDF5)

Scripts & split indices — — — Direct deposit

Labeled Subset (labeled/)196

sampled_data.csv — A comma-separated values file containing 1,005 rows (one per device) and 50197

columns. The first 47 columns correspond to the original NMPA registry fields described in Table 4.198

Three additional derived columns are appended: risk_class (the assigned risk classification label:199

“I”, “II”, or “III”), n_row (the original row index in the full 66,472-record registry), and n_number (a200

sequential sample number within the labeled subset). The file is encoded in UTF-8 with a header row.201

All text fields preserve the original Chinese content without translation.202

matched_products.csv — A CSV file providing the matching index between device records and203

product images. Columns include the device identifier (device_id), risk class, target product name,204

matched image filename, matched product name, and text similarity scores used during the matching205

process. This file links each device record to its corresponding product image and is required to recon-206

struct the multimodal dataset when used in conjunction with the image retrieval script.207

Pre-Extracted Features (features/)208

Pre-computed deep learning embeddings are stored in HDF5 format so that classification experiments209

can be reproduced without raw images:210

labeled_features.h5 (11 MB) — Contains BERT-base-Chinese text embeddings (shape: 1,005×211

768, [CLS] token pooling, max sequence length 128) and EfficientNet-B5 image embeddings (shape:212

1,005×2,048, average pooling, ImageNet-pretrained weights, input size 456×456). Additional datasets213

include a boolean has_image mask, risk class labels, device indices, and registration numbers. All214

extraction parameters are stored as HDF5 attributes.215
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external_validation_features.h5 (2.1 MB) — Contains text and image embeddings for the216

300 external validation devices, using the same models and parameters as the labeled features file.217

Samples without available images have zero-valued image embedding vectors; the has_image boolean218

mask should be used to identify them. Feature extraction details are also recorded as HDF5 file-level at-219

tributes for provenance.220

Raw Registry and Cleaned Corpus (corpus/)221

nmpa_full_66k.csv — The complete NMPA UDI registry as downloaded on 1 July 2024, containing222

66,472 rows and 47 columns. This file includes all records prior to deduplication and quality filtering.223

Researchers may apply the provided cleaning scripts (scripts/preprocessing.py) to reproduce the224

cleaned corpus from scratch, or they may apply custom cleaning pipelines suited to their specific research225

objectives.226

nmpa_cleaned_52k.csv — The cleaned corpus produced by the preprocessing pipeline described227

in the Methods section, containing approximately 52,000 rows. Each row retains the original 47 NMPA228

registry fields plus a derived risk_class column (Class I, II, or III), deterministically extracted from the229

ninth character of the registration number. This file is deposited directly so that users need not re-execute230

the cleaning pipeline to access the core text-and-metadata corpus.231

Dataset Splits (splits/)232

cv_fold_indices.json — A JSON file containing five-fold stratified cross-validation indices. The file233

structure is a dictionary with keys “fold_0” through “fold_4”, each mapping to a dictionary with “train”234

and “test” keys containing lists of integer indices into sampled_data.csv. The random seed used for235

fold generation is recorded in the file metadata.236

split_metadata.json — A JSON file containing metadata for the 80/20 temporal holdout split,237

including the split criterion (acquisition timestamp), random seed, and class distribution per partition.238

train_files.csv and validation_files.csv — CSV files listing the device identifiers assigned239

to the training (N = 813) and validation (N = 192) partitions of the temporal holdout split, respectively.240

External Validation (external_validation/)241

external_validation_product.xlsx— An Excel file containing 300 device records from the NMPA242

weekly update covering 27 October to 2 November 2025. These records were not available during the243

construction of the main dataset and serve as an independent temporal validation set. The file contains244

the same 47 NMPA registry fields as the main corpus, plus a derived risk_class column.245

Scripts (scripts/)246

image_retrieval.py — A best-effort Python script that attempts to download product images from247

publicly accessible manufacturer websites. The script uses product names and manufacturer identi-248

fiers from sampled_data.csv to construct search queries and retrieve matching images. It accepts249

matched_products.csv as a validation reference and outputs images in JPEG format. Because man-250

ufacturer web pages may change or become unavailable, successful retrieval is not guaranteed. Usage251

instructions and dependency requirements are documented in the repository README.252
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preprocessing.py — The complete text cleaning and deduplication pipeline, implementing all five253

steps described in the Methods section. Input: raw CSV from the NMPA UDI Database. Output: cleaned254

corpus in CSV format.255

label_derivation.py — A script that extracts risk class labels from the ninth character of NMPA256

registration numbers. Input: any CSV file containing a zczbhhzbapzbh column. Output: the same file257

with an appended risk_class column.258

extract_features.py — The feature extraction pipeline used to generate the pre-computed em-259

beddings in features/. Extracts BERT-base-Chinese [CLS] token embeddings (768-d) from text fields260

and EfficientNet-B5 average-pool features (2,048-d) from product images, saving results as compressed261

HDF5 files. Requires torch, torchvision, transformers, and h5py.262

Field Descriptions263

Table 4 describes all 50 data fields (47 original NMPA registry fields plus 3 derived fields), grouped by264

functional category with English translations. The primary text field for NLP tasks is cpms (free-text265

product description in Chinese). The primary label field is risk_class (available in the labeled subset266

and external validation set).267

Table 4: Data fields in the NMPA-MedDevice dataset, grouped by

function. Fields marked with † are derived and available only in

the labeled subset.

Field Type Description

Device Identification (12 fields)

zxxsdycpbs String Primary product identifier (UDI-DI)

cpbsbmtxmc String Identifier coding scheme (e.g. GS1, MA code)

cpbsfbrq Date Identifier issue date

zxxsdyzsydydsl Integer Total number of UDI identifiers for this device

sydycpbs String Secondary / alternate product identifier

bszt String Identifier carrier type (barcode / QR code)

sfyzcbayz Boolean Whether the device has a regulatory record

zcbacpbs String Registration record product identifier

sfybtzjbs Boolean Whether there is a packaging identifier

btcpbsyzxxsdy- Boolean Whether packaging ID matches primary ID

cpbssfyz

btcpbs String Packaging product identifier

deviceRecordKey String Internal database record key

Product Information (7 fields)

cpmctymc String Generic / common product name (Chinese)

spmc String Trade / commercial product name

ggxh String Specifications and model number

Continued on next page
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Table 4: (continued)

Field Type Description

cpms String Free-text product description (Chinese); primary text

field for NLP tasks

cphhhbh String Product catalogue / batch number

sfwblztlcp Boolean Whether the device contains biological material

cplb String Product category (consumable / equipment)

Regulatory Classification (4 fields)

yflbm String Legacy / original classification code

qxlb String Device type category

flbm String NMPA classification catalogue code (e.g. 13-01-02)

zczbhhzbapzbh String Full NMPA registration / record number; 9th character

encodes risk class

Manufacturer Information (4 fields)

tyshxydm String Unified Social Credit Code (manufacturer ID)

ylqxzcrbarmc String Manufacturer / registrant name (Chinese)

ylqxzcrbarywmc String Manufacturer / registrant name (English)

ybbm String Standardised identifier code

Safety and Clinical Information (7 fields)

cgzmraqxgxx String MR safety information status

sfbjwycxsy Boolean Whether for single use only

zdcfsycs Integer Maximum number of reuses

sfwwjbz Boolean Whether aseptic packaging is required

syqsfxyjxmj Boolean Whether sterilisation is needed before use

mjfs String Sterilisation method

qtxxdwzlj String URL for additional information

Production Identifiers (7 fields)

tsrq Date Special / additional date field

scbssfbhph Boolean Whether production ID includes batch number

scbssfbhxlh Boolean Whether production ID includes serial number

scbssfbhscrq Boolean Whether production ID includes manufacturing date

scbssfbhsxrq Boolean Whether production ID includes expiry date

tscchcztj String Special storage / transport conditions

tsccsm String Special storage / transport notes

Version Control (6 fields)

versionNumber Integer Record version number

versionTime Date Version timestamp

Continued on next page
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Table 4: (continued)

Field Type Description

versionStauts String Version status (new / updated)

correctionNumber Integer Number of corrections

correctionRemark String Correction notes

correctionTime Date Correction timestamp

Derived Fields (labeled subset only)

risk_class † String Risk class label (Class I / II / III), derived from 9th char-

acter of zczbhhzbapzbh

n_row † Integer Original row index in full registry

n_number † Integer Sequential sample number in labeled subset

Table 5: Class distribution across dataset components.

Component Class I Class II Class III Total Fields

Raw registry snapshot Labels derivable from registration number 66,472 47

Cleaned corpus Labels included (derived) ∼52,000 47 + 1 derived

Curated image-linked subset 39 (3.9%) 462 (46.0%) 504 (50.1%) 1,005 47 + 3 derived

External validation 12 (4.0%) 138 (46.0%) 150 (50.0%) 300 47 + 1 derived

Technical Validation268

Label Accuracy Verification269

Risk class labels were derived deterministically from the ninth character of the NMPA registration num-270

ber, which is assigned by the NMPA during the official device registration process. To verify the relia-271

bility of this derivation, we performed a manual audit of 100 randomly sampled records from the labeled272

subset. Two independent reviewers cross-referenced the derived labels against the NMPA online registry273

portal (https://udi.nmpa.gov.cn/) and observed 100% agreement in the audited sample, supporting274

the reliability of the derivation procedure. This spot check is consistent with the ninth-character encoding275

being applied consistently, though it does not constitute an exhaustive verification of every record in the276

corpus.277

Data Completeness and Integrity278

We assessed data completeness across both dataset components. Table 6 summarises the key statistics.279
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Table 6: Data completeness assessment.

Metric Labeled Subset Full Registry

Total records 1,005 66,472

Non-empty cpms 100.0% 95.3%

Valid registration number 100.0% 97.8%

Description length, median [IQR] 45 [22–75] chars 35 [20–70] chars

Description length, mean ± SD 65 ± 70 chars 59.7 ± 74.7 chars

Unique manufacturers 387 12,841

NMPA device categories represented 22 22

In the curated image-linked subset (N = 1,005), all records contain non-empty product descriptions280

(cpms) and valid registration numbers (zczbhhzbapzbh). In the cleaned corpus (∼52,000 records after281

cleaning), all entries passed the minimum description length filter and language validation checks. No282

duplicate registration numbers remain after deduplication. All retained records have well-formed regis-283

tration numbers with valid ninth-character risk codes, and the derived risk_class labels are included.284

Descriptive Statistics285

Figure 4 presents the distribution of product description lengths and class frequencies across the dataset286

components.287
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Figure 4: Descriptive statistics of the NMPA-MedDevice dataset. (a) Distribution of product description

lengths in the labeled subset (orange) and full registry (blue); vertical dashed lines indicate medians.

(b) Class distribution across dataset components. (c) Description length by risk class in the labeled

subset.

Selection Bias Assessment288

Because the labeled subset requires image availability from manufacturer websites, it may overrepresent289

manufacturers with stronger digital presence. We quantified this bias by comparing the labeled subset290

against the full NMPA registry (66,472 devices) along three dimensions11. In terms of web presence,291

100% of the labeled subset had retrievable images, compared to only 34.2% of a random 500-device sam-292

ple from the full registry (χ2(1) = 287.6, p < 0.001). Regarding device category distribution, significant293

differences were observed across the 22 aggregated NMPA device categories (χ2(21) = 47.3, p< 0.001),294

with imaging devices (18.2% vs. 12.1%) and surgical instruments (24.6% vs. 22.3%) overrepresented,295

and low-cost consumables (9.4% vs. 15.7%) underrepresented in the labeled subset. The class distribu-296

tion in the curated subset also differs from the full registry: Class III devices are overrepresented (50.1%297
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vs. 41.6%) and Class II devices underrepresented (46.0% vs. 56.9%), likely because higher-risk devices298

tend to have more prominent manufacturer web presence. A modest shift toward longer descriptions was299

also observed in the labeled subset (median 45 vs. 35 characters; KS statistic = 0.089, p< 0.01; t = 2.34,300

p < 0.05). These biases are inherent to the image-retrieval process and should be considered when inter-301

preting results from the labeled subset. The cleaned corpus, which does not require image availability,302

provides a more representative sample of the full registry. Table 7 summarises the comparison.303

Table 7: Representativeness assessment: labeled subset (N = 1,005) vs. full NMPA registry (N =
66,472).

Dimension Labeled Set Full Registry Significance

Image availability 100.0% 34.2% p < 0.001

Class I proportion 3.9% 1.5%

p < 0.001Class II proportion 46.0% 56.9%

Class III proportion 50.1% 41.6%

Imaging & diagnostics 18.2% 12.1%

p < 0.001Surgical instruments 24.6% 22.3%

Consumables 9.4% 15.7%

Description length (med.) 45 chars 35 chars p < 0.01

Benchmark Classification Results304

To illustrate the utility of the dataset for machine learning research, we report representative benchmark305

results obtained using the curated subset. These results are drawn from a companion methodological306

study. Table 8 reports selected classification results from the companion study11, obtained using five-307

fold stratified cross-validation on the provided splits.308

Table 8: Selected benchmark results on the curated subset under five-fold stratified cross-validation.

ST = with self-training. Full results are reported in the companion study11.

Modality Model Accuracy Macro-F1 AUROC Brier

Text-only SVM 0.784 0.846 0.919 0.287

Image-only SVM 0.515 0.335 0.484 0.539

Multimodal Cross-attn. SVM 0.803 0.782 0.914 0.298

Multimodal Cross-attn. SVM + ST 0.916 0.875 0.989 0.108

Text-only classification outperformed image-only classification. Detailed results are reported in the com-309

panion study11.310

External Temporal Validation311

The external validation set of 300 devices from the NMPA weekly update (October–November 2025)312

was used to assess cross-temporal generalisation. The best-performing text-only configuration from the313

companion study achieved 70.4% accuracy (95% CI: 0.649–0.756) on this external set, compared to314

91.6% under internal cross-validation, consistent with distribution shift between the July 2024 snapshot315

and the October 2025 update. Full results are in the companion study11.316
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Usage Notes317

Recommended Use Cases318

The dataset supports text-based and multimodal medical device risk classification using supervised, semi-319

supervised, or self-training approaches. The cleaned corpus (∼52,000 records with labels) can be used320

for Chinese-language NLP tasks such as text classification or information extraction; structured metadata321

fields (e.g., device category, sterilisation method) are available as auxiliary labels. Pre-extracted BERT322

and EfficientNet embeddings in features/ enable multimodal experiments without image acquisition;323

raw images can be reconstructed using the provided retrieval scripts. The NMPA risk classification324

scheme is structurally comparable to FDA18 and EU MDR2 frameworks.325

Getting Started326

Researchers can begin using the dataset by downloading it from the repository (https://doi.org/327

10.6084/m9.figshare.31322272). For text-only experiments, labeled/sampled_data.csv should328

be loaded with the cpms column as input and the risk_class column as the target variable, using329

the cross-validation indices from splits/cv_fold_indices.json for evaluation. Multimodal experi-330

ments can be conducted using the pre-extracted features by loading features/labeled_features.h5331

with h5py and concatenating the text_embeddings (768-d) and image_embeddings (2,048-d) arrays,332

using the has_image mask to handle samples without images. Alternatively, for multimodal experi-333

ments with raw images, scripts/image_retrieval.py can be used to download product images, with334

labeled/matched_products.csv providing the image-to-record matching; features may then be re-335

extracted using scripts/extract_features.py. For semi-supervised experiments, corpus/nmpa_336

cleaned_52k.csv can be used directly; researchers may withhold the included risk_class column to337

simulate an unlabeled pool, or use it for fully supervised training on the full corpus. External validation338

can be performed on external_validation/external_validation_product.xlsx.339

Limitations and Considerations340

Users should be aware of several limitations. The labeled subset overrepresents manufacturers with341

stronger digital presence, as image availability from manufacturer websites was a prerequisite for inclu-342

sion (see Selection Bias Assessment above); results obtained on this subset may therefore not generalise343

to the full population of NMPA-registered devices, though the cleaned corpus provides a more repre-344

sentative sample. All product descriptions are in Chinese, and cross-lingual applications will require345

translation or multilingual models such as XLM-RoBERTa19 or multilingual BERT. The dataset covers346

only NMPA-registered devices; cross-jurisdictional generalisation has not been validated, although the347

risk classification framework is conceptually aligned with FDA and EU MDR systems. Class I devices348

are underrepresented (3.9% of the curated subset), reflecting real-world registry distributions, and re-349

searchers should consider class-weighted losses, oversampling strategies, or evaluation metrics robust to350

imbalance (e.g., macro-F1, balanced accuracy). The main corpus reflects the NMPA registry as of July351

2024, with the external validation set covering October–November 2025; device registrations, descrip-352

tions, and classifications may change over time. The multimodal component of the dataset is substantially353

less stable as a reusable public resource than the text and metadata components: raw images are not re-354
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distributed, and the retrieval script depends on continued availability of manufacturer web pages, which355

may change or go offline over time. Researchers who wish to use the image modality are advised to356

download and archive images promptly after dataset access. The precomputed embeddings provide a357

frozen alternative that does not depend on external web availability.358

Ethical and Legal Considerations359

All data in this release are derived from publicly accessible government registries and manufacturer360

websites. No personally identifiable information is included. The NMPA UDI Database is a public361

resource made available by the Chinese government for transparency in medical device regulation6.362

Product descriptions and registration numbers are publicly searchable on the NMPA portal. The dataset363

does not contain protected health information or clinical data. Image retrieval scripts access only publicly364

available web pages and respect manufacturer robots.txt policies.365

Data Availability366

The NMPA-MedDevice dataset is publicly available at Figshare (https://doi.org/10.6084/m9.367

figshare.31322272)22. The deposit includes the raw registry snapshot (corpus/nmpa_full_66k.csv),368

cleaned corpus (corpus/nmpa_cleaned_52k.csv), curated image-linked subset (labeled/sampled_data.csv),369

external temporal validation set (external_validation/external_validation_product.xlsx), pre-370

extracted feature embeddings (features/), fixed dataset splits (splits/), and all preprocessing and371

utility scripts (scripts/). The source registry is publicly accessible at the NMPA UDI Database372

(https://udi.nmpa.gov.cn/download.html).373

Code Availability374

All code used in dataset construction, preprocessing, and feature extraction is publicly available as part of375

the Figshare deposit (https://doi.org/10.6084/m9.figshare.31322272) in the scripts/ direc-376

tory. This includes data cleaning and deduplication scripts, label derivation code, the text preprocessing377

pipeline, and the image retrieval utility. Classification model code for the companion study11 is available378

at https://github.com/RegAItool/Multimodal-regulatory.379

The code was developed using Python 3.9 with PyTorch 1.12, Scikit-learn 1.1, Transformers 4.24, and380

efficientnet_pytorch 0.7. Dependency specifications (environment.yml, requirements.txt)381

are included in the GitHub repository.382
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