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 27 

SUMMARY 28 

Introduction: Rare-earth elements (REEs) are indispensable to renewable energy, electrification, 29 

advanced manufacturing, and national security, but the rapid expansion of REE extraction and 30 

industrial use may create an emerging environmental-health burden. Current assessments 31 

commonly prioritize REEs according to production, environmental concentration, or total 32 

emission mass, implicitly treating them as a relatively uniform chemical group. However, 33 

individual REEs differ in biological activity, pathway perturbation, and disease relevance, raising 34 

the possibility that the elements emitted most abundantly are not necessarily those of greatest 35 

public-health importance. China, with several decades of intensive REE development and a broad 36 

range of industrial emission sources, provides a uniquely informative setting in which to evaluate 37 

this question at population scale. 38 

Rationale: We developed an integrated framework to determine whether disease-specific health 39 

evidence reshapes priorities for industrial REE emissions. First, we reconstructed a spatially 40 

resolved national inventory of 15 REEs from 13 industrial sectors across China during 1990–2023 41 

at 0.5° × 0.5° resolution, resolving emissions by element, source, year, and location. Second, we 42 

quantified biological relevance using complementary Exposure–GO–Disease (EGoD) and 43 

Exposure–Protein–Protein–Disease (EPPD) networks and synthesized published human and 44 

experimental evidence through a large language mode (LLM)-assisted literature framework. Third, 45 

these signals were independently evaluated against multicity health-insurance hospitalization 46 
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records. Finally, we developed a disease-specific mixture-prioritization framework that compares 47 

conventional mass-based rankings with priorities derived after incorporating biological and 48 

population-health evidence, thereby identifying REEs and industrial sources that warrant 49 

differentiated control, capture, or recovery. 50 

Results: National REE emissions increased from 11.8 t in 1990 to 123.2 t in 2014, representing 51 

an approximately tenfold increase, and subsequently declined by 16.5% by 2023. Emissions were 52 

highly heterogeneous across industrial sectors and individual elements, with cement kiln co-53 

processing of solid waste emerging as a major source and Ce contributing the largest elemental 54 

share. Spatial reconstruction revealed persistent emission hotspots concentrated primarily across 55 

industrialized regions of eastern and central China. Biological-network analyses further 56 

demonstrated that REEs were not equivalent in disease relevance: Ce and Gd showed among the 57 

highest disease connectivity, linking to cancer, neurological, circulatory, and respiratory outcomes 58 

through biological processes including oxidative stress and related signaling pathways. Literature 59 

evidence likewise showed substantial heterogeneity across REE–disease pairs rather than a 60 

common toxicity profile. Population-level analyses provided an independent line of support. 61 

During 2013–2017, each interquartile-range increase in Ce emissions from cement kiln co-62 

processing was associated with a relative risk (RR) of 2.02 for circulatory-disease hospitalization 63 

(95% CI, 1.11–3.67). Likewise, each interquartile-range increase in Ce emissions from coal-fired 64 

power plants was associated with a RR of 3.12 for respiratory-disease hospitalization (95% CI, 65 

1.29–7.53). Integrating emission magnitude with biological and human-health evidence 66 

substantially altered the relative contributions of individual REEs across 13 disease categories, 67 

identifying both high-emission/high-health-priority elements and lower-emission elements whose 68 

potential importance would be underestimated by emission mass alone. 69 

Conclusion: Our findings show that industrial REEs should not be managed as a toxicologically 70 

uniform class and that health relevance can substantially reorder priorities inferred from emission 71 

magnitude alone. By integrating a first-of-its-kind long-term national emission inventory with 72 

mechanistic evidence, literature synthesis, population validation, and mixture prioritization, this 73 

study establishes a transferable framework for disease-specific REE management. Such an 74 

approach can support more targeted source control while also identifying opportunities for 75 

selective capture and recovery, helping reconcile population-health protection with economic 76 

development, critical-mineral security, and more efficient resource use. 77 

 78 

 79 
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Abstract: Rare-earth elements (REEs) support energy and technological transitions, yet the 107 

history and health relevance of their industrial release remain poorly resolved. We reconstructed 108 

emissions of 15 REEs from 13 industrial sectors across China during 1990–2023 and integrated 109 

biological networks, human-study evidence and multicity hospitalization records. Annual REE 110 

emissions rose from 11.8 t in 1990 to 123.2 t in 2014, then declined by 16.5% by 2023, with 111 

emissions concentrated in cement kiln co-processing and cerium (Ce). Biological network analysis 112 

identified Ce and gadolinium (Gd) as the elements with the highest disease connectivity, linking 113 

to cancer and neurological diseases through pathways including oxidative stress. During 2013–114 

2017, each interquartile-range increase in Ce emissions from cement kiln co-processing solid 115 

waste was associated with a relative risk of 2.02 for circulatory disease hospitalization (95% CI, 116 

1.11–3.67), whereas each interquartile-range increase in Ce emissions from coal-fired power 117 

plants was associated with a relative risk of 3.12 for respiratory disease hospitalization (95% CI, 118 

1.29–7.53). This large-scale nationwide evidence strongly supported disease-specific, source-119 

focused control and recovery rather than uniform management based on emissions alone. 120 

 121 

Keywords: Rare-earth elements, industrial emissions, long-term trends, population health 122 
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One-Sentence Summary: A 34-year national inventory shows that industrial REE emissions rose 124 

more than tenfold before declining after 2014 and exhibit source- and disease-specific population-125 

health signals. 126 

 127 

Introduction 128 

Rare-earth elements (REEs) have become indispensable to the technologies underpinning 129 

electrification, renewable energy, advanced electronics, and national security. Global rare-earth 130 

mineral production increased from approximately 124000 metric tons in 2015 to 390000 metric 131 

tons in 2023, a 214% rise within a decade(1). The REEs market is projected to grow from 132 

approximately ~15 billion USD to over ~33 billion USD in early 2030s(2). Efforts to secure supply 133 

are accelerating the extraction, processing, and recovery of REEs(2-6). These activities 134 

continuously mobilize REEs from geological reservoirs into mines, processing facilities, industrial 135 

products, and wastes, ultimately releasing them into the environment(7-10). Importantly, 136 

environmental releases of REEs are not confined to dedicated rare-earth mining and processing; 137 

conventional industrial activities, including cement production, coal combustion, coking, metal 138 

smelting, and waste treatment, can also release REEs from the raw materials and fuels they use(6, 139 

7). However, because industrial activities have changed substantially over recent decades, the 140 

potential environmental and health impacts of long-term REE emissions remain difficult to 141 

evaluate. At the same time, avoiding the transformation of resource-security efforts into new 142 

burdens of environmental pollution and human health has become an increasingly important 143 

challenge(11). Source-resolved measurements in China have shown that industrial particles differ 144 

substantially in their concentrations and other biologically active constituents, producing source-145 

specific toxic potencies that can vary by as much as two orders of magnitude(12, 13). Therefore, 146 

establishing long-term, source- and element-resolved emission histories is essential for identifying 147 

when, where, and from which industrial activities potential population exposure may have arisen. 148 

A critical limitation is that REEs are often treated as a chemically coherent group, implicitly 149 

assuming that environmental importance scales with total concentration or emission mass. They 150 

differ in ionic radius, redox behavior, solubility, protein binding, and interference with calcium 151 

homeostasis, producing substantial heterogeneity in biological responses(14, 15). Respiratory 152 

evidence, for example, indicates distinct effects of La, Ce, Sm, Gd, Dy, and Y on pulmonary 153 

toxicity(16). Human studies likewise suggest that the elements most strongly associated with one 154 

health outcome may not be those implicated in another: La and Ce have been linked to neural-tube 155 

defects(17), whereas Dy, Tm, Yb, and Y have been associated with hypertension(18), and Eu, Gd, 156 

Dy, Ho, Er, and Yb with restricted fetal growth(19). These observations suggest that using total 157 

REE mass alone to characterize environmental pressure may be insufficient to capture the potential 158 

health relevance of individual elements. Meanwhile, existing epidemiological evidence remains 159 

fragmented across occupational settings, mining communities, individual cities, and relatively 160 

small cohorts, leaving a substantial gap between mechanistic evidence and population-scale 161 

patterns of human health(11, 20, 21). 162 

China provides a uniquely informative setting in which to address this challenge. For several 163 

decades, China has played a dominant role in global REE extraction, separation, refining, and 164 

manufacturing, while its energy system, industrial structure, and urbanization have also undergone 165 

rapid transformation(4, 22, 23). At its peak, China supplied the great majority of global rare-earth 166 

raw materials and rare-earth oxides, concentrating not only production capacity but also many of 167 

the environmental consequences associated with mining and processing(4). Tailings, mineral dust, 168 

smelting emissions, and industrial use can release REEs into air, water, soils, and residential 169 
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environments, creating opportunities for chronic population exposure(10, 23). More recent 170 

evidence indicates that this problem is no longer confined to mining districts. REE enrichment has 171 

been documented in urban air, dust, and soils, while biomonitoring studies have detected REEs in 172 

human hair, blood, nails, and placental tissue(17, 18). However, these environmental and 173 

population measurements have largely been limited to specific locations and time periods, and 174 

high-quality population-based studies examining associations between REE exposure and disease 175 

risk remain scarce, with the available studies all conducted in China(17, 18, 20). China’s unusually 176 

long history and intensity of REE development therefore provide a real-world record that is 177 

difficult to reproduce elsewhere and may offer critical lessons as other countries expand production. 178 

Nevertheless, nationwide population-level evidence linking long-term industrial REE emissions 179 

to disease patterns remains lacking. Reviews of REEs released from industrial activities have 180 

highlighted the limited integration of environmental exposure, mechanistic evidence, and 181 

population health, and have called for epidemiological studies to clarify the health implications of 182 

long-term REE exposure(11, 24). Establishing a long-term, spatially resolved national REE 183 

emission inventory differentiated by element and industrial source, and further linking it with 184 

mechanistic and population-health evidence, is therefore critical for addressing this gap. 185 

Here, we developed an integrated framework linking industrial sources, biological evidence 186 

and population health (Fig. 1). We first reconstructed a national inventory of industrial emissions 187 

of 15 REEs from 13 sources for 1990–2023 at 0.5° × 0.5° resolution, allowing the environmental 188 

pressure of each element to be distinguished from total REE emissions (Fig. 1A). We then 189 

quantified disease-specific biological relevance using REE-protein/biological process–disease 190 

networks and complemented these relationships with LLM-assisted synthesis of the published 191 

evidence (Fig. 1B). These mechanistic and literature-derived signals were evaluated independently 192 

against nationwide health-insurance records by relating city-level residential exposure to disease 193 

occurrence (Fig. 1C). Finally, we compared rankings based on emission magnitude with those 194 

derived after incorporating disease-specific health evidence (Fig. 1D). The principal aim is to 195 

characterize long-term industrial REE release and its associated health signals. The disease-196 

weighted ranking provides a reference for identifying the industrial emissions that require priority 197 

control, and when it comes to REE with high strategic value, it helps shift the focus to capture and 198 

recovery rather than indiscriminate reduction. 199 

 200 
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 201 
Fig. 1 | Framework for disease-specific prioritization of rare-earth element emissions. 202 

(A) A spatially resolved inventory was developed to characterize emissions of individual rare-203 

earth elements (REEs) from major industrial sources across China, e.g., smelting and industrial 204 

processing, coal combustion, cement production and waste incineration. The resulting emission 205 

maps capture source- and location-specific variation in REE emissions. (B) Disease-specific health 206 

relevance was evaluated using two complementary evidence streams. A biological network linked 207 

individual REEs to diseases through proteins and biological processes to quantify disease-specific 208 

biological relevance, while a large language model (LLM)-assisted literature synthesis 209 

summarized existing human and experimental evidence for individual REE–disease associations. 210 

(C) Population-level associations were independently evaluated using national health-insurance 211 

records. Individual residential locations were linked to city-level REE emissions, and city-level 212 

associations between REEs emissions and disease outcomes were estimated with 95% confidence 213 

intervals. (D) Emission-based priorities were then compared with health-informed priorities. 214 

Relative contributions of individual REEs to different disease categories were used to identify 215 

elements whose importance increased or decreased after incorporating disease-specific health 216 

evidence, thereby differentiating priorities for environmental control and resource management.  217 
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Results 218 

Long term changes and source profiles of industrial REE emissions. 219 

Using an emission factor–based approach, we developed a high-resolution emission inventory of 220 

industrial REEs in China for 1990–2023, covering 13 major industrial sources (Extended Data 221 

Table 1) and 15 REEs (Table S1). The total REE emissions from all industrial sources from 1990 222 

to 2023 reached 2312 t, with an annual average of 67997 kg. REE emissions were highly 223 

concentrated in a small number of industrial sources and elements (Fig. 2A), which is consistent 224 

with our previous study(7). Cement kiln co-processing solid waste (CK) were the dominant 225 

industrial source of total REE emissions, with average annual emissions reaching 58307 kg, 226 

accounting for approximately 85.7% of the total. This is mainly attributed to their high production 227 

and high emission factors (Tables S2 and S3). Coking plants (COP), coal-fired power plants 228 

(CFPP), and blast-furnace ironmaking (BFI) ranked next, with average annual emissions ranging 229 

from 672 kg to7700 kg (Tables S4). The above four industrial sources contribute more than 99% 230 

of total REE emissions. Other industrial sources, including electric arc furnace steelmaking (EAF), 231 

hazardous waste incineration (HWI), iron ore sintering (IOS), municipal solid waste incineration 232 

(MSWI), primary copper smelting (PCu), and secondary metal (Al, Cu, Pb, Zn) smelting (SAl, 233 

SCu, SPb, SZn), each emitted less than 500 kg of average total REEs annually. At the elemental 234 

level, Ce was the most highly emitted REE in every year, with annual emissions ranging from 235 

4560 to 47568 kg and an average of 26234 kg (Tables S5). Ce, La, Nd, and Y together contributed 236 

more than 85% of the total average annual REE emissions, which is mainly caused by their high 237 

concentrations (Tables S6). 238 

From a temporal perspective, emissions of nearly all REEs exhibited three distinct phases 239 

over the entire study period (Fig. 2B): a period of slow growth from 1990 to 2000, a rapid growth 240 

stage from 2000 to 2014, and an overall decline from 2014 to 2023. The total annual emissions of 241 

REEs increased from 11848 kg in 1990 to a peak of 123237 kg in 2014, and then entered a 242 

fluctuating decline stage and dropped to 102893 kg in 2023, which is approximately 16.5% lower 243 

than the peak in 2014. The temporal trend of REE emissions was mainly driven by CK (Fig. 2B 244 

and Extended Data Fig. 1). For Ce, CK contributed 87.9% of the emission growth during 2000–245 

2014. During 2014–2023, the decline in Ce emissions from CK was equivalent to 106% of the net 246 

reduction in total Ce emissions, indicating that the increasing emissions from other industrial 247 

sources partially offset the emission reductions brought by CK. It can be clearly seen from the 248 

stacked area chart that although CK remained dominant throughout the study period, the source 249 

contribution structure became slightly dispersed after 2014, with the relative importance of COP, 250 

BFI, and CFPP increasing. COP did not continue to decline after 2014 like CK, but instead entered 251 

a relatively stable platform followed by a slight rebound, reaching an emission peak of 4795 kg in 252 

2023. On the contrary, the contributions of BFI and CFPP to Ce emissions continued to increase 253 

during the period when CK emissions declined substantially. 254 

Spatial differences of industrial REE emissions. 255 

The spatial distribution of the average annual Ce emissions from various industrial sources from 256 

1990 to 2023 (0.5° × 0.5°) showed that emissions were mainly concentrated in central-eastern 257 

China and the eastern coastal region, while the degree of spatial clustering differed markedly 258 

among sources (Fig. 2C and Extended Data Fig. 2). The area east of 110°E accounted for 259 

approximately 72.5%, 78.7%, 88.0% and 79.7% of Ce emissions from CK, COP, CFPP and BFI, 260 

respectively. Emissions were particularly prominent in Shandong, Hebei, Anhui, Jiangsu, Zhejiang 261 

and Guangdong regions. Compared with other industrial sources, Ce emissions from CK were 262 

more widely distributed, showing a pattern of broad distribution across eastern and south-central 263 
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China, and combined with localized high-intensity clusters. In addition, a distinct high-emission 264 

hotspot was observed in Sichuan in western China. For COP, its emission hotspots were obviously 265 

concentrated in North China, especially in Shanxi, where coke production is intensive. Driven by 266 

regional electricity demand and the distribution of energy infrastructure, CFPP exhibited the most 267 

dispersed and relatively even spatial pattern, forming a multicenter distribution centered in eastern 268 

and central China. BFI emissions showed a much stronger degree of spatial concentration and were 269 

highly similar to the distributions of IOS and EAF, probably because they are important stages in 270 

steel production. Ce emissions from MSWI displayed strong urbanization and coastal 271 

agglomeration characteristics. High-emission areas were mainly distributed along the eastern and 272 

southeastern coasts, and obvious continuous or semi-continuous hotspots are formed near the 273 

Yangtze River Delta, the Pearl River Delta and some central urban agglomerations. This pattern is 274 

likely attributable to the close spatial correspondence among municipal solid waste generation, 275 

incineration facilities deployment, and urban population size. By contrast, HWI emissions were 276 

more broadly distributed, with clear hotspots in both eastern industrial zones and some industrial 277 

clusters in central and western China, reflecting a more multicenter pattern strongly associated 278 

with industrial activity. The spatial patterns of emissions from the metal-smelting sector were also 279 

closely related to the distribution of metal mineral resources. 280 

 281 
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 282 
Fig. 2 | Spatiotemporal characteristics of REE emissions in China from 1990 to 2023.  283 

(A) Ranking of mean annual emissions by industrial source and by REE. (B) Temporal trends and 284 

industrial source composition of REE emissions. The left column shows the national annual total 285 

emissions of individual REEs and the annual Ce emissions from different industrial sources, 286 

respectively; the right column shows changes in the industrial source composition of total REEs 287 

and Ce emissions, respectively. (C) Spatial distributions of mean annual Ce emissions from the 288 

four major industrial sources, cement kiln co-processing solid waste (CK), coking plant (COP), 289 

blast-furnace pig iron (BFI), and coal-fired power plant (CFPP).  290 
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Disease-related biological and literature evidence for REEs 291 

The disease-specific health relevance of individual REEs was evaluated using two complementary 292 

evidence streams: biological network analysis and comprehensive literature synthesis assisted by 293 

a large language model (LLM). Both analyses revealed pronounced heterogeneity in the health 294 

relevance of REEs across elements and disease categories, with evidence concentrated in a limited 295 

number of specific REE–disease combinations. 296 

Biological network analysis identified Ce and Gd as the two elements most strongly 297 

connected to disease-related biological pathways. In the Exposure–GO–Disease (EGoD) and 298 

Exposure–Protein–Protein–Disease (EPPD) networks (Fig. 3A and 3B), Ce accounted for 31.1% 299 

and 25.7% of the total weighted path diversity score (PDS), respectively, whereas Gd accounted 300 

for 30.4% and 36.9% (Fig. S1; Tables S7 and S8). Cancer represented the dominant disease 301 

category in both networks. In the EGoD network, neurological and infectious diseases showed the 302 

strongest associations with REEs after cancer, whereas psychiatric, neurological, congenital, and 303 

internal diseases were highly connected in the EPPD network. At the level of specific REE–disease 304 

pairs, Ce/Gd–cancer, Ce/Gd–neurological disease, and Gd–psychiatric and congenital disease 305 

combinations were among the most prominent. The highly connected biological processes linking 306 

REEs to disease were mainly related to reactive oxygen species and glutathione metabolism, 307 

mitochondrial function, ATP synthesis, apoptosis and cell death, inflammation, and regulation of 308 

cell proliferation. Together, these patterns suggest that oxidative stress, mitochondrial dysfunction, 309 

and cell-fate regulation form major biological axes linking REE exposure to multiple disease 310 

categories. 311 

LLM-assisted literature synthesis provided an empirical complement to the biological 312 

network analysis. Existing studies were concentrated primarily on a limited number of elements, 313 

particularly Ce and La, and on reproductive, developmental, and musculoskeletal outcomes, 314 

whereas many REE–disease combinations still lacked direct investigation (Fig. S2; Table S9). 315 

Among 59 quantifiable effect estimates from human studies, 44 showed no statistically significant 316 

association, 13 indicated positive risk associations, and 2 suggested protective association (Fig. 317 

3C). Although the overall evidence was dominated by null associations, several REE–disease pairs 318 

showed relatively consistent positive signals. It is worth noting that these literature-based signals 319 

showed good agreement with the biological network results for several disease outcomes. Ce and 320 

La showed clear positive associations with neural tube defects, whereas La and Nd were positively 321 

associated with orofacial clefts. Ce also exhibited extensive connections with congenital and 322 

developmental diseases in both the EGoD and EPPD networks. Spontaneous 323 

miscarriage/miscarriage had a positive risk association with multiple REEs. Gd, Pr, and Yb 324 

showed relatively strong health associations with osteoarthritis, with Gd further supported by its 325 

high connectivity to musculoskeletal diseases in both biological networks. In contrast, several 326 

disease categories that showed strong associations in the biological networks still lacked sufficient 327 

direct empirical evidence, most notably cancer, with similar evidence gaps observed for 328 

neurological, psychiatric, and endocrine diseases. Conversely, although multiple positive risk 329 

associations were reported for reproductive outcomes in the existing literature, the degree of 330 

support from the two biological networks was not entirely consistent. 331 

 332 
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 333 
Fig. 3 | Disease-specific health relevance of rare earth elements (REEs) 334 

(A) Exposure–GO–Disease (EGoD) and Exposure–Protein–Protein–Disease (EPPD) networks. 335 

Nodes represent REEs, biological processes or proteins, and disease categories. (B) Sankey 336 

diagram summarizing reported REE–disease associations and their effect classifications as risky, 337 

protective, or no association. Link widths represent the number of literature records corresponding 338 

to each REE–disease or disease–effect-type combination. (C) Volcano plots showing associations 339 

of industrial REE emissions with circulatory and respiratory hospitalizations in the fully adjusted 340 

two-way fixed-effects Poisson model. Effect sizes are expressed as log relative risks (log RRs) per 341 

interquartile-range increase in REE emissions. The vertical dashed line indicates the null effect, 342 

and the horizontal dashed line indicates the nominal significance threshold. Red points represent 343 

nominally significant positive associations, whereas grey points indicate not significance.  344 
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Associations between REE emissions and hospitalization outcomes.   345 

Based on city-level REE emissions and medical insurance hospitalization data from 2013–2017 346 

(Table S10), we used a two-way fixed-effects Poisson model to evaluate associations between 347 

REE emissions from different industrial sources and hospitalizations for hematologic, circulatory, 348 

and respiratory diseases. Exposure effects were expressed as relative risks (RRs) associated with 349 

a one-interquartile-range (IQR) increase in REE emissions. The fully adjusted model (M4) 350 

controlled for temperature, per capita GDP, the share of secondary industry, the proportion of older 351 

adults, and the number of hospital beds per 1000 population, while also including city and year 352 

fixed effects (Table S11). In total, the M4 model yielded 495 valid exposure–outcome effect 353 

estimates. At the nominal significance threshold of P < 0.05, 45 positive associations were 354 

identified, whereas no nominally significant negative associations were observed. Significant 355 

associations were concentrated in circulatory diseases (30 associations) and respiratory diseases 356 

(15 associations), while no associations with hematologic outcomes reached this threshold (Fig. 357 

3D; Table S12). 358 

At the national scale, the positive associations were primarily driven by REE emissions from 359 

CFPP and CK. Emissions from both sources were positively associated with hospitalizations for 360 

circulatory diseases, with RRs ranging from 2.16 to 2.18 for CFPP and from 1.97 to 2.04 for CK. 361 

For Ce, the corresponding RRs were 2.16 (95% CI, 1.02–4.58) and 2.02 (95% CI, 1.11–3.67), 362 

respectively. All 15 nominally significant associations for respiratory outcomes were attributable 363 

to CFPP, with RRs ranging from 3.11 to 3.15; the RR for Ce was 3.12 (95% CI, 1.29–7.53). 364 

Stepwise covariate adjustment showed that the CK–circulatory and CFPP–respiratory associations 365 

remained consistently positive and nominally significant from models M1 through M4. In contrast, 366 

the CFPP–circulatory association reached nominal significance after adjustment for 367 

socioeconomic covariates and remained stable after further adjustment for demographic structure 368 

and healthcare resources (Extended Data Fig. 3 and Fig. S3). 369 

Region-stratified analyses further revealed distinct north–south patterns in the associations 370 

between REE emissions and hospitalization outcomes (Fig. S4 and S5). In northern China, REE 371 

emissions from COP were consistently positively associated with hospitalizations for hematologic, 372 

circulatory, and respiratory diseases, with broadly similar effect sizes and median RRs of 2.53, 373 

2.63, and 2.51, respectively. In contrast, the most consistent signal in southern China was an 374 

inverse association between REE emissions from IOS and hematologic hospitalizations, with a 375 

median RR of approximately 0.366. Further comparisons of effect estimate between northern and 376 

southern China indicated that nominal regional differences were mainly concentrated in emissions 377 

from COP, IOS, SCu, and PCu, suggesting potential regional heterogeneity in the associations 378 

related to these industrial sources (Table S13). Notably, effect estimates for different REEs within 379 

the same industrial source were highly similar. Therefore, the current medical insurance analysis 380 

more strongly supports population-level associations between source-specific mixtures of REE 381 

emissions and hospitalization outcomes, while providing insufficient evidence to distinguish 382 

whether any individual REE has a higher or lower independent health effect. 383 

Disease-Specific reshapes priorities for REE Emissions. 384 

To examine how disease-related biological weighting alters emission-control priorities, we 385 

integrated disease-specific PDS weights with historical industrial REE emissions and constructed 386 

REE integrated emission indices (REEMI) for 20 and 13 disease outcomes under the EGoD and 387 

EPPD frameworks, respectively, over 1990–2023 (Table S14). Disease weighting substantially 388 

altered the control priorities of individual REEs relative to their original emission levels, whereas 389 

the long-term temporal trends in REEMI remained broadly consistent with historical changes in 390 
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REE emissions. In 2023, the mass-based REE emission profile was dominated by Ce, La, Nd, and 391 

Y, which accounted for approximately 38.6%, 20.9%, 13.9%, and 11.6% of total emissions, 392 

respectively. After disease-specific weighting, the relative contribution profiles of individual 393 

elements changed markedly, with distinct reordering patterns observed between the EGoD and 394 

EPPD pathways (Fig. 4A). 395 

Under the EGoD pathway, the weighted REE contribution profiles were generally stable 396 

across diseases. Ce remained the dominant contributor across all 20 outcomes, accounting for 397 

67.5–69.3% of REEMI in 2023. Among the 13 disease categories directly comparable with EPPD, 398 

the mean contribution of Ce increased from 38.6% of mass-based emissions to approximately 399 

68.2%, while La and Nd contributed about 17.9% and 8.7%, respectively. Although Gd accounted 400 

for only 2.43% of mass-based emissions, its mean contribution under EGoD increased to 3.81%, 401 

raising its rank from seventh in the mass-based profile to fourth. When emission magnitude was 402 

considered jointly with disease-weighted contribution, Ce, La, and Nd exhibited a “high-emission–403 

high-disease-weighted-contribution” pattern for both circulatory and respiratory diseases (Fig. 4B). 404 

In contrast, although Y accounted for 11.6% of mass-based emissions, its disease-weighted 405 

contribution declined markedly because corresponding disease links were absent from the current 406 

EGoD network. 407 

The EPPD pathway showed greater heterogeneity across diseases. Excluding the Symptoms 408 

category, for which Tb was the only element forming a non-zero pathway, Ce contributed an 409 

average of 87.3% across the remaining 12 disease categories, further reinforcing its dominant role. 410 

Gd also emerged as a major contributor, with a mean contribution of approximately 7.13%, and 411 

exhibited a characteristic “low-emission–high-disease-weighted-contribution” pattern, suggesting 412 

that its disease-related importance could be underestimated by rankings based solely on emission 413 

magnitude. These findings indicate that conventional rankings based solely on emission magnitude 414 

may fail to identify some low-emission elements with relatively high disease relevance, and that 415 

disease-specific health evidence can provide an additional basis for prioritizing REE emission 416 

control. A conceptual management schematic summarizes possible uses of these comparisons for 417 

monitoring, emission control and evaluation of capture or recovery (Extended Data Fig. 4). 418 

 419 

 420 
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 421 
Figure 4 | Disease-specific reweighting reshapes REE emission control priorities. 422 

(A) Relative contributions of individual REEs to the 2023 mass-based emission profile and 423 

disease-weighted REEMI across the 13 disease categories shared by the EPPD and EGoD 424 

frameworks. Solid and hatched bars denote EPPD and EGoD estimates, respectively; the baseline 425 

bar shows the national mass-based REE emission composition. (B) Relationships between national 426 

REE emissions and disease-weighted REEMI contributions in 2023 for circulatory and respiratory 427 

diseases under the EPPD and EGoD frameworks. Each point represents an individual REE. Dashed 428 

lines indicate the mean emission magnitude and mean disease-weighted contribution across the 15 429 

REEs, separating elements into high- and low-emission and high- and low-disease-weighted-430 

contribution groups. Abbreviations: La, lanthanum; Ce, cerium; Pr, praseodymium; Nd, 431 

neodymium; Sm, samarium; Eu, europium; Gd, gadolinium; Tb, terbium; Dy, dysprosium; Ho, 432 

holmium; Er, erbium; Tm, thulium; Yb, ytterbium; Lu, lutetium; Y, yttrium. 433 

 434 
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Discussion  435 

This study reconstructed more than three decades of industrial REE emissions and evaluated the 436 

associated health evidence. Emissions increased substantially during industrial expansion and 437 

declined partially after 2014, but remained well above 1990 levels. This trajectory was dominated 438 

by a small number of sources and elements, with CK contributing 85.7% of mean annual emissions 439 

and Ce accounting for approximately 38.6%. Evidence from biological networks, human studies, 440 

and nationwide hospitalization data consistently indicated that health relevance varied across 441 

elements, diseases, and industrial sources. Multicity analyses further identified nominal 442 

associations of CK and CFPP emissions with hospitalizations for circulatory and respiratory 443 

diseases. Together, these findings provide a long-term nationwide context for evaluating REEs as 444 

emerging industrial exposures, rather than viewing them solely as strategically important materials 445 

or as a single class of pollutants. 446 

The historical emission inventory extends the earlier static measurements. Previous national 447 

measurements across 114 industrial facilities and 13 sectors in China estimated approximately 448 

136,914 kg of particulate-bound REEs released annually, with cement production, coal-fired 449 

power generation, and coking accounting for particularly large contributions(7). In addition, 450 

receptor-side monitoring has revealed REE enrichment and marked spatial variability in 451 

atmospheric particles from rare earth mining areas, street dust from industrial cities, and indoor 452 

dust from nearby residents(9, 10, 23), indicating that REEs released by industrial and mining 453 

activities can migrate from production processes into human living environments. Urban 454 

particulate matter studies have also reported enrichment of Eu, Tb, and Y in optoelectronic 455 

industry clusters along the southeastern coast, suggesting that rare earth applications can generate 456 

localized emissions with distinct elemental signatures(25). Those measurements established 457 

industry as an important source of atmospheric REEs, but the available evidence primarily reflects 458 

emissions and environmental conditions in specific regions or during particular time periods. By 459 

reconstructing element-specific emissions across multiple industrial sectors over more than three 460 

decades and resolving their spatial distributions, our study extends this foundation from source 461 

characterization to a historical exposure framework. To our knowledge, this represents the first 462 

long-term, spatially resolved, element-specific national inventory capable of linking the evolution 463 

of China’s industrial REE emissions to population health. 464 

The historical dimension is more than an incremental improvement in emission accounting. 465 

REE-related disease outcomes may reflect cumulative or delayed exposures, whereas industrial 466 

structure, emission controls, energy systems, and population distributions have changed 467 

profoundly during recent decades. A contemporary emission map cannot reconstruct the exposure 468 

environment experienced by populations during earlier stages of industrialization. Our inventory 469 

therefore creates a temporal bridge between industrial development and health records, while also 470 

revealing that REE emissions are not a single national trajectory. Different elements inherit 471 

different geological, technological, and sectoral fingerprints. Previous industrial measurements 472 

showed one- to two-order-of-magnitude variation in REE concentrations among industrial sources, 473 

together with pronounced differences in elemental composition(7). Such heterogeneity means that 474 

an inventory of total REEs alone can obscure the environmental history of individual elements. 475 

Constructing a long-term inventory resolved by both element and industrial source is important 476 

not only for improving spatiotemporal resolution, but also for preserving the correspondence 477 

among source, element, year, and location. For example, Ce emissions from CK were widely 478 

distributed, whereas hotspots from COP were more concentrated in northern China. If these 479 

emissions were aggregated into a single national total for REEs, such source-specific spatial 480 
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patterns and temporal dynamics would be substantially obscured. Resolving both source and 481 

elemental composition is thus necessary before health relevance can be meaningfully assessed. 482 

Our findings also challenge the implicit assumption that REEs can be evaluated as a 483 

toxicologically homogeneous class. Their shared trivalent chemistry and coherent geochemical 484 

behavior have encouraged the use of total REE concentrations, light-versus-heavy REE categories, 485 

or common reference doses in environmental risk assessment. Yet biological responses are 486 

markedly more heterogeneous. Experimental studies have shown that REE toxicity rankings 487 

depend on element, chemical form, cell type, dose, and endpoint. The most recent high-throughput 488 

comparison of 16 rare-earth ions across eight human cell lines found substantial variation among 489 

elements and cell systems, with cellular energy metabolism emerging as a sensitive shared 490 

endpoint but with no universal toxicity hierarchy across all experimental settings(21). Similarly, 491 

developmental experiments have shown that La and Pr can perturb neural and cardiovascular 492 

development, whereas other REEs exhibit distinct response profiles(26). These observations make 493 

a single scalar ranking of “REE toxicity” biologically necessary. Likewise, human studies 494 

increasingly point in the same direction. In a pilot epidemiological study of hypertension, Dy, Tm, 495 

Yb, and Y retained positive associations with hypertension after multivariable adjustment, whereas 496 

several more abundant light REEs did not show comparably robust adjusted associations(18). For 497 

fetal NTDs, maternal serum La and Ce showed much stronger signals, and Bayesian kernel 498 

machine regression indicated increasing risk with the overall REE mixture while retaining an 499 

independent contribution from La(17). These studies differ in design, exposure matrix, population, 500 

and susceptibility window and therefore should not be interpreted as establishing a definitive 501 

toxicity ranking.  502 

Our biological-network results provide a mechanistic framework for interpreting this 503 

heterogeneity. Rather than assigning each element a generic toxicity coefficient, the exposure–504 

biology–disease framework asks how strongly an individual REE connects to a particular disease 505 

through proteins and biological processes. This distinction is essential. A compound can have 506 

modest general cytotoxicity yet perturb a pathway highly relevant to one disease, whereas an 507 

element with stronger nonspecific cellular toxicity may have weaker evidence for another endpoint. 508 

The resulting disease-specific biological relevance therefore complements rather than replaces 509 

classical toxicology, while helps connect highly fragmented mechanistic evidence into a structure 510 

suitable for population-scale evaluation(27). For respiratory outcomes, for example, experimental 511 

and clinical literature indicates persistent pulmonary deposition, macrophage uptake, oxidative 512 

stress, inflammatory dysregulation, calcium-homeostasis disturbance, and fibrotic remodeling 513 

after REE exposure(16). The convergence of these pathways with the population signals observed 514 

for respiratory disease strengthens biological plausibility without requiring the assumption that all 515 

REEs act through an identical mechanism. 516 

The nationwide health-insurance analysis adds a second and independent layer of evidence. 517 

Previous epidemiological studies have generally measured internal exposure in hundreds or 518 

thousands of participants, providing valuable individual-level information but limited geographic 519 

and disease coverage. By linking spatially and temporally resolved industrial emissions to 520 

nationwide disease records, our analysis evaluates whether the biological signals identified from 521 

prior evidence are reproduced at population scale. The concentration of positive signals in specific 522 

disease systems, particularly circulatory and respiratory outcomes, is consistent with several 523 

strands of earlier evidence. However, evidence regarding cardiovascular effects remains limited, 524 

and findings are not fully consistent across experimental models. Therefore, the cardiovascular 525 

signals observed in this study should be regarded as hypotheses requiring further validation rather 526 
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than as established causal relationships. Such convergence across molecular pathways, earlier 527 

epidemiology, and national health records is more informative than any single evidence stream. A 528 

major conceptual consequence of these findings is that emission magnitude and health priority are 529 

not interchangeable. Conventional pollutant management often begins with the largest mass flows 530 

because they are measurable, intuitive, and directly connected to engineering controls. For REEs, 531 

this strategy may systematically favor abundant elements while overlooking less-emitted elements 532 

with disproportionate disease relevance. Our comparison between emission-based and health-533 

informed rankings demonstrates how incorporation of biological and human evidence can reorder 534 

the apparent importance of individual elements. This reordering, rather than the identification of a 535 

universally “most toxic” REE, is the central advance of the study. It reframes the management 536 

question from “Which REE is emitted most?” to “Which REE contributes most to the health 537 

outcome we seek to prevent?” 538 

Our results demonstrate why a mixture cannot be represented faithfully by the sum of single-539 

element toxicities and why a policy framework based exclusively on element-by-element 540 

thresholds is inadequate. We address this problem from a complementary decision perspective by 541 

introducing a constrained mixture-prioritization framework. Rather than attempting to estimate an 542 

absolute attributable burden for every possible combination, the framework decomposes the 543 

observed mixture into the relative contributions of its constituent REEs for each disease. Emission 544 

pressure provides the environmental dimension, biological-network evidence provides disease-545 

specific plausibility, and nationwide health data provide population relevance. These dimensions 546 

are then used to determine which components of a mixture account for the largest share of a 547 

disease-specific priority signal. This constrained prioritization has practical advantages. A sector 548 

that releases large amounts of relatively low-priority REEs may require broad emission reduction, 549 

whereas a source releasing smaller quantities of a highly disease-relevant element may warrant 550 

selective capture. For strategically valuable REEs, capture may also create an opportunity for 551 

recovery. This distinction connects environmental-health policy with the rapidly evolving critical-552 

mineral agenda. The recent analysis of US mines emphasized that unrecovered critical elements 553 

are simultaneously wasted resources and constituents of mining waste, and that by-product 554 

recovery can improve supply security while reducing environmental footprints(3). Our findings 555 

further extend it that an REE identified as both health-relevant and resource-critical should not 556 

necessarily be treated simply as material to eliminate. Preventing its release and returning it to 557 

productive use could jointly reduce exposure and improve resource efficiency. Thus, the 558 

appropriate policy is not uniformly “reduce”, but rather “control, capture, and recover”, with their 559 

relative importance determined by element, source, and disease. 560 

The framework also has broader relevance beyond China. Global REE production is 561 

diversifying as countries seek to reduce supply-chain vulnerability, and historically 562 

underdeveloped deposits are likely to face renewed exploration and extraction pressure. Earlier 563 

assessments warned that widespread expansion of REE mining could reproduce environmental 564 

problems already documented around major Chinese production centers. China’s experience 565 

therefore functions as an anticipatory evidence base for emerging producers. A health-informed 566 

framework could be incorporated before new mining and processing capacity is fully established, 567 

allowing countries to identify high-priority elements, monitor disease-relevant exposure pathways, 568 

and design capture technologies alongside production infrastructure rather than after 569 

contamination becomes established. This preventive use may be more consequential globally than 570 

retrospective remediation. 571 
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Several uncertainties nevertheless define the boundaries of the present work. Emissions 572 

represent environmental pressure rather than internal dose. Atmospheric transport, particle size, 573 

chemical speciation, solubility, deposition, dietary uptake, and individual behavior all mediate the 574 

pathway from industrial release to human exposure. For inhalation in particular, particulate form 575 

can strongly influence pulmonary retention and clearance. The biological-network layer is also 576 

influenced by the uneven research history of individual REEs, with Ce and La much better studied 577 

than many heavy REEs. LLM-assisted evidence synthesis can improve the scale and consistency 578 

of literature extraction but cannot remove publication bias or compensate for weak primary studies. 579 

Finally, mixture prioritization identifies the most decision-relevant components under available 580 

evidence; it does not substitute for experimental characterization of synergy, antagonism, or dose-581 

dependent interaction. These limitations argue for progressively coupling national emission 582 

inventories with atmospheric fate modeling, biomonitoring, high-throughput mixture toxicology, 583 

and prospective population cohorts. Despite these uncertainties, the study changes the level at 584 

which REE environmental-health management can be formulated. Previous work established that 585 

industrial activities release substantial quantities of particulate-bound REEs, that long-term 586 

exposure can affect multiple biological systems, and that real-world mixtures display complex 587 

interactions. We connect these previously separated domains by reconstructing where and when 588 

individual REEs were emitted, identifying disease-specific biological relevance, testing those 589 

relationships against nationwide population records, and translating the convergent evidence into 590 

a finite mixture-prioritization strategy. The result is a shift from treating REEs as a single emerging 591 

contaminant class toward recognizing them as a set of strategically valuable elements with unequal 592 

health consequences. 593 

As global competition for critical minerals intensifies, especially for REEs, the central policy 594 

challenge will not be to choose between economic development and environmental protection. It 595 

will be to make increasingly selective decisions about which resources to develop, which 596 

emissions to prevent, which materials to capture, and which exposures to monitor. Our findings 597 

suggest that disease-specific health evidence can provide the missing criterion for those decisions. 598 

REE governance can therefore move beyond mass-based control toward health-informed 599 

prioritization, using China’s long-term experience to protect populations while preserving the 600 

material foundations of the global energy and technological transition. 601 

 602 

Methods 603 

Reconstruction of the industrial REE emission inventory in China. 604 

(1) Data source and Pollutant description 605 

We reconstructed annual emissions of 15 rare earth elements (REEs) from 13 major industrial 606 

sources in China from 1990 to 2023. The industrial sources included BFI, CFPP, CK, COP, EAF, 607 

HWI, IOS, MSWI, PCu, SAl, SCu, SPb, and SZn (Extended Data Table 1). The 15 REEs included 608 

Ce, Dy, Er, Eu, Gd, Ho, La, Lu, Nd, Pr, Sm, Tb, Tm, Y, and Yb (Table S1). Elemental 609 

concentrations were based on our previous measurements from 114 large-scale industrial facilities 610 

covering 13 industrial sectors in China(7). These concentrations were combined with source-611 

specific particulate matter emission factors to derive element-specific emission factors. Provincial 612 

emissions were estimated using a bottom-up approach based on industrial activity data, particulate 613 

matter emission factors, and elemental concentrations. For element i, industrial source s, province 614 

r, and year t, emissions were calculated as: 615 ܧ௜,௝,௠,௣  = ௝,௠,௣ܣ   × ௝,௠,௣ܨܧ   × ௜,௝,௠,௣ܥ   ×  10−6  (S1) 616 
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where ܣ represents industrial activity (t/year), ܨܧ is the particulate matter emission factor (kg/t), 617 

and ܥ is the elemental concentration in particulate matter (μg/g). ܧ is expressed in kg/year. Data 618 

on industrial activity levels are shown in Table S2. Particulate matter emission factors and 619 

elemental concentrations are provided in Tables S3 and S4, respectively.  620 

(2) Reconstruction of historical industrial activity data 621 

Provincial annual activity data for each industrial source were obtained from the National Bureau 622 

of Statistics of China and the China Nonferrous Metals Industry Yearbook and harmonized to 623 

cover the period from 1990 to 2023 (Table S2). For the iron and steel, cement, and coking sectors, 624 

activity levels were represented by the corresponding product outputs. Activity data for coal-fired 625 

power plants were derived from thermal power generation using a coal-to-electricity conversion 626 

coefficient. For hazardous waste incineration and municipal solid waste incineration, the 627 

corresponding disposal or generation indicators and incineration treatment volumes reported in the 628 

original data sources were used. Isolated missing years within the same province and industrial 629 

source were filled by linear interpolation between adjacent observed years. Time series affected 630 

by changes in units, statistical definitions, or administrative boundaries were harmonized before 631 

emission calculations. The purpose of activity-data reconstruction was to recover long-term 632 

relative changes in industrial activity rather than to replace available observations with interpolated 633 

values. 634 

(3) Machine-learning-based spatial downscaling of provincial emissions 635 

To generate continuous gridded emissions suitable for spatial exposure and health analyses, 636 

provincial emissions were spatially downscaled to 0.5° × 0.5° grid cells using a machine-learning 637 

framework consistent with that used in related industrial-pollutant studies. Sector-matched high-638 

resolution emission fields from the CMIP6 global emission inventory were used as spatial proxy 639 

variables, and eXtreme Gradient Boosting (XGBoost) was used to learn the spatial relationship 640 

between provincial emissions and gridded proxy features. To account for latitude-dependent 641 

differences in grid-cell area, the actual area of each grid cell was calculated using spherical 642 

geometry before model fitting. Provincial total emissions and proxy variables were converted to 643 

mass densities and standardized using Z scores. The baseline XGBoost parameters were 644 

n_estimators = 300, max_depth = 5, and learning_rate = 0.05. Predicted grid-level densities were 645 

multiplied by grid-cell area to obtain initial allocated emissions. For each province, year, industrial 646 

source, and element, the initial gridded estimates were subsequently calibrated using the ratio of 647 

the provincial inventory total to the sum of the gridded predictions: 648 ܧ௜,௦,௚,௧  = ௜,௦,௚,௧ ܧ   ×  ா೔,ೞ,ೝ,೟∑ ா ೔,ೞ,ℎ,೟ℎ∈ಸᵣ  (S2) 649 

where E denotes the initial gridded emission estimate and ܩ௥  represents the set of grid cells 650 

assigned to province ݎ. This mass-conservation constraint preserves provincial emission totals 651 

while using spatial proxy information to resolve within-province variability. Annual gridded 652 

emissions were subsequently aggregated by industrial source and element for temporal-trend and 653 

spatial-distribution analyses (Tables S5 and S6). 654 

Disease-specific biological networks and Path Diversity Scores. 655 

(1) E-BIO exposure–biology–disease networks 656 

Disease-specific biological associations were constructed using the E-BIO module of the 657 

ExposomeX platform(28). The 15 REEs were treated as exposure nodes, and two complementary 658 

network structures were considered: Exposure–GO–Disease (EGoD) and Exposure–Protein–659 

Protein–Disease (EPPD). The EGoD network links REEs to diseases through Gene Ontology (GO) 660 

biological processes and therefore emphasizes mechanistic connections at the functional-process 661 

level. In contrast, the EPPD network establishes multistep molecular connections through 662 
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exposure-associated proteins, protein–protein interactions (PPI), and disease-associated proteins, 663 

thereby emphasizing mechanisms mediated through protein-interaction networks. 664 

(2) EGoD Path Diversity Score 665 

For each element i and disease d, all path records following the structure Exposure → GO → 666 

Disease (E→GO→D) were enumerated and denoted as the set Pid. The simple Path Diversity 667 

Score (PDS Simple) was defined as the number of path records for a given element–disease pair. 668 

The weighted Path Diversity Score (PDS Weighted) was defined as the sum of the degrees of the 669 

intermediate GO nodes across all retained paths: 670 ܲܵܦாீ௢஽,௜,ௗ  =  ∑ గ∈௉ᵢௗ[(ߨ)ܱܩ]݁݁ݎ݃݁ܦ  (S3) 671 

When no matching degree value was available for an intermediate node, a value of 1 was assigned. 672 

After harmonization of disease names, multiple edge records could share identical endpoints; these 673 

records were retained and could therefore contribute repeatedly to the EGoD score. Accordingly, 674 

PDS Weighted reflects the connectivity-weighted contribution of retained path records and should 675 

not be interpreted directly as the number of mutually independent biological mechanisms. Scores 676 

for individual REE–disease pairs are provided in Table S7, and element- and disease-level 677 

summary results are shown in Fig. S1. 678 

(3) EPPD Path Diversity Score 679 

Within the EPPD network, for each element i and disease d, all length-3 PPI paths following the 680 

structure Exposure → Protein1 → Protein2 → Disease were enumerated. PDS Simple was defined 681 

as the number of PPI path records satisfying this structure for each element–disease pair. To further 682 

account for the network connectivity of mediating proteins, Protein1 and Protein2 from all paths 683 

were pooled and deduplicated by protein identifier to generate a set of unique mediating proteins 684 

for each element–disease pair (recorded as Uid). PDS Weighted was then defined as the sum of 685 

the degrees of these unique mediating proteins: 686 ܲܵܦா௉௉஽,௜,ௗ  =  ∑ ௩∈௎ᵢௗ(ݒ)݁݁ݎ݃݁ܦ  (S4) 687 

PDS Simple and PDS Weighted values for individual REE–disease pairs are provided in Table S8, 688 

and the corresponding summary results are shown in Fig. S1.  689 

Large language model-assisted organization of literature evidence. 690 

(1) Literature search, study screening, and structured information extraction 691 

A combinatorial search strategy was developed in PubMed using predefined lists of REEs and 692 

diseases. The search covered 17 REEs and 54 disease categories, yielding 918 element–disease 693 

search combinations. REE-related search terms included full English element names, common 694 

compound names, and terms related to exposure or concentration. Disease-related terms included 695 

standardized disease names, commonly used synonyms, abbreviations, and related clinical 696 

terminology. Terms within each element or disease block were connected using the Boolean 697 

operator OR, whereas the element and disease blocks were combined using AND. Searches 698 

primarily targeted title and abstract fields. To reduce ambiguity associated with elemental symbols, 699 

isolated chemical symbols were not used as REE search terms. For selected combinations, 700 

additional NOT terms were applied to reduce retrieval of animal studies, review articles, and 701 

publications focused on materials, diagnostic applications, or other topics unrelated to the target 702 

exposure–health relationships. 703 

Retrieved publications were first screened on the basis of titles and abstracts, followed by 704 

full-text review to confirm eligibility. Studies were included if they met all of the following criteria: 705 

(i) the study population consisted of humans or human biological samples; (ii) exposure to at least 706 

one individual REE was explicitly measured, estimated, or characterized; (iii) a disease, clinical 707 

outcome, or other clearly defined human health outcome was reported; and (iv) a specific REE–708 
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health outcome relationship could be established. Animal experiments, in vitro studies, studies 709 

reporting only environmental concentrations without human health outcomes, studies in which 710 

individual REE exposures could not be distinguished, and reviews, commentaries, or other 711 

publications without original human health data were excluded from the quantitative human 712 

evidence analysis. When a study reported multiple REEs, multiple outcomes, or multiple 713 

independent effect estimates, each corresponding REE–outcome association was retained as a 714 

separate record. 715 

After study screening, a large language model (LLM) was used to assist with structured 716 

information extraction. Extracted fields included PMID, article title, first author, publication year, 717 

study region, study design, sample size, REE, exposure medium or biological sample, disease or 718 

health outcome, effect-measure type, effect estimate, and 95% confidence interval (CI). The LLM 719 

was used solely to assist with structured information extraction and was not involved in study-720 

inclusion decisions or statistical interpretation. After extraction, researchers manually checked 721 

each record against the original publication and corrected or removed extraction errors, ambiguous 722 

fields, or information that could not be verified from the source article. Different REEs, disease 723 

outcomes, or effect estimates within the same study were retained as separate records.  724 

(2) Classification of effect direction and evidence matrix 725 

For quantitative human evidence, only records for which the effect estimate and 95% CI could be 726 

reliably interpreted were retained. For ratio-based effect measures with a null value of 1, 727 

associations were classified as “Risky” when the lower bound of the 95% CI was greater than 1, 728 

“Protective” when the upper bound of the 95% CI was less than 1, and “No association” when the 729 

95% CI crossed or included 1. Records with missing or unreliable confidence intervals were 730 

excluded from effect-direction classification. The final quantitative evidence set contained 59 731 

interpretable human effect estimates, including 44 showing no statistically significant association, 732 

13 showing positive risk associations, and 2 showing protective associations. These classifications 733 

were used only to characterize the distribution of existing evidence on REE–disease associations 734 

and were not used for effect-size pooling or causal inference. Individual effect estimates and their 735 

classifications are provided in Table S9.  736 

Associations between REE emissions and hospitalization outcomes. 737 

(1) Hospitalization data and disease classification 738 

We used nationwide health-insurance hospitalization records from 2013 to 2017. Pharmacy 739 

records and records with unspecified diagnoses had been removed before analysis. For records 740 

labelled “provincial-level”, the treating institution’s city was identified using existing institution–741 

city matches, geographic information contained in institution names, and a manually curated 742 

institution–city crosswalk. These records were then reassigned to the corresponding city. Special 743 

city names were harmonized and city administrative codes were added. Data quality was assessed 744 

by checking annual record counts, residual provincial-level labels and missing administrative 745 

codes. Using the principal discharge diagnosis ICD-10 code and a unique patient identifier, 746 

patients were classified into four prespecified disease groups: respiratory diseases (J00–J99), 747 

circulation-related and blood diseases (D50–D89 and I00–I99). These classifications were used 748 

for subsequent city-level exposure–hospitalization analyses. The city and temporal coverage of the 749 

hospitalization data is summarized in Table S10. 750 

The 1990–2023 gridded emission inventory was spatially overlaid with administrative 751 

boundaries and aggregated to the city–year level. Exposure metrics included both element-specific 752 

emissions from individual industrial sources and element-specific emissions aggregated across 753 

industrial sources. To ensure comparability of effect estimates across elements and emission 754 
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sources, each emission metric was scaled by its interquartile range (IQR) based on the city–year 755 

distribution. Accordingly, the model-derived relative risk (RR) represents the relative change in 756 

hospitalization rate associated with a 1-IQR increase in emissions. 757 

(2) Two-way fixed-effects Poisson models and sequential covariate adjustment 758 

Two-way fixed-effects (TWFE) Poisson regression models were used to evaluate associations 759 

between REE emissions and hospitalization outcomes while controlling for time-invariant city-760 

specific characteristics and common nationwide temporal trends. The natural logarithm of the 761 

annual resident population was included as an offset with its coefficient constrained to 1. The basic 762 

model was specified as: 763 ݈ܧ) ݃݋[ ௖ܻ,௧])  = 0ߚ   + 1ܺ௖௔௟௘ௗ,௖௧ߚ   + 2ܼ௖,௧ߚ   + ௖ߙ   +  ߬௧  +  764 (S5) (௖,௧݌݋ܲ)݃݋݈ 

where ௖ܻ,௧ represents the number of hospitalizations for a given disease in city ܿ and year 765 ܺ ,ݐ 

denotes the IQR-scaled REE emission metric, and ܶ݁݉݌ represents annual mean temperature. 766 ߙ 

and  ߬ denote city and year fixed effects, respectively. Population was included as an offset to 767 

model hospitalization rates. The exposure coefficient  1ߚ therefore represents the change in the 768 

log relative risk of hospitalization associated with a 1-IQR increase in REE emissions. Exposure 769 

variables were scaled by their interquartile ranges (IQRs), such that the estimated relative risk (RR) 770 

represented the change in hospitalization rate associated with a 1-IQR increase in REE emissions. 771 

City and year fixed effects were included in all models, and standard errors were clustered at the 772 

city level to account for within-city temporal correlation.  773 

Four sequential models were fitted to assess the robustness of the associations to covariate 774 

adjustment. M1 included annual mean temperature; M2 additionally included per capita gross 775 

domestic product (GDP) and the proportion of secondary industry; M3 further adjusted for 776 

population aging; and M4 additionally included the number of hospital beds per 1,000 population. 777 

The fully adjusted M4 model was prespecified as the primary model, whereas M1–M3 were used 778 

to evaluate the stability of effect estimates across progressive covariate adjustment (Table S11 and 779 

Fig. S3). 780 

(3) Multiple-testing correction 781 

Because REE emission metrics were strongly correlated across elements and industrial sources, 782 

the effective number of independent exposure tests (Me) was estimated from the eigenvalues of 783 

the Pearson correlation matrix of the candidate exposure variables. Correlations were calculated 784 

using pairwise complete observations(29). A nominal threshold of P < 0.05 was used to identify 785 

preliminary associations, whereas the Me-based significance threshold was used to evaluate 786 

statistical significance after accounting for exposure multiplicity. Benjamini–Hochberg false 787 

discovery rate (BH-FDR) adjusted P values were additionally calculated as a complementary 788 

measure of multiplicity control. RR estimates, 95% confidence intervals (CIs), nominal P values, 789 

and multiple-testing-adjusted results are provided in Table S12. 790 

(4) Region-stratified analyses and north–south heterogeneity 791 

To investigate potential geographic heterogeneity in the associations between industrial REE 792 

emissions and hospitalization outcomes, analyses were further stratified by northern and southern 793 

China. Cities were classified into northern and southern China primarily according to the Qinling–794 

Huaihe geographic boundary, with cities in the Qinghai–Tibet Plateau treated as a separate Plateau 795 

stratum. The north–south heterogeneity analysis was restricted to cities classified as North or South, 796 

whereas observations assigned to the Plateau stratum were not included in this comparison. 797 

For each source-specific REE emission metric, the fully adjusted M4 model was refitted separately 798 

in the northern and southern strata, retaining the same covariates, city and year fixed effects, 799 

population offset, and city-clustered standard errors as in the national analysis. Exposure effects 800 
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were expressed as RRs per 1-IQR increase in emissions. To ensure direct comparability of regional 801 

effect estimates, the exposure IQR was calculated from the pooled analytic distribution before 802 

regional stratification and the same scaling factor was applied to both regional models. North–803 

south heterogeneity was evaluated by comparing the regional log-relative-risk estimates. For each 804 

exposure–outcome pair, the heterogeneity statistic was calculated as: 805 ܼௗ௜௙௙ = ఉಿ೚ೝ೟ℎ−ఉೄ೚ೠ೟ℎ√ௌாಿ೚ೝ೟ℎ2 +ௌாೄ೚ೠ೟ℎ2   (S6) 806 

where ߚே௢௥௧ℎ  and ߚௌ௢௨௧ℎ  denote the estimated log RRs in northern and southern China, 807 

respectively, and ܵܧே௢௥௧ℎ and ܵܧௌ௢௨௧ℎ are their corresponding city-clustered standard errors. A 808 

two-sided heterogeneity P value was calculated as: 809 ௗܲ௜௙௙ = 2{1 − ,12ܾ)ߔ ݂1)}  (S7) 810 

where ߔ denotes the cumulative distribution function of the standard normal distribution. A 811 

nominal ௗܲ௜௙௙ was used to identify exploratory evidence of regional heterogeneity. To account 812 

for multiple north–south comparisons, ௗܲ௜௙௙ values were further adjusted using the Benjamini–813 

Hochberg false discovery rate procedure, with FDR-adjusted P < 0.05 considered statistically 814 

significant. Region-specific estimates and north–south comparisons are presented in Fig. S4 and 815 

Table S13. 816 

Disease-specific REE Emission Mixture Index (REEMI). 817 

(1) Element-level emission aggregation and molar normalization 818 

For each grid cell ݃ and year ݐ, emissions of element ݅ were first summed across all industrial 819 

sources: 820 ܧ௜,௚,௧  =  ∑ ௜,௦,௚,௧௦ܧ  (S8) 821 

The aggregated emissions were then normalized by molar mass: 822 ܳ௜,௚,௧  =  ா೔,೒,೟ெௐ೔ (S9) 823 

where the molar mass of each element is provided in Table S1. This normalization reduces 824 

incomparability in mass-based emission scales arising solely from differences in atomic mass 825 

among REEs. 826 

(2) Disease- and network-specific REEMI 827 

For network P∈[EGoD, EPPD], disease ݀, grid cell ݃, and year ݐ, REEMI was calculated as: 828 ܴܫܯܧܧ௣,ௗ,௚,௧  =  ∑ ௣,௜,ௗݓ  ×  ܳ௜,௚,௧௜    (S10) 829 

where ݀ denotes the PDS_Weighted value for the corresponding element–disease pair. When no 830 

element–disease record was available within a given network, its weight was set to 0. The relative 831 

contribution of element ݅ to the national REEMI for a given disease was defined as the weighted 832 

contribution of that element divided by the summed weighted contributions of all elements for that 833 

disease. Annual element-specific contributions and relative shares of national REEMI under the 834 

EGoD and EPPD frameworks are provided in Table S14. Because PDS Weighted values derived 835 

from EGoD and EPPD are on different scales, comparisons were restricted to relative contributions, 836 

rankings, and changes in priority within each network. Absolute REEMI values were not compared 837 

directly between the two network frameworks. 838 
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 930 
Extended Data Fig. 1 | Annual trends in national emissions of individual REEs, 1990–2023.  931 

Annual national emissions of Dy, Er, Eu, Gd, Ho, La, Lu, Nd, Pr, Sm, Tb, Tm, Y, and Yb from 13 932 

industrial source categories during 1990–2023. Emissions were summed across all grid cells for 933 

each year and are expressed in kg. Abbreviations: La, lanthanum; Ce, cerium; Pr, praseodymium; 934 

Nd, neodymium; Sm, samarium; Eu, europium; Gd, gadolinium; Tb, terbium; Dy, dysprosium; 935 

Ho, holmium; Er, erbium; Tm, thulium; Yb, ytterbium; Lu, lutetium; Y, yttrium. 936 

 937 
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 938 

Extended Data Fig. 2 | Spatial distribution of mean annual cerium (Ce) emissions from 939 

additional industrial sources, 1990–2023.  940 

Spatial patterns of grid-level mean annual Ce emissions from EAF, HWI, IOS, MSWI, PCu, SAl, 941 

SCu, SPb, and SZn during 1990–2023. For each source, annual Ce emissions were averaged across 942 

the 34-year study period for each grid cell and are expressed in kg. 943 

 944 
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 946 
Extended Data Fig. 3 | Robustness of REE–hospitalization associations across progressively 947 

adjusted models.  948 

(A) Distribution of RRs for all REE emission–hospitalization outcome associations across the four 949 

progressively adjusted models (M1–M4); the red dashed line indicates the null value of RR = 1. 950 

(B) Overlap of nominally significant positive associations across the four models, illustrating the 951 

consistency of significant signals under different covariate adjustment schemes. (C) Changes in 952 

the RR distributions for REE emission associations with circulatory and respiratory diseases across 953 

models M1–M4. M1 was adjusted for annual mean temperature only; M2 was additionally 954 

adjusted for per capita GDP and the proportion of secondary industry; M3 further included 955 

population aging; and M4 further included the number of hospital beds per 1000 population. The 956 

fully adjusted M4 model was used as the primary model. 957 

 958 
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 959 
Extended Data Fig. 4 | Conceptual framework for disease-specific prioritization of REE 960 

emission control and resource recovery. 961 

(A) Industrial sources contribute distinct mixtures of REEs, with Ce, La, Nd, and Y representing 962 

major components of mass-based emissions. (B) Disease-specific evidence derived from the 963 

EGoD and EPPD pathways is integrated with historical emissions to construct REEMI and 964 

reweight element-specific control priorities. Ce remains a prominent priority across both pathways, 965 

whereas Gd gains relative priority after disease-specific weighting and Y illustrates an evidence 966 

gap in the current EGoD network. (C) The resulting prioritization can inform differentiated 967 

management strategies, including source emission reduction, targeted capture and recovery where 968 

technically and economically feasible, and continued monitoring and validation of exposure, 969 

biological mechanisms, and health associations. The schematic is conceptual and does not 970 

represent quantitative thresholds for intervention. 971 

 972 

 973 
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Extended Data Table 1 | Industrial sources and activity indicators 974 

 975 

 976 

Abbreviation Industrial sources Activity level indicators and data sources 

BFI Blast-furnace pig iron 
Iron production;  

National Bureau of Statistics 

CFPP Coal-fired power plant 
Thermal power generation;  

National Bureau of Statistics 

CK 
Cement kiln co-processing solid 

waste 

Cement production;  

National Bureau of Statistics 

COP Coking plant 
Coke production;  

National Bureau of Statistics 

EAF Electric-arc furnace steelmaking 
Crude steel production (Electric);  

National Bureau of Statistics 

HWI Hazardous-waste incineration 
Quantity of hazardous waste disposal;  

National Bureau of Statistics 

IOS Iron-ore sintering 
Sintered ore production;  

National Bureau of Statistics 

MSWI Municipal solid-waste incineration 
Volume of waste incinerated for safe disposal;  

National Bureau of Statistics 

PCu Primary copper smelting 
Copper ore production;  

China Non-ferrous Metals Industry Yearbook 

SAl Secondary aluminium smelting 
Aluminium recycling or mixed output;  

China Non-ferrous Metals Industry Yearbook 

SCu Secondary copper smelting 
Copper recycling or mixed output;  

China Non-ferrous Metals Industry Yearbook 

SPb Secondary lead smelting 
Lead recycling or mixed output;  

China Non-ferrous Metals Industry Yearbook 

SZn Secondary zinc smelting 
Zinc recycling or mixed output;  

China Non-ferrous Metals Industry Yearbook 
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