
Spatial distribution of the proteome in the 
human body and in cancers

In the format provided by the 
authors and unedited

Nature  |  www.nature.com/nature

Supplementary information

https://doi.org/10.1038/s41586-026-10660-y



 

1 

 

Supplementary information 1 

Supplementary Table Legends 2 

Supplementary Table 1. Sample origin information. 3 

A. Information of non-carcinoma originated samples. The identifier, age, gender and disease 4 

of patients or volunteers, and the storage method of biological specimens have been listed. B. 5 

Information of cancer patient originated samples. The identifier, age, gender, tissue name, 6 

anatomical classification and corresponding tissue specific library name, and the origin center 7 

of patients have been listed. C. Statistical results of cancer patients. We are including patient 8 

number, gender ratio, mean and standard deviation of ages for each kind of cancers. D. 9 

Sample information including both biological and technical variates for each MS run. 10 

Supplementary Table 2. DDA data identifications 11 

A. Identification of proteins in tissue-specific libraries. B. Contaminant library. C. Protein 12 

groups specifically detected in the DDA-based spectral library of the cochlea compared with 13 

other normal tissues. 14 

Supplementary Table 3. Proteome transformation in tissue development and 15 

oncogenesis. 16 

A. Dimensional reduction of proteins across fetal (F), tumor (T), non-tumor (NT) and normal 17 

(N) samples using t-SNE. B. Co-expression modules of trajectory-associated proteins. 18 

Supplementary Table 4. Tissue specificity. 19 

A-B. Correlation, coefficient of variation (CV) and Euclidean distance within each of the 20 

major tissue types (A), and between a specific tissue type and other tissue types within the 21 

same major tissue (B) before adjustment of tissue types and deletion of heterogeneity 22 

abnormal samples. Ranked by a decreasing order of median distance. C-D, CV and Euclidean 23 

distance within each of the major tissue types (C) and detailed tissue types (D) after 24 

adjustment of tissue types and deletion of heterogeneity abnormal samples. E. Median protein 25 

intensities in various tissue types. F. Classification of tissue specificity for each protein. G. 26 

Distribution of protein-RNA correlation values. H. GOBP enrichment of negatively correlated 27 

protein-RNA (B-H adjusted p < 0.1, correlation < 0) between this study and HPA. I. Pearson’s 28 

r of overlapped proteins for each overlapped tissue among our data and the two previously 29 

published human proteome drafts1,2.  30 

Supplementary Table 5. Druggable tissue-enriched proteins information. 31 

A. Intensity matrix of tissue-enriched proteins (Z-score). B. Comparison of tissue-enriched 32 

proteins with external tissue specificity databases. C. Mapping of tissue-enriched proteins to 33 



 

2 

 

the DrugBank drug target database. D. Integrated results organized by proteins. E. Statistics 34 

of drug approval status. F. Statistics of drug mechanism actions. G. Intensity matrix of the top 35 

5 enriched proteins associated with at least three drugs. H-K. Subsets of data from B, D, E, 36 

and F corresponding to the proteins selected in G. L. Comparative functional profiling of 37 

tissue types using tissue-enriched proteins based on GOBP enrichment. M. Filtered GOBP 38 

terms from L, annotated with their generality (number of tissue types represented in each 39 

enriched term). N. Network relationships of the selected GOBP terms. 40 

Supplementary Table 6. Differential expression analysis. 41 

A. Results of differential expression analysis between paired tumor and non-tumor samples 42 

for each cancer type. B. Differentially expressed proteins filtered by |Hedges’ g| not less than 43 

0.5 and B-H adjusted p < 0.05. 44 

Supplementary Table 7. Cross-reference to external cancer datasets. 45 

A. Overlap of our data, TCGA, and CPTAC dysregulated proteins datasets. B. Differentially 46 

expressed proteins matched to the HPA pathology dataset. C. Overlap of A and B. D. 47 

Statistics of B. E. Drug-DEP matches between DrugBank-recorded biotechnology drugs and 48 

cancer DEPs. F. Biotechnology drug-cancer-DEP associations linked to relevant clinical 49 

trials. 50 

Supplementary Table 8. Cancer-specific proteins. 51 

A. Tumor-specific dysregulated proteins. B. Locally enriched dysregulated proteins with their 52 

enriched tissues, median expression intensity, and results of differential expression analysis. 53 

C. Tumor-enriched DEPs. D. Tumor-enriched DEPs localized to the plasma membrane. E. 54 

Enrichment results of HCC specifically downregulated DEPs by Metascape. F. Enrichment 55 

results of GIST specifically upregulated DEPs by Metascape. 56 

Supplementary Table 9. Cancer DEPs associated pathways and drugs. 57 

A. DEPs detected in TCGA curated pathways. B. DEPs validated in ProCan-DepMapSanger 58 

proteomic map drug response dataset. C. DEPs validated in ProCan-DepMapSanger 59 

proteomic map CRISPR-Cas9 gene essentiality dataset. 60 

Supplementary results 61 

Anatomically dissectible resolution of human sample collection 62 

In the sample repository, we collected histological healthy tissues mainly from a male and a female 63 

participant (Supplementary Fig. 1) at an anatomical resolution. In total, we collected 58 roughly 64 

partitioned tissue types, among which 24 were newly added compared with HPA3 and TSomics1 65 

(Supplementary Fig. 1), and 251 detailed tissue types, of which 212 were newly added 66 

(Supplementary Fig. 1). For in-situ tumor and its paired non-tumor samples, we recruited 22-90 67 

patients for each of the 25 cancer types (Table S1). To handle the various tissue types in our collection, 68 
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we applied the pressure cycling technology (PCT)-assisted sample preparation4,5 along with in-solution 69 

digestion and in-gel digestion method to extract proteins and digested them into peptides for the 70 

following data-dependent acquisition (DDA) and data-independent acquisition (DIA) analysis.71 

 72 

Supplementary Figure 1. Overview of sample collection. Tissue type overlap between this study and 73 

other published datasets. Numbers in the brackets represent the number of files in each detailed tissue 74 

type. 75 

Construction of the comprehensive spectral library 76 

To comprehensively quantify the proteome of human samples, we first built a “dictionary” ─ the MS 77 

spectral library on timsTOF Pro MS using the DDA method, by analyzing pre-fractionated peptide 78 

sample pools per tissue type (Extended Data Fig. 1a, Table S2). Altogether, we analyzed 1028 DDA 79 

files from 65 types of human specimens and generated 65 tissue-specific sub-libraries using FragPipe6-80 
9. As shown in Extended Data Fig. 1c, the testis tissue-specific library contains the highest number of 81 

proteins (8929 proteins), while the tooth library has the fewest (1316 proteins). By leveraging all the 82 

DDA files, the generated library contains 22,539,157 peptide spectrum matches (PSMs), leading to the 83 

identification of 15,332 proteins from 484,615 peptides. To ensure the quality of the spectral library, we 84 

evaluated the characteristics of the comprehensive library as shown in Supplementary Fig. 2A to 2K. 85 

The majority of precursor m/z values were settled between 300-1000 Th, with 2+ and 3+ precursors 86 

accounting for over 90% of the total. Meanwhile, these precursors exhibited a strong correlation in 87 

their chromatographic characteristics. Almost all the proteins have over six razor or unique peptides, 88 

and almost every precursor has over six fragments. Most proteins in the dataset have protein coverage 89 

exceeding 20%. Our results showed a higher median protein coverage compared to the proteome map10 90 

(33.43% versus 28%). 91 
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We also compared the comprehensive library with two of the largest human peptide-based resources, 92 

PeptideAtlas11 and ProteomicsDB12. PeptideAtlas contains curated peptide information collected from 93 

the proteomics community over the past decade, while ProteomicsDB achieved 92% proteome 94 

coverage by integrating about 17,000 human proteomic profiles. Notably, almost half of the peptides 95 

we identified were not deposited in ProteomicsDB and still discovered over 70,000 novel peptides and 96 

449 novel proteins not recorded either in the PeptideAtlas or ProteomicsDB (Supplementary Fig. 2L, 97 

2M). It is reasonable to attribute the expansion in protein identification to the breadth and depth of our 98 

proteomic analysis because we expanded the diversity of tissue types compared to previous studies. 99 

 100 

Supplementary Figure 2. Overview of the DDA-based spectral library. Histograms showing the 101 

distribution of precursor m/z (a) and charge (b) of the spectral library. c, Pearson correlation of iRT 102 

values between 2+ and 3+ precursor ions with the same peptide sequence. Histograms showing the 103 
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frequency percentages of peptide length (d), number of modifications (e), peptides per protein (f), 104 

fragments per precursor (g), fragment ion type (h), fragment ion charge (i), protein coverage (j) and 105 

number of missed cleavages per peptide (k). Overlapped peptides (l) and proteins (m) Amongour data, 106 

PeptideAtlas, and ProteomicsDB datasets. 107 

Assessment of false discovery rate (FDR) control in DIA-MS using entrapment 108 

To rigorously assess and control false discoveries, we implemented a combined entrapment strategy by 109 

constructing a hybrid spectral library that contained empirical human-derived spectra from the project-110 

specific DDA library together with decoy spectra generated from non-human species13. This design 111 

enabled a direct evaluation of identification specificity at both the precursor and protein group levels. 112 

Entrapment PSM and precursor were detected at a low level, representing less than 1% of the False 113 

Discovery Proportion (FDP) at a 1% q value cutoff (Supplementary Fig. 3). However, the FDP 114 

exceeded 2% at the protein level. To control the protein FDR to less than 2%, we subsequently adjusted 115 

the q cutoff to 0.1% (Supplementary Fig. 3, Methods). 116 

 117 

Supplementary Figure 3. Effect of DIA-NN q-value cutoffs on entrapment-library search 118 

performance. Global panels (left) summarize, for each q-value cutoff, precursor- and protein-group-119 

level false discovery proportions and corresponding global identification counts for precursor targets, 120 

precursor entrapments, protein-group targets, and protein-group entrapments. Run-specific panels 121 

(right) display, across individual runs and q-value cutoffs, the distributions of Precursor FDP, Protein 122 

FDP, the number of identified precursors (# precursors), and the number of identified protein groups (# 123 

protein groups); violin plots depict density distributions, and box plots (with colors denoting q-value 124 

cutoff) indicate median, first quartile (Q1), third quartile (Q3), and lower outliers defined as Q1 − 125 

1.5×IQR. For distribution plots (FDP and identification counts), n = 3262 independent MS files were 126 

analyzed for each q-value cutoff, except for q = 1e-04 where n = 3261 (one run yielded no 127 

identifications at this stringent threshold). 128 

Data quality of the quantitative proteomic analysis 129 

In summary, we used PCT to ensure consistency in sample preparation for most sample types except 130 
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for urine, saliva, and plasma, which were prepared by a two-step overnight enzyme digestion method 131 

(Extended Data Fig. 1b). During the sample preparation process, a subset of 2555 samples was 132 

randomly selected as biological replicates (n = 33), resulting in a total of 2588 peptide samples for DIA 133 

analysis. During the data acquisition process, a subset of samples was randomly selected for multiple 134 

injections (n = 235), and a unified pooled peptide sample was multiple-injected before each batch (n = 135 

149). In total, 3005 DIA mass spectrometry files were generated. We used the comprehensive spectral 136 

library and DIA-NN to analyze these 3005 raw DIA files, resulting in a quantitative matrix of 13,609 137 

proteins (Fig 1A, Extended Data Fig. 1b). 138 

Protein and peptide identification showed significant differences in different tissue types (Extended 139 

Data Fig. 1c). The number of proteins and peptide segments also varied within the same tissue type, 140 

possibly due to the structural and functional heterogeneity within the tissue type and the presence of 141 

cancer involvement. Generally, the number of protein identifications in Tumor (T) and Non-tumor (NT) 142 

samples is higher than that in Normal (N) samples within the same tissue type (Extended Data Fig. 143 

1c). Among all samples, the maximum protein identification of a single-shot DIA was found in an 144 

ovarian cancer sample (8900 proteins), while the minimum protein identifications were found in 145 

plasma (a mean of 715 ± 134 proteins, n = 13) and lens samples (777 and 875 proteins, n = 2). 146 

Next, we performed quality control (QC) analysis on the quantification results of the obtained protein 147 

matrix. First, files with low protein identifications were removed. Specifically, a file was excluded if its 148 

protein ID count was below the lower outlier (1.5 times the interquartile range below the first quartile) 149 

for its specific combination of major and detailed tissue type, and sample type. A file was filtered out 150 

only if it met this lower outlier criterion for both its major and detailed tissue type thresholds. This 151 

strict filtering excluded 48 files. Second, we removed the proteins not detected in over half of the 152 

samples in any combination of sample type and detailed tissue type, leading to a reduction of protein 153 

identification to 12,797 in all samples. 154 

Then, we performed batch correction and evaluated the batch effect by Principal Variance Component 155 

Analysis (PVCA). As shown in Extended Data Fig. 1f, biological factors account for ~66% of total 156 

variance, with tissue type being the largest contributor (50.94%). Technical factors collectively explain 157 

~4% in all, with batch plus major tissue type contributing 1.49% and sample collection batch plus 158 

major tissue type contributing 1.33%. Other technical variables were below 1% each. Compared with 159 

the uncorrected matrix, the ratio of variance attributed to independent biological effects relative to 160 

mixed technical effects increased from ~13.7 to ~15.6 (Extended Data Fig. 1f, Supplementary Fig. 161 

4). This demonstrates that the observed proteomic structure is primarily driven by biology rather than 162 

technical noise.  163 
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 164 

Supplementary Figure 4. Batch effect estimation. PVCA results for the uncorrected proteomic 165 

matrix. The pie chart displays the proportion of variance attributed to major experimental, biological, 166 

and interaction effects analyzed by PVCA, including batch, tissue type, and their interactions. 167 

Before calculating the CVs and the correlation of the pooled sample files and replicates, we removed 168 

low identification pools and replicates first. One pool and 15 technical replicates were removed. This 169 

removed pool sample had a supplementary injection in the same batch. We found that most CVs of the 170 

protein abundances in the pooled peptide samples and replicates were low, with median values of 0.18 171 

in pools (n = 148), 0.05 in technical replicate pairs (n = 218), and 0.06 in biological replicate pairs (n = 172 

33), respectively (Extended Data Fig. 1d). Most of the correlation coefficients of protein abundances 173 

among the pooled samples and the replicates were high, with a median Pearson’s correlation coefficient 174 

of 0.85 in pools (n = 148), 0.92 in technical replicates (n = 218), and 0.90 in biological replicates (n = 175 

33), respectively (Extended Data Fig. 1e). Besides, we filtered a total of 2239 tumor and non-tumor 176 

clinical samples, as well as companion pooled peptide samples (Extended Data Fig. 2a). We evaluated 177 

the reproducibility and batch effect in the pan-cancer proteomic matrix. We found that most CVs of the 178 

protein abundances in the 92 pooled peptide samples, 163 pairs of technical replicates, and 13 pairs of 179 

biological replicates were low, with median values of 0.18, 0.06, and 0.07, respectively (Extended 180 

Data Fig. 2c). Most of the correlation coefficients of protein abundances among pooled peptide 181 

samples and replicates were high, with a median Pearson’s correlation coefficient of 0.86 for pools, 182 

0.92 for technical replicates, and 0.91 for biological replicates (Extended Data Fig. 2d).  183 

In summary, QC analysis indicated excellent reproducibility and minimal batch effects within our 184 

dataset, assuring subsequent data analysis. 185 

Contaminant protein library 186 

We observed over 2000 proteins identified in four hair samples. Overall, the hair proteome is 187 

dominated by highly abundant keratin and filament proteins (Supplementary Fig. 5A). However, most 188 

hair proteomics studies have identified only a few hundred proteins14,15. A recent large-scale study16 189 

(130 samples) identified ~5000 proteins in all samples, likely reflecting both sample heterogeneity and 190 

improved detection methods (Supplementary Fig. 5B). Hair proteins identified by this study were also 191 
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enriched in blood-related pathways, suggesting possible blood contamination (Supplementary Fig. 192 

5C,5D). 193 

 194 

Supplementary Figure 5. Hair proteome composition. A, Gene set enrichment analysis of the 195 

average intensity of hair proteome, highlighting the top three enriched Gene Ontology Cellular 196 

Component terms. B, Venn diagram showing the overlap of identified hair proteins between our study 197 

and published datasets. Numbers indicate protein counts for each subset. C-D, Over-representation 198 

analysis of proteins uniquely identified in our study using Gene Ontology Cellular Component (C) and 199 

Tissue Expression (TISSUES) database (D). Enrichment analysis was performed using the ‘Proteins 200 

with Values/Ranks’ module on STRING (https://cn.string-db.org/). In the dot plots, the x-axis 201 

represents Enrichment Score, dot size scales with the number of genes associated with each term (gene 202 

count), and dot color represents the FDR as indicated in the color scale. Statistical significance was 203 

determined using hypergeometric or Fisher’s exact test with Benjamini-Hochberg (B-H) correction; all 204 
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shown terms meet a threshold of FDR < 0.05. 205 

Analysis of blank controls indicated residual high-abundance blood and intracellular proteins in the 206 

LC-MS system, as hemoglobin, actin, and GAPDH were consistently detected (Supplementary Fig. 207 

6A, Table S2). These proteins can be regarded as background contaminants, and we are expanding a 208 

contamination library to further mitigate their impact on pre-test tissue-specific analyses. Contaminant 209 

proteins were predominantly detected in body fluid, hair, and nail samples (Supplementary Fig. 6B). 210 

To ensure robust tissue-specific profiling, these tissue types were excluded from downstream tissue 211 

specificity analyses. Additionally, contaminant proteins identified in other tissue types will be filtered 212 

out using the updated contamination library. 213 

 214 

Supplementary Figure 6. Background contaminants detected in blank samples. A, Histogram of 215 

protein detection frequency in LC–MS/MS blank controls, proteins repeatedly detected across blanks. 216 

B, Heatmap showing tissue-enriched representative contaminant proteins across sample types. Color 217 

indicates the percentage frequency of detection in blanks for each protein displayed. 218 

Tissue heterogeneity analysis for normal samples 219 

Intra-type heterogeneity was detected across all normal tissue categories. By the original major tissue 220 

type classification, all normal samples were classified into 59 major tissue types (further separating 221 

blood into blood cell and plasma, versus the 58 tissue types shown in Supplementary Fig.1). Tissue 222 

types with the highest median distance within tissue type were eye, blood cell, fallopian tube, vagina, 223 

pancreas and throat (Table S4). This high intra-heterogeneity could be due to different subtypes within 224 

the same major tissue type having distinct proteomes. For example, eye samples exhibited high internal 225 

complexity: distinct anatomical components (crystalline lens, cornea, iris, sclera) displayed markedly 226 

different proteomic profiles, and the distance between the crystalline lens and to iris and cornea is 227 

among the top 10 distances of detailed tissues within the same major tissue type (median distance: 228 

538.9 and 395.22, Table S4), supporting their treatment as separate tissue entities for specificity 229 

analysis. Cartilage demonstrated substantial subtype heterogeneity, particularly for epiglottis (Table 230 

S4). Hematoxylin and Eosin (H&E) staining showed histological features of epiglottis distinct from 231 

hyaline and fibrocartilage (Supplementary Figure 7B, 7C), so we also took it as a separate tissue for 232 

specificity analysis. Sampling heterogeneity contributed additional variance. For example, thyroid 233 

cartilage from donor DL3 contained mixed tissue types, whereas DL4 was predominantly cartilaginous 234 

(Supplementary Fig. 7C; Table S4). The nasopharynx was observed to be enriched in glandular cells, 235 
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while the oropharynx had fewer glandular cells but more connective tissues (Supplementary Fig. 7D). 236 

Although vaginal tissue exhibits substantial histological heterogeneity, examination of H&E-stained 237 

sections from the sampled regions confirmed that the collected specimens were morphologically intact 238 

and representative (Supplementary Fig. 7A). Within the vagina group, sample DIA_554 showed an 239 

anomalous proteomic profile most similar to testis based on median Euclidean distance (172.21) and 240 

Pearson correlation (0.92); because it was processed adjacent to a testis sample (DIA_555), cross-241 

contamination is a plausible explanation. Accordingly, DIA_554 was classified into the tissue 242 

heterogeneity abnormal group (Table S1) and excluded from the tissue specificity analysis. In the 243 

fallopian tube, H&E staining indicated that epithelial thickness varied across patients, reflecting inter-244 

individual structural differences within this tissue type (Supplementary Fig. 7E). In pancreatic tissue, 245 

H&E examination showed complete autolytic necrosis in the sample from donor DL4, contrasting 246 

sharply with donor DL3, and this sample-specific degradation likely accounts for the corresponding 247 

proteomic deviation (Supplementary Fig. 7F). Thus, pancreas samples from DL4 were removed 248 

before downstream analysis. Similarly, we checked other high heterogeneity categories and labeled 249 

abnormal samples or separated major categories to make the intra-tissue samples exhibit significantly 250 

higher correlation and lower proteomic distances than inter-tissue comparisons (p < 0.001; Extended 251 

Data Fig. 3b-e, Table S4). 252 
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Supplementary Figure 7. HE staining of tissue heterogeneity in abnormal samples. Hematoxylin 253 

and Eosin (H&E) stained sections surrounding the tissue punch used for proteomic analysis were 254 

shown for tissues with top ranked median Euclidean distance and mammary gland. (A) Vagina of DL 2 255 
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and DL 7 participants. (B) Epiglottis from DL 3 and DL 4. (C) Thyroid cartilage and costicartilage 256 

from DL3 and DL 4. (D) Nasopharynx and oropharynx from DL 4. (E) Fallopian tube from DL 2 and 257 

DL 7. (F) Pancreas, pancreas head, pancreas tail from DL 4. (G) Mammary gland from DL 2 and DL 4. 258 

Scale bars are indicated in the bottom right corner of each image.  259 

Pan-tissue and tissue-specific remodeling during development and tumorigenesis 260 

To characterize the dynamic landscape of proteomic remodeling across developmental and pathological 261 

states, we performed trajectory inference on fetal (F), tumor (T), paired non-tumor (NT), and normal 262 

(N) tissues using uniform manifold approximation and projection (UMAP) and pseudotime modeling. 263 

Analysis of 2847 human samples exhibited a continuous, ordered distribution of pseudotime—264 

spanning F, N, NT, to T states—mirroring development and tumorigenesis (Extended Data Fig. 3a). 265 

This global trajectory was accompanied by distinct tissue-specific topologies: brain samples clustered 266 

closely, indicative of minimal proteomic divergence, whereas other tissues formed discrete subclusters 267 

(Extended Data Fig. 3a). Notably, brain tissues exhibited exceptional proteomic stability during 268 

malignant transformation and stayed at a low level of pseudotime, with low variance across F-N–NT–T 269 

axes (Extended Data Fig. 3a). These results highlight the unique resilience of the brain proteome and 270 

delineate tissue-specific trajectories of proteomic reorganization in tumorigenesis. 271 

Unsupervised clustering analysis by clusterGIVs17 exhibited both conserved and organ-specific 272 

molecular changes across the F–T–NT–N transition. Across all tissues, this transition consistently 273 

involved the progressive downregulation of RNA splicing and ribosome biogenesis, along with 274 

increased immune activation and metabolic reprogramming. However, substantial regulatory 275 

differences were also observed. In the liver, Ras signaling pathways peaked in clusters corresponding 276 

to T states. The brain, on the other hand, showed enrichment of adaptive immune-related pathways in 277 

similar clusters. Both organs exhibited increasing enrichment in metabolism as the trajectory 278 

progressed (F–T–NT–N). Notably, the brain exhibited a marked upregulation of synaptic transmission-279 

related pathways along the trajectory (Supplementary Fig. 8), reflecting ongoing neuronal maturation 280 

and circuit refinement in postnatal development18,19, processes typically suppressed in tumorigenesis20. 281 

This sustained activation suggests a tissue-intrinsic differentiation program that remains partially 282 

preserved even in the transformed state. 283 
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Supplementary Figure 8. Heatmap highlighting trajectory-associated proteins across biological states 285 

in liver (A) and brain (B) samples. The protein matrix was pre-filtered to exclude contaminant proteins 286 

followed by differential expression analysis using one-way ANOVA across sample types. Proteins with 287 

significance (B-H adjusted P < 0.05) were clustered into eight co-expression modules (M1–M8) based 288 

on expression in F, T, NT, N, with gene size indicating the number of proteins within each module. Z-289 

scores reflect relative protein abundance across the columns (F, T, NT, and N). On the right, each 290 

module is annotated with its top five enriched Gene Ontology Biological Process (GOBP) terms, 291 

ranked by -log10 (B-H adjusted P) for pathway enrichment. Representative proteins belonging to the 292 

top-ranked GOBP term of each module are labeled on the left. 293 

Comparison with the previous human transcriptome and proteome draft 294 

Multiple cross-tissue studies have shown that RNA–protein correlations across tissues are only 295 

moderate21, and our data align with this trend, showing median Pearson correlations of 0.25 (HPA22) 296 

and 0.24 (GTEx23) (Table S4). Poorly RNA-correlated proteins are mainly enriched in post-297 

transcriptional regulation, including translational efficiency, protein complex, and RNA splicing (Table 298 

S4), which is consistent with a previous study24. 299 

Besides the differences in tissue-enriched proteins between our and previous studies mentioned in the 300 

main text, group-enriched proteins also vary due to the tissues only in our dataset. For example, we 301 

found a protein grouped enriched in bone, bone marrow, and auditory ossicles named osteocalcin 302 

(BGLAP), which was classified into tissue-enhanced proteins in choroid plexus and intestine in HPA 303 

(Table S5). BGALP, a 10.96 kDa protein of 100 amino acids, is mainly produced by osteoblasts25. The 304 

misclassification by HPA likely stems from the lack of bone-derived samples in their dataset, where 305 

BGALP shows low transcription across tissues (<10 transcripts per million), with relatively higher 306 

levels in the choroid plexus and intestine. Our database offers a resource for further exploration of 307 

bone’s multifaceted biological roles. 308 

Dysregulated proteins as the drug targets in clinical trials 309 

To further explore the potential therapeutic use of the DEPs, we mapped the 7427 DEPs found in all 310 

cancer types to the protein targets of biotechnical and large molecule drugs in DrugBank26,27 and 311 

ongoing clinical trials.  A total of 163 DEPs were identified as drug targets corresponding to 237 drug 312 

candidates (Table S7). These findings underscore the vast potential of this dataset for the discovery of 313 

novel drug targets.  314 

The dysregulations of certain protein targets suggested viable and approved therapy strategies for 315 

cancers. Usually, there are some well-studied or approved drugs for certain protein targets in cancer 316 

treatment, but their efficacy in other cancer types remains understudied. Actually, it is rational that a 317 

verified upregulated protein across different cancer types might also be a potential drug target for the 318 

approved drug, even if in other types of cancers.  319 

To discover potential cancer therapies under investigation, we searched 1266 pairs of cancer 320 

indications-drug entries constituted by the 237 drug candidates and their targeted cancers on the 321 
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ClinicalTrials.gov database (version as of June 2, 2023). We obtained 2084 clinical trials related to 36 322 

drugs and 77 up-regulated proteins in 18 cancers with the last update posted from 2005 to 2023 323 

(Extended Data Fig. 8a). The drugs were classified into the following kinds according to their 324 

mechanism: immunotherapy (41.67%), receptor tyrosine kinase (RTK)  inhibitor (27.78%), antibody 325 

(11.11%), antibody-drug conjugate (ADC) (8.33%), hormonal agent (8.33%), and angiogenesis 326 

inhibitor (2.78%). Excluding 203 trials with unavailable phases, 16.37% (308) are in phase 1 or early 327 

phase 1, 63.85% (1201) are in phase 2, and 18.08% (340) are in phase 3. Only 1.70% (32) of the trials 328 

were in phase 4 and matched to 8 drugs, twelve of which were related to the use of Bevacizumab as a 329 

vascular endothelial growth factor A (VEGFA) inhibitor for the treatment of ovarian carcinoma (OC) 330 

and endometrial carcinoma (ENCA)28. Bevacizumab was also used for non-small cell lung cancer, 331 

colorectal cancer, renal cell carcinoma, and cervical cancer, supported by phase 3 clinical trials, but 332 

these indications were not mapped because VEGFA was not identified as being dysregulated in these 333 

types. Besides, few ADC drugs were found. Enfortumab vedotin, an ADC drug targeting Nectin-4, is 334 

used in combination with pembrolizumab to treat advanced urothelial cancer in a phase 3 clinical 335 

trial29. Although not yet approved by the Food and Drug Administration, Enfortumab vedotin is 336 

expected to be approved in subsequent trials. More annotations of clinical trials for DEPs could be 337 

found in Table S7. Beyond these protein targets mapped with DrugBank and clinical trials, we believe 338 

that this database would further facilitate the development of new therapies or biomarkers, as targeting 339 

dysregulated proteins or related pathways has been frequently applied in biomedical research. 340 
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