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Abstract 

Patient-derived models (PDMs, particularly organoids and xenografts) are irreplaceable tools for precision medicine, from target de v elopment to 
lead identification, then to preclinical e v aluation, and finally to clinical decision-making. So far, PDM-based proteomics has emerged to be one of 
the cutting-edge directions and massive data have been accumulated. However, such PDM-based proteomic data ha v e not been pro vided b y an y 
of the a v ailable databases, and proteomics profiles of all proteins in proteomic study are also completely absent from existing databases. Herein, 
an integrated database named ‘ OrgXenomics ’ was thus de v eloped to pro vide the proteomic data f or PDMs, which w as unique in (a) explicitly de- 
scribing the establishment detail for a wide array of models, (b) systematically providing the proteomic profiles (expression / function / interaction) 
for all proteins in studied proteomic analysis and (c) comprehensively giving the raw data for diverse organoid / xenograft-based proteomic stud- 
ies of various diseases. Our OrgXenomics was expected to server as one good complement to existing proteomic databases, and had great 
implication for the practice of precision medicine, which could be accessed at: https:// idrblab.org/ orgxenomics/ 
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ntroduction 

atient-derived models (PDMs, particularly organoids and
enografts) are irreplaceable tools for precision medicine,
rom target development to lead identification, then to preclin-
cal evaluation, and finally to clinical decision-making ( 1 ). In
omparison to cell line models, PDMs are reported to be more
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accurate in capturing the pathophysiological features of dis-
ease development and key for bridging the translational gaps
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the PDM-based proteomics has become one of the cutting-
edge fields ( 5–7 ), which fosters significant advancement in
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( 11–13 ), revealing resistance mechanism ( 14–17 ), etc . With
the advance in model establishment protocol, the PDM-based
proteomics data have seen a rapid accumulation, which pro-
vides invaluable foundation for the application of AI ( 18–
20 ) to promote the modern practice of precision medicine
( 21–24 ). 

Till now, several proteomic databases have been con-
structed, including PRIDE ( 25 ), jPOST ( 26 ), MassIVE ( 27 ),
iProX ( 28 ) and ProteomeXchange ( 29 ). As provided in Table
1 , although all these repositories diligently curate raw data for
diverse proteomic analyses, none of them specialize in describ-
ing PDM-based proteomic data. Moreover, the detailed pro-
teomic profiles of each OMIC study were largely absent from
existing databases. Such valuable profiles include the expres-
sions, functions and interactions of each protein in the cor-
responding study. In other words, a proteomic database offer-
ing PDM (especially organoid and xenograft) data is therefore
highly demanded. 

In this study, an integrated database ‘ OrgXenomics ’ was
thus developed to provide the proteomic data for PDMs. Par-
ticularly, our OrgXenomics contained 399 datasets relevant to
patient-derived models (including 267 organoid datasets and
132 xenograft datasets). Furthermore, each proteomic dataset
was curated to retrieve detailed proteomic information, such
as PDM type (PDX for liver cancer, PDO for pancreatic cancer,
etc .), disease (ulcerative colitis, breast cancer, S AR S-CoV-2,
scleroderma, etc .), tissue source (bone marrow, colonic biopsy,
etc .), and culture protocols. These datasets covered 23 tis-
sue origins and 45 disease classes. Additionally, the proteomic
profiles for each dataset were thoroughly analyzed and visu-
alized in our database, and a variety of interactive plots were
generated online to illustrate their differential expression pat-
terns, enriched functional insights and molecular interactions
for all proteins expressed in each proteomic study. 

All in all, our OrgXenomics database (shown in Fig-
ure 1 ) was unique in (a) explicitly describing the estab-
lishment detail for a wide array of tissue / organ mod-
els, (b) systematically providing the proteomic profiles
(expression / function / interaction) for all proteins in each pro-
teomic study and (c) comprehensively giving the raw data for
diverse organoid / xenograft-based proteomic studies of vari-
ous diseases. Moreover, the proteins, pathways, species and
diseases in OrgXenomics were cross-linked to several estab-
lished databases, including but not limited to UniProt ( 30 ),
PDB ( 31 ), AlphaFold DB ( 32 ), TTD ( 33 ), NCBI Taxonomy
( 34 ), RefSeq ( 35 ), Ensembl ( 36 ), VARIDT ( 37 ), KEGG ( 38 ),
Reactome ( 39 ), Gene Ontology ( 40 ), WHO ICD ( 41 ), The-
Marker ( 42 ), HGNC ( 43 ) and INTEDE ( 44 ). Our OrgXe-
nomics is expected to server as an essential complement to
existing proteomic and PDM transcriptomic databases ( 45 )
in facilitating precision medicine study. 

Factual content and data retrieval 

Systematic collection and curation of the 

PDM-based proteomics datasets 

The proteomic datasets of patient-derived model offered in
OrgXenomics were collected through the meticulous pro-
cedures. First, comprehensive literature review was con-
ducted using keyword combination ‘organoid + proteomics’,
‘xenograft + proteomics’, ‘PDX + proteomics’ in PubMed
( 46 ) and several existing databases such as PRIDE. Sec-
ond, all those identified publications were manually scruti- 
nized based on the following criteria for data exclusions, in- 
cluding: (a) proteomic studies that were not conducted on 

organoids / xenografts and (b) proteomic studies that provided 

neither raw data nor the expression matrix. As a result, a total 
of 399 PDM proteomic datasets of organoid / xenograft were 
collected. Third, the detailed information for each dataset 
was carefully extracted from the corresponding study, such as 
PDM type, tissue sources, and disease indication. Additionally,
the detailed protocol for model culture was also documented 

in explicit detail. 
In OrgXenomics , the general information for each project 

was systematically presented as shown in Figure 2 . Standard- 
ized information collected for the organoid and xenograft 
proteomic project included title , studied diseases , organ- 
ism , quantification methods and instrument . Moreover, for 
organoid proteomic projects, additional information such as 
org anoid type , org anoid source and culture protocols were 
also recorded. For xenograft proteomic projects, invaluable 
data including xenograft source , implanted species and im- 
planted locations were clearly documented. 

Standard pipeline for data processing and 

differential expression analysis 

The raw data of the collected proteomics datasets were down- 
loaded from the data repositories in which they were stored 

and processed using the following procedures. First, the raw 

data of each dataset were quantified by MaxQuant (v2.4.0.0) 
( 47 ), and the applied quantification method and experimental 
designs (such as parameter group , experiment and fraction ) 
were set according to the parameters in the original publica- 
tion. Second, the protein sequences (in FASTA format) from 

the same species as that of the original publication were col- 
lected from the UniProt and evaluated using the MaxQuant to 

facilitate the subsequent annotations of the identified peptide 
peaks. Third, the detailed search parameters were configured 

based on the original publication, which included the modifi- 
cation (both fixed and variable), digestion mode, mass toler- 
ance, threshold of peptide’s false discovery rates, and so on.
When the explicit search parameters were not made available 
in the corresponding original publication, the default settings 
in MaxQuant were employed. 

The output file proteinGroups.txt generated by MaxQuant 
was subjected to further analysis using Perseus ( 48 ) to gain 

biological insights. In particular, the proteins matching to 

MaxQuant ’s built-in databases (contaminants and reverse 
protein sequences) were first excluded from our analyses.
Second , the raw intensities were normalized based on log- 
transformation to deal with the skewed distribution of protein 

intensities and to make the data more suitable for statistical 
analyses. Third , the threshold for missing data across sam- 
ples was set to 30%, and the imputation of missing data was 
carried out using the sample-wise approach with a width of 
0.3 standard deviations (SD) and a downshift of 1.8 SD, which 

was used to approximate the distribution of low-abundance 
protein that was below the detection limit. Fourth, based on 

the resulting intensity data, the permutation-based false dis- 
covery rate measurement was used to enable multiple hypoth- 
esis testing correction, and the processed data were evaluated 

based on multiple criteria proposed in previous study ( 49 ).
For the datasets having a large fraction of missing value or 
demonstrating severe systematic bias, additional processing 
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Table 1. Comparing the k e y database features of our OrgXenomics with that of existing proteomic databases 

Key database features OrgXenomics PRIDE jPOST MassIVE iProX ProteomicsDB RiceProteomeDB 

Data analysis 
Expression profile 

√ × × × × × ×
Function profile 

√ × × × × × ×
Interaction profile 

√ × × × × × ×
Raw data download 

√ √ √ √ √ × ×
Multiple species 

√ √ √ √ √ √ ×
Specific for PDM 

√ × × × × × ×

Figure 1. Three key features of OrgXenomics and the implications of organoid / xenograft in drug developments (including target discovery, lead 
identification, preclinical e v aluation, and clinical decision-making, and so on). OrgXenomics was unique in explicitly describing the establishment details 
for the models of diverse tissue / organ, systematically providing proteomics profiles (such as expression, function, and interaction) for all proteins in 
proteomic study, and comprehensively giving the raw data for organoid / xenograft-based proteomic studies of various diseases. 
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pproach based on the characteristics of mass spectrometry
esult ( 50 ) was applied. For example, the K-nearest neighbor
mputation was used to replace standard deviation-based im-
utation when processing the dataset of extreme sparsity ( 51 );
ell-performing methods, including Box-Cox Transformation

 52 ), Z-score Normalization ( 53 ), and so on, were adopted to
urther strengthen the performance of data processing. Finally ,
he protein with absolute log 2 (FC) ≥1 and P -value ≤0.05 be-
ween two groups was identified as differentially expressed
 54 ,55 ). For the projects with > 2 groups, the differential anal-
yses between any two groups were conducted in this study. It
should be noted that it was difficult for some projects to con-
duct differential analysis due to the absence of essential data
such as the lack of sample group information. 

Functional enrichment analysis and protein–protein
interaction analysis 

To facilitate researchers in gaining mechanistic insights into
the differentially expressed proteins in each project, both
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Figure 2. The explicit establishment details of organoids / xenografts proteomics projects together with their affiliated project information. For each 
organoid proteomics project, the organoid type , organoid source and culture protocols were recorded; for a studied xenograft proteomics project, the 
xenograft source , implanted species and implanted location were documented. The affiliated project information included studied disease , organism , 
quantification methods , instrument , etc . 
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functional enrichment ( 56–59 ) and protein-protein interac-
tion (PPI) analyses ( 60–65 ) were further performed. For the
functional enrichment analyses, three widely-recognized clas-
sification systems ( 66 ) were adopted in OrgXenomics . The
organism-specific annotation files from these classification
systems were downloaded as local libraries and the enrich-
ment analysis was then conducted using enrich functions of R
package clusterProfiler ( 67 ). Terms with P -values ≤0.05 were
considered significantly enriched, shedding lights on the bi-
ological function and pathway associated with the identified
proteins. For the PPI analyses, PPIs with confidence score ≥0.9
were collected from the STRING database ( 68 ) and the inter-
actions among the differentially expressed proteins identified
in each study were finally filtered and provided in our online
database. 
Interactive visualization of the proteomic profiles 

for proteins in each study 

In our database, the proteomic profiles (expression, function,
interaction, etc .) of proteins in each analysis were systemati- 
cally described. As shown in Figure 3 A, the expression pro- 
file of proteins was presented by diverse graphs. First, the dif- 
ferential expression of protein between two groups was de- 
picted using volcano plot ( 69 ,70 ). In instances where more 
than two groups were involved, the expression profile between 

any two groups was depicted. The x -axis and y -axis of the vol- 
cano plot corresponded to the log 2 (FC) and –log 10 ( P -value),
respectively. One dot represented a protein, and the proteins 
with the absolute log 2 (FC) ≥1 and –log 10 ( P -value) > 1.3 were 
highlighted in RED (log 2 (FC) ≥ 1) and BLUE (log 2 (FC) ≤ –
1) colors. Upon hovering the mouse over each dot, detailed 
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Figure 3. The proteomic profiles for all proteins in each project. ( A ) expression profiles for PDM-proteomic project. The volcano plot was provided to 
depict different expression levels of proteins between two groups; the heatmap was illustrated to analyze the pattern of differentially expressed proteins 
bet ween t wo groups; the boxplot displaying the protein expressions in all studied groups was plotted to enable the direct comparison of expressions 
among studied groups, especially for the project of over two groups. ( B ) function and interaction profiles for PDM-proteomics projects. The bubble chart 
was plotted to provide top-15 most significantly enriched terms and the protein-protein interaction network described the interactions among 
differentially expressed proteins. 
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nformation of one protein, such as the protein and gene name,
niProt ID, log 2 (FC) and –log 10 ( P -value) would be displayed.
econd, a heatmap was also generated to facilitate the analy-
is of the differentially expressed proteins between two groups
 71 ,72 ), and a boxplot was used to facilitate the direct com-
arison of protein expression across those groups, particularly
n studies involving more than two groups. Boxplot could il-
ustrate the distribution of protein expressions within each
roup, which enabled the reader to discern differences or sim-
larities in protein expression levels between groups. It was
mportant to emphasize that the volcano plots were not avail-
ble for those studies that only had one single group or only
ad one sample in group. In such case, the heatmap and box-
lot were used to display the expression of all proteins within
orresponding study. 

In OrgXenomics , the result of functional enrichment was
escribed on the left side of Figure 3 B. The top-15 most sig-
ificantly enriched terms were displayed as a bubble chart,
while the complete enrichment result could be downloaded
from the online database. In the bubble chart, the horizon-
tal axis represented the enriched terms, whereas vertical axis
provided the fold enrichments (defined as the ratio of the fre-
quency of input proteins annotated for one term to that of all
proteins of that term). The circle color indicated the P -value of
enrichment significance with circle size reflecting the number
of input proteins annotated to the corresponding term. This
representation effectively encapsulated the enriched terms, the
significance and the extent of protein involvement, enabling
comprehensive understandings of the functional enrichment
outcomes. Furthermore, the protein-protein interaction net-
works among differentially expressed proteins were given in
OrgXenomics (shown on the right side of Figure 3 B). The up-
and down-regulated proteins were labelled using RED and
BLUE color, respectively. These networks might help elucidate
the potential regulatory mechanisms underlying the observed
expression alterations, which give insights into the intricate
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Figure 4. The functions of search, browse and download. ( A ) multiple strategies for projects and proteins search. For project search, user can use 
k e yw ord search or select the option in dropdown menu. For protein search, user can input k e yw ord or protein sequence to obtain a list of 
sequence-similar proteins based on the result of BLAST. ( B ) convenient browse function. Users can browse the projects based on tissue type / disease 
class, which helps the user to access and filter the project information. ( C ) diverse data download functions. In project page, users can download 
individual file using browser or download all files of a project using batch download tools. In the Download page, user can download the general 
information and proteomic profile for all projects in bulk. 
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interplay and functional relationships among the differentially
expressed proteins. 

User-friendly data search, browse and download 

function in OrgXenomics 

OrgXenomics gave a user-friendly interface enabling the data
search, visualization and download processes. As provided in
Figure 4 A, OrgXenomics allowed user to access the projects 
or proteins of interest via multiple search strategies. For 
project search, user can use keyword search directly or uti- 
lize the dropdown menus, featuring categories such as disease 
class and organoid / xenograft source (shown in the left of Fig- 
ure 4 A). When searching for protein, users can input the key- 
words of protein / gene name and UniProt ID. Moreover, as de- 
scribed in the right of Figure 4 A, user can also input protein 
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Figure 5. A typical page providing the diverse information of a protein. ( A ) basic information of each protein. A wealth of basic information for protein 
w as pro vided in the upper section. ( B ) list of proteomic projects in which the protein w as differentially e xpressed. A list of projects in which this protein 
was differentially expressed was accompanied with the log 2 (FC) and P -values. Users can click the button of Project Info to explore detailed information 
of corresponding projects. ( C ) PPI network and tissue-specific expression of proteins. PPI network was collected from STRING with a confidence 
score > 0.9. The source of data for tissue-specific RNA and protein expressions level were from Jiang ’s study ( 75 ), which quantified proteins across 32 
normal human tissues. 
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equences, prompting the return of a list of sequence-similar
roteins based on the results generated by BLAST ( 73 ,74 ).
xcept the Project page, the protein pages (as described in
igure 5 ) were also constructed to offer diverse information
or those proteins that were found differentially expressed in
ny projects collected in this database. In the upper section
f the page, a wealth of detailed information of protein, in-
cluding its name, synonyms, gene names, sequence, structure,
family, function, etc . (as provided in Figure 5 A). In the sec-
ond section of the page, the proteomic projects in which the
protein was differentially expressed were listed in tabular for-
mat accompanied by the log 2 (FC) and P -value. Users can ex-
plore the detailed information of a project through clicking
the ‘ Project Info ’ button (depicted in Figure 5 B). The lower
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Figure 6. Case studies of organoid / xenograft proteomic datasets. ( A ) case study of schizophrenia dataset. The left panel described the experimental 
details of one organoid dataset (ORG8301292), and the right panel showed the differential expression of cytochrome c oxidase subunit 2 (COX2) 
identified using this organoid dataset. These reproduced the result of the previous study ( 76 ) that reported the overexpression of COX2 in the brains of 
schizophrenia patients comparing with that of healthy people. ( B ) case study of lung cancer dataset. The left panel provided the experimental details of 
one xenograft dataset (XENO7094992), while the right panel illustrated the differential expression of napsin-A among three PDX types (lung 
adenocarcinoma, large cell neuroendocrine carcinoma and lung squamous cell carcinoma). The resulting expression patterns reproduced that of previous 
publication ( 77 ), which reported the o v ere xpression of napsin-A in the tissues of lung adenocarcinoma patients comparing with that of lung squamous 
cell carcinoma patients. 
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section of the page (shown in Figure 5 C) elaborated the PPI
network and the tissue-specific RNA / protein expression of
any studied proteins. Particularly, PPI network was collected
from STRING with a confidence score > 0.9. The data for
tissue-specific RNA and protein expressions were collected
from Jiang ’s study, which quantified a large number of pro-
teins across 32 normal human tissues ( 75 ). 

OrgXenomics also offered the convenient data browse
function. As illustrated in Figure 4 B, users can browse the
projects in OrgXenomics by organ / tissue type or by dis-
ease class to quickly access and filter the project informa-
tion. For instance, when browsing projects by tissue types (as
shown in Figure 4 B), user could simply select their desired
organ / tissue and then the related projects of their selection
would be fully listed. In addition, OrgXenomics also offered
a variety of download functions to enhance data accessibil-
ity. On project page, user could seamlessly start the down-
load process by clicking the ‘Download’ button correspond-
ing to certain file for individual download or using the down- 
load tool to batch download all files associated with certain 

project (as depicted on the left side of Figure 4 C). Addition- 
ally, OrgXenomics also provided the functions of full data 
download (on the right side of Figure 4 C). User can download 

the general information / proteomic profiles for all projects or 
the information for organ-specific studies. All such down- 
load functions collectively empowered users to effortlessly re- 
trieve corresponding data tailored to their research objectives,
thereby streamlining the data acquisition process within the 
OrgXenomics . 

It was of interest to assess the consistency between the an- 
alytical results using OrgXenomics data and the real-world 

biological findings, and two case studies were shown in Fig- 
ure 6 . As reported, cytochrome c oxidase subunit 2 (COX2) 
was found by previous analysis ( 76 ) to be overexpressed 

in the brains of schizophrenia patients comparing with that 
of healthy people by utilizing western blot techniques. In 
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his study, one organoid dataset (ORG8301292) was there-
ore identified from OrgXenomics , which described the pro-
eomic data of brain organoids cultivated using the tissues
f schizophrenia patients and healthy individuals. Based on
he analytical results of this organoid datasets (illustrated in
he right panel of Figure 6 A), the overexpression of COX2
n the organoids of schizophrenia patients (with log 2 (FC) =
.35, P -value = 0.01) was found when comparing with that of
ealthy individual. Such results indicated that the real-world
iological findings could be successfully reproduced using the
rganoid proteomic data collected into OrgXenomics . An-
ther case study would be the protein napsin-A , which was
ound by previous study ( 77 ) to overexpress in the tissues
f lung adenocarcinoma patients when comparing with that
f lung squamous cell carcinoma patients using immunohis-
ochemistry techniques. In this study, one xenograft dataset
XENO7094992) was therefore retrieved from OrgXenomics ,
hich provided the proteomic data of implanted xenografts
ased on the tissue of lung adenocarcinoma patients and lung
quamous cell carcinoma patients. According to the analyt-
cal result of this dataset (shown in the right side of Figure
 B), the overexpression of napsin-A in the xenografts of lung
denocarcinoma patients was identified when comparing with
hat of lung squamous cell carcinoma patients (with log 2 (FC)
 2.28, P -value < 0.01). Such result further indicated that

he real-world biological findings could be successfully re-
roduced based on the xenograft proteomic data provided in
rgXenomics . 

atabase construction and implementation 

rgXenomics adopted the CentOS Linux (v7.6.1810) as its
oundational operating system, Nginx (v1.16.1) as the web
erver, and MySQL (v5.7.18) as database management sys-
em. The backend architecture was implemented using Python
v3.10.6) together with the Django web framework (v3.2.16).
he frontend was realized using Vue.js (v2.6.14) enhanced
ith Element UI (v2.15.12). Additionally, the interactive vi-

ualization was enabled by ECharts (v.5.5.1) and iCn3D
v2.20.0), and the statistical analyses were performed using
he R framework (v3.6.0). OrgXenomics is now accessible by
ll types of mainstream browsers, such as Chrome, Edge, Fire-
ox and Safari. 

onclusion and perspectives 

 database ‘ OrgXenomics ’ was constructed here to describe
he data of PDMs. It is unique in (a) describing the estab-
ishment detail for models of diverse tissues / organs, (b) pro-
iding proteomic profile (expression / function / interaction) for
ll expressed proteins in each study and (c) offered the raw
ata for organoids / xenografts-based proteomic study of dif-
erent diseases. OrgXenomics is highly expected to server as a
ood complement to existing PDM databases to facilitate tar-
et discovery, lead identification, preclinical evaluation, clini-
al decision making, etc . To the best of our knowledge, this
ew database had great implication for the application of
recision medicine, such as personalized drug screening ( 78–
0 ), biomarker discovery ( 81–83 ), tumor heterogeneity anal-
sis ( 84–86 ), drug resistance investigation ( 87–90 ) and com-
ination therapy design ( 91–93 ). All these applications can
ontribute to more accurate patient stratification and tailored
treatment selection, thereby improving the clinical outcomes
for the modern precision medications. 

Data availability 

OrgXenomics is a resource for analyzing and visualizing
the PDM-based proteomic data and can be freely acces-
sible without any login requirement at: https://idrblab.org/
orgxenomics/
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