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eLife Assessment

The paper provides a valuable, foundational dataset that will undoubtedly provide
substantial value to the cancer research community. The aggregation and harmonization
of a broad, rich, multi-omic dataset is convincing and will potentially support further
downstream research on GIST, which currently has poor supporting datasets. Support for
the accompanying claims is more incomplete, however: the biological demonstration
rests on a single gene tested by one approach, several analyses lack sample sizes and
multiple-testing correction, the claims made for the LLM assistant are not backed by
direct evaluation, and the curated data matrices would ideally be deposited independently
of the web.

https://doi.org/10.7554/eLife.111894.1.sa3

Abstract

Gastrointestinal stromal tumors (GISTs) are the most common mesenchymal neoplasms of the
gastrointestinal tract, yet GIST-specific omics evidence remains scattered across small cohorts and
is not represented as a dedicated disease project in major cancer genomics resources, limiting
reproducible target exploration. Here, we present dbGIST (https:/www.dbgist.com ), a dedicated
GIST-focused multi-omics resource built to make dispersed GIST evidence searchable, analyzable,
and reusable. dbGIST harmonizes data from 37 centers and 1,991 samples, including
pathologically verified in-house cohorts, across genomics, bulk transcriptomics, proteomics,
phosphoproteomics, and single-cell transcriptomics, and couples these data with curated clinical
annotations covering survival, mutation status, risk stratification, metastasis or recurrence,
mitotic index, tumor site and size, and imatinib response. The platform supports cohort-level
molecular-clinical association, survival, enrichment, immune-infiltration, drug-sensitivity, and
single-cell analyses through interactive visualizations, downloadable source data, and public APIs
for programmatic access to reusable analysis outputs and visualization-ready data. An optional
LLM-assisted interface helps users navigate analyses and interpret outputs. Using MCM7 as a case
study, dbGIST linked a resource-derived candidate to survival, risk features, metastatic or
recurrent disease, imatinib-response phenotypes, proliferative cell states, and in vitro GIST-cell
behavior. dbGIST therefore provides a traceable and interoperable resource for target exploration
and precision oncology research in GIST.
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1. Introduction

Gastrointestinal stromal tumors (GISTs) are the most common mesenchymal neoplasms of the
gastrointestinal tract and are characterized by substantial clinical and molecular heterogeneity
[1]. Activating alterations in KIT and PDGFRA have established GIST as a paradigmatic disease for
targeted therapy [2, 3]. Nevertheless, primary and secondary resistance to imatinib, metastatic
progression, and biologically distinct non-canonical subgroups continue to complicate disease
management and therapeutic target identification [4-10]. These challenges underscore the need
for systematic resources that enable disease-focused interrogation of candidate genes, pathways,
and clinically relevant vulnerabilities in GIST.

Multi-omics profiling has transformed target discovery in cancer [11]. However, GIST remains
underrepresented in broad cancer reference resources such as The Cancer Genome Atlas (TCGA)
and the International Cancer Genome Consortium (ICGC) [12, 13]. Consequently, widely used
downstream platforms built on these compendia, including GEPIA2 and TIMER2.0, cannot directly
support GIST-specific interrogation [14, 15]. Meanwhile, independent studies have generated
valuable GIST datasets spanning genomics, transcriptomics, proteomics, phosphoproteomics, and
single-cell transcriptomics, but these resources remain dispersed across repositories, generated by

different platforms, and accompanied by uneven clinical annotation [16-18].

Beyond data fragmentation, practical barriers further limit reuse of existing GIST omics data:
cross-modal comparison requires substantial manual harmonization, disease-relevant clinical
variables are inconsistently organized, and many analytical workflows remain difficult to access
for bench scientists and clinicians [19-21]. What the field lacks is therefore not merely another
dataset collection, but a practical disease-focused resource for target exploration and cross-dataset
validation. At the same time, recent advances in large language models (LLMs) create an
opportunity to make such resources more interactive and accessible [22, 23]. For non-
bioinformatic users, an LLM-powered conversational layer can provide guided platform
navigation, user-oriented question answering, module-specific instructions, and interpretation of

analytical outputs generated by the platform, thereby substantially improving usability [24, 25].

To address these needs, we developed dbGIST (https://www.dbgist.com @), a disease-focused multi-
omics resource that integrates dispersed public and three in-house GIST datasets into a unified
analytical platform. dbGIST incorporates genomics, transcriptomics, proteomics,
phosphoproteomics, and single-cell transcriptomics together with curated clinical annotations,
and provides modules for clinical association analysis, survival analysis, functional enrichment,
immune-related analysis, drug-response-related exploration, and cell-type-level interrogation. In
addition, dbGIST includes an LLM-powered interactive interface that helps users understand how
to use the platform, navigate different analytical modules, and interpret the resulting multi-omics
outputs [26, 27]. We therefore designed dbGIST not only as a repository, but as an LLM-enhanced
practical resource for target exploration and cross-dataset validation in GIST. To demonstrate this
utility, we used MCM7 as a representative case and examined its behavior across cohorts, omics
layers, and clinically relevant phenotypes, followed by experimental validation in vitro.

2. Results

2.1. Overview of dbGIST
2.1.1 Data and sample type

The dbGIST resource integrates a GIST-specific multi-omics collection spanning genomics,
transcriptomics, proteomics, phosphoproteomics, and single-cell transcriptomics from 37 centers
and 1,991 samples, including three in-house cohorts (Fig. 1A and 1B(2). Rather than treating these
data as a single pooled matrix, dbGIST organizes them as modality-aware, cohort-level resources
with explicit provenance. Public datasets were screened for GIST eligibility, diagnostic support,
data type, platform, and clinical annotation availability; the resulting cohort manifests, and
inclusion/exclusion records are provided in Supplementary Tables S1-S3 7. Quantitative outputs

underlying key figures are provided as source-data tables where applicable. Transcriptomic and
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single-cell datasets were reprocessed from raw files where usable raw data were available,
whereas published processed matrices were retained for proteomic/phosphoproteomic studies
and other data types where raw reprocessing was not feasible or not applicable. This structure
allows users to compare findings across cohorts while preserving the measurement scale and
limitations of each source dataset.

The included biospecimens and data objects cover surgical and biopsy-derived GIST specimens,
tumor/normal contrasts where available, imatinib-sensitive and resistant settings, metastatic or
recurrent disease, and multiple anatomic sites. Clinical variables were manually curated into
controlled labels for common GIST-relevant phenotypes, including NIH risk, mutation status,
metastatic status, mitotic index, tumor size, imatinib response, and survival endpoints. The three
in-house ZZU-GIST cohorts add pathologically confirmed proteomic and single-cell transcriptomic
data to the public collection, providing both a resource-building component and an independent
context for cross-dataset validation (Fig. 1B(%).

2.1.2 Home page with LLM-powered chatbot

dbGIST provides a web interface that combines curated multi-omics modules with an optional
LLM-assisted interaction layer. The homepage includes a GIST-focused knowledge query interface
and optional gene-centric literature support, including external literature-retrieval resources such
as OpenScholar, to help users inspect published evidence for queried genes and navigate the
resource (Fig. 2A2; Supplementary Fig. STA-C(%). This function is provided only for contextual
exploration and user support; it does not contribute to dbGIST cohort-level statistical analyses or
numerical results, which are generated by the platform’s predefined analytical modules.

Although dbGIST integrates five primary omics layers, its analytical capabilities are organized into
six omics-focused sub-pages, with non-coding RNA evidence presented as a separate evidence-
aggregation page. The optional LLM-powered interpretation module can be enabled before an
omics-specific analysis to support plain-language explanation of figures, module-specific guidance,
and follow-up questions (Fig. 2B(%). This layer is intended to improve accessibility, but it does not
alter preprocessing, statistical testing, or returned numerical results. In parallel, the platform
provides downloadable visualization outputs and structured result data, and public API endpoints

expose selected analysis results and visualization-ready data for external workflow integration.

2.1.3 Omics data analysis page

The dbGIST platform provides eight core analytical modules that enable systematic and interactive
exploration of GIST multi-omics data. As summarized in Fig. 1B 2, these modules cover clinical
association analysis, driver-gene analysis, functional enrichment, cell-type distribution, immune
infiltration, non-coding RNA evidence, phosphoprotein-site analysis, and candidate-drug
exploration. Each module operates on curated, precomputed data objects and returns cohort-
aware outputs rather than LLM-generated statistics. Users initiate analyses by submitting a gene,
after which dbGIST checks data availability and executes the corresponding workflow. Results
include publication-ready figures and structured result tables, and selected derived outputs can

also be queried through public API endpoints.

2.2. Exploring the multi-omics functions of dbGIST using MCM7 as
an illustrative example

To demonstrate how dbGIST can support resource-derived hypothesis generation in
gastrointestinal stromal tumor (GIST) research, we selected MCM7 (Minichromosome Maintenance
Complex Component 7), a key regulator of DNA replication initiation and cell cycle progression, as
a representative query gene [28]. The literature-oriented interface, including external retrieval
resources such as OpenScholar, was used only to provide background context for this illustrative
query. We then used MCM7 as an illustrative candidate to explore how dbGIST connects
transcriptomic expression, clinical associations, single-cell distribution, functional enrichment,
immune context, drug-response prediction, and experimental follow-up. No recurrent genomic
alteration or quantified phosphoproteomic event for MCM7 was detected in the current GIST
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Construction of the ZZU-GIST cohorts with proteomic and single-cell transcriptomic profiling
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Figure 1. Overview of dbGIST as a GIST-focused multi-omics resource.

(A) Sample processing of in-house GIST proteomics and single-cell transcriptomics. (B) Public and in-house GIST multi-omics
data integration and main dbGIST analytical modules.
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Figure 2. Overview of the dbGIST interface and analytical framework.

(A) Homepage and core functional modules of dbGIST. (a) Top navigation bar providing access to Home, Dataset, and Guide
pages for platform navigation and user support. (b) LLM-assisted GIST knowledge chatbot, enabling natural-language
queries for biological questions and research guidance. (c) GIST gene screening module for candidate gene querying and
target exploration. (d) Al interpretation switch that enables automatic explanation of bioinformatics results on the current
page. (e) Entry points for multi-omics data analysis, including genomics, transcriptomics, proteomics, phosphoproteomics,
single-cell transcriptomics, and non-coding RNA modules. (B) Representative omics analysis page (transcriptomics module).
(f) Left-side navigation panel listing available analytical modules, including clinical association analysis, immune infiltration,
gene correlation, and functional enrichment. (g) Parameter configuration interface allowing dataset selection, grouping
strategy, and statistical threshold customization for dynamic analysis. (h) Al-assisted interpretation panel that provides
automated explanation of analytical results and supports interactive user feedback.
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resource; therefore, the case study focuses on data layers in which MCM7 was measured and
informative, while the same modules remain available for genes covered by genomic or
phosphoproteomic datasets.

2.2.1 Clinical associations

The dbGIST platform enables systematic investigation of associations between molecular features
and clinically relevant parameters across integrated omics modalities. Clinical variables were
manually curated and harmonized where the source studies allowed, including imatinib
treatment response, NIH risk stratification, metastatic status, driver mutation profiles, mitotic
index, tumor size, tumor location, age, sex, and survival endpoints. An overview of the primary
clinical variables available for each omics dataset is provided in Fig. 3AC3. When a user initiates a
clinical correlation analysis by entering a gene of interest, dbGIST first checks whether the queried
feature is available in each applicable cohort and then performs modality-specific association

analyses within those cohorts, returning the results for interactive exploration.

associated with poorer overall survival (OS) and progression-free survival (PFS) (p =0.011 and p =
0.0012, respectively). Transcriptomic and proteomic analyses further linked MCM?7 expression to
NIH risk classification (Fig. 3C-D (). Elevated MCM?7 levels in high-risk patients were observed in
three independent transcriptomic cohorts (GSE136755: p = 0.017; E-MTAB-373: p = 0.0081;
GSE47911: p = 0.038), a finding corroborated in the in-house ZZU-Cohort1(p = 0.024). MCM7 was
also higher in metastatic or recurrent tumors than in non-metastatic cases across three
transcriptomic datasets (GSE21315: p = 0.036; GSE132542: p = 6e-06; E-MTAB-373: p = 8.7e-07).
0.032 in two cohorts), and MCM?7 was upregulated in malignant histologic subtypes compared with
benign GIST samples (p = 0.022). In imatinib-response analyses, MCM7 expression was elevated in
resistant cases (p = 0.00034) and showed discriminatory performance for resistance (AUC = 0.87;
Fig. 3H@). In a transcriptomic dataset derived from tumor-associated macrophages isolated from

findings nominate MCM?7 as a clinically relevant, resource-derived candidate associated with risk,
survival, metastatic status, and treatment-response phenotypes.

2.2.2 Cell type distributions

The dbGIST platform enables integrated exploration of single-cell transcriptomic data across
multiple independent cohorts. It incorporates three curated single-cell datasets, including two
public datasets (GSE162115 and GSE254762) and one in-house ZZU-GIST cohort, processed with
standardized quality control, normalization, dimensionality reduction, and cell-type annotation
steps (see Methods and Supplementary Methods (3). Users can query any gene of interest to
retrieve its cell-type-specific expression prevalence and perform differential expression analysis
across pre-annotated cell populations. Comparative expression analysis can also be performed
within clinically stratified cell subsets, such as imatinib-resistant versus sensitive or high-risk
versus low-risk groups, enabling cell-level assessment of gene expression patterns in clinical
context.

Following standardized processing, the GSE162115, GSE254762, and ZZU-Cohort3 yielded 31,870,
55,429, and 60,437 high-quality cells, respectively. Additional before-QC, after-QC, no-Harmony,
and Harmony assessment panels for all three cohorts are provided in Supplementary Figure S4A-
L@. The cellular composition and subtype distribution for each dataset are summarized in Fig. 4A,

cohorts (Fig. 4B-C, E-F, H-I2). These proliferative clusters included malignant cells and actively
cycling T cells, both characterized by elevated proliferation markers such as MKI67. dbGIST
further linked MCM?7 expression in tumor cells to clinically relevant traits, including NIH risk
grade, recurrence status, mitotic index, and imatinib resistance (Fig. 4)-M &). These results

demonstrate that the single-cell module can connect gene-level expression patterns with cell states
and clinical annotations across cohorts.
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Figure 3. Clinical associations of MCM7 based on integrated omics data.

(A) Summary of clinical annotations available for each omics layer. (B) Kaplan-Meier curves showing overall survival (OS) and
progression-free survival (PFS) in the proteomics cohort stratified by MCM7 expression. (C) MCM7 expression across NIH risk

groups in four independent transcriptomic cohorts. (D) MCM7 expression across NIH risk groups in two proteomic cohorts.

(E) MCM7 expression across primary, metastatic, recurrent/metastatic, and non-metastatic comparison groups in four
transcriptomic cohorts. (F) Association between MCM7 expression and mitotic count in two proteomic cohorts. (G) MCM7
expression across histologic categories in a transcriptomic cohort. (H) MCM7 expression by imatinib response and ROC
analysis for distinguishing imatinib-resistant from imatinib-naive cases in GSE132542. (I) MCM7 expression by imatinib
response and ROC analysis in tumor-associated macrophages from GSE51697. Centre line: median; box bounds: 25th and
75th percentiles.
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Figure 4. Single-cell distribution and tumor-cell associations of MCM7 in GIST.

(A, D, G) UMAP visualization of annotated cell types in the ZZU-GIST, GSE162115, and GSE254762 cohorts, respectively. (B, E,

H) UMAP feature plots showing MCM7 expression in each cohort. (C, F, I) Violin plots showing MCM7 expression across
annotated cell types. (J-M) MCM7 expression in tumor cells stratified by NIH risk in GSE162115 and by recurrence, mitotic

count, and imatinib resistance in GSE254762. Centre lines indicate medians where shown.

Sun, Zhao, Li et al., 2026 eLife 15:RP111894. https://doi.org/10.7554/eLife.111894.1

8 of 23


https://doi.org/10.7554/eLife.111894.1
https://elifesciences.org/?utm_source=pdf&utm_medium=article-pdf&utm_campaign=PDF_tracking
https://elifesciences.org/subjects/computational-systems-biology
https://elifesciences.org/subjects/cancer-biology

°Pe . Computational and Systems Biology | Cancer Biology
wieLife

2.2.3 Biological functional enrichment analysis
The dbGIST platform enables users to explore target-gene function through over-representation

expression in GIST. Interrogation of the transcriptomic dataset GSE136755 by Hallmark GSEA
revealed enrichment of proliferation-associated pathways, including G2M checkpoint and mitotic
spindle gene sets in samples with high MCM?7 expression (Normalized Enrichment Score [NES] >
2.0, False Discovery Rate [FDR] < 0.001; Fi (%). Over-representation analysis of top MCM7-
correlated genes further highlighted cell-cycle-related biological processes, including cell division
and nuclear division (Fig. 5C %), and network visualization illustrated an interconnected mitotic-
regulation module (Fig.

At the protein level, GO biological-process analysis of MCM7-correlated proteins identified DNA
replication as the most significantly enriched pathway (Fig. 5E(3), reinforcing the transcriptomic
findings. Network analysis further connected MCM7-associated proteins with cell-cycle and
chromosome-organization processes (Fig. 5F ). Together, these transcriptomic and proteomic

analyses support a reproducible proliferative signature associated with MCM7-high GIST samples,
without requiring pooled inference across heterogeneous cohorts.

2.2.4 Immune infiltration, immunomodulators, and candidate compounds

The dbGIST platform also enables systematic investigation of target molecules within the tumor
immune microenvironment and candidate-drug context (Fig. 6A %). Immune infiltration and
tumor microenvironment features are estimated using complementary deconvolution
frameworks, including xCell, CIBERSORT, and related tools [29, 30]. Drug-response analyses use
pharmacogenomic prediction models trained on large public drug-screening resources, with
derived results cached in the platform for rapid retrieval. Users can visualize cohort-level
correlations, inspect scatterplots, and download structured result data for downstream

interpretation or API-based workflow integration.

association with antigen release or presentation steps. Tumor microenvironment deconvolution
further indicated that higher MCM?7 expression was inversely correlated with cytotoxic T-cell and
MCM7 and MEP (megakaryocyte-erythroid progenitor) cell abundance estimated by deconvolution
across independent cohorts (GSE136755: r = 0.41, p = 0.00071; GSE15966: r = 0.37, p = 0.0065), with
cohort-level scatterplots available for inspection (Fig. 6D (%). In the drug-sensitivity module, C6-
ceramide showed a consistent negative correlation with MCM?7 expression across multiple datasets
(GSE136755: r = -0.43, p = 0.00044; GSE15966: r = -0.54, p =3.9e-05; E-MTAB-373: r =-0.64, p = 1.1e-07;
GSE225819: r = -0.72, p = 5.3e-07), nominating it as a candidate compound for further experimental
evaluation in MCM7-high GIST contexts (Fig. 6F (2).

2.2.5 Biological experimental validation of MCM?7 in vitro GIST models

To evaluate whether the resource-derived MCM?7 signal reflected a testable biological phenotype,
we first assessed its relationship to proliferation markers within dbGIST. Across multiple
independent patient cohorts, MCM7 showed a positive correlation with the established
proliferative activity. We then establi"s.ﬂé.a"f\./.[.al\/[7—kn0ckdown models in two GIST cell lines, GIST-
T1 and GIST-882, using specific siRNAs. Western blot analysis confirmed efficient reduction of

Functional assays showed that MCM7 knockdown impaired the proliferative capacity of both GIST-
T1 and GIST-882 cells (Fig. 7F, I%). Wound-healing assays further indicated reduced migratory
i %). These experiments provide biological support
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Figure 5. Biological pathway enrichment results of MCM7 in GIST.

(A) Schematic workflow of the integrated bioinformatic analysis pipeline. (B) Gene Set Enrichment Analysis (GSEA) plot of the
Hallmark gene set. (C) Bar graph from over-representation analysis (ORA) of the top MCM7-correlated genes. (D) Protein-
Protein interaction network of the top MCM7-correlated genes. (E) Bar graph from over-representation analysis (ORA) of the
top MCM7-correlated proteins. (F) Protein-Protein interaction network of the top MCM7-correlated proteins.
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Figure 6. Immune infiltration and drug-sensitivity analyses of MCM7.

(A) Flowchart of the integrated bioinformatic pipeline used for tumor immunophenotyping and in silico drug prediction
across multiple GIST cohorts. (B) Heatmap showing Pearson correlation coefficients between MCM7 expression and activity
of the seven-step cancer-immunity cycle. Red indicates positive correlation and blue indicates negative correlation. (C) Circos
plot showing correlations between MCM7 expression and immune cell subtype abundance in the tumor microenvironment,
as estimated by multiple deconvolution algorithms. (D) Scatter plots showing positive correlations between MCM7 and MEP
(megakaryocyte-erythroid progenitor) cell abundance. (E) Heatmap of correlations between MCM7 expression and predicted

Cancer Biology

drug sensitivity or resistance across analyzed cohorts. (F) Scatter plots showing significant negative correlations between
MCM7 expression and predicted response to Cé6-ceramide.
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Figure 7. Experimental validation of MCM?7 in in vitro GIST models.

(A) Scatter plots showing correlations between MCM7 and MKI67 expression across independent GIST cohorts. (B, D) Western
blot validation of siRNA-mediated MCM7 knockdown in GIST-T1 and GIST-882 cells. (C, E) qRT-PCR analysis of MCM7 mRNA
expression after siRNA-mediated knockdown in GIST-T1 and GIST-882 cells. (F, I) CCK-8 proliferation assays after MCM7
knockdown in GIST-T1 and GIST-882 cells. (G, J) Quantification of wound-healing assays. (H, K) Representative wound-healing
images at 0, 24, and 48 h. Statistical significance: *P < 0.05; **P < 0.01; ***P < 0.001.
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for the dbGIST-derived prioritization of MCM7 and illustrate how the resource can generate
experimentally testable target hypotheses.

3. Discussion

In this study, we present dbGIST as a disease-focused multi-omics resource for gastrointestinal
stromal tumors rather than a conventional data archive. By integrating datasets from 37 centers,
1,991 samples, three in-house GIST cohorts, and five omics layers, dbGIST addresses a long-
standing gap created by the absence of a dedicated GIST cohort in broad cancer genomics
consortia. Its value lies in combining curated molecular measurements, clinically meaningful
annotations, interactive analytical modules, and accessible interpretation tools within a single
GIST-specific research infrastructure.

A central contribution of dbGIST is the curation and harmonization framework underlying the
resource. Public GIST omics datasets are heterogeneous in platform, file type, clinical annotation
depth, and diagnostic metadata. We therefore verified GIST cohort eligibility by cross-referencing
repository records, primary publications, and supplementary clinical files; recorded ICD or ICD-O
codes when available; excluded ambiguous mixed tumor collections; and screened TCGA-related
categories without identifying a dedicated GIST cohort. Where raw files were usable,
transcriptomic and single-cell datasets were reprocessed with modality-appropriate workflows,
whereas published processed matrices were retained for data types where raw reprocessing was
not feasible or not applicable. Statistical analyses are performed within cohorts, with cross-cohort
displays used for comparative interpretation rather than pooled inference. This design makes the
scope and limits of harmonization explicit while preserving biological interpretability.

The three in-house ZZU-GIST cohorts further strengthen dbGIST by adding deeply profiled,
pathologically confirmed GIST data to the public collection. These cases were confirmed by
experienced pathologists using histomorphology and institutional immunohistochemical
evaluation, including CD117/KIT and DOG1 where available, with clinicopathological information
reviewed from pathology reports and medical records. Importantly, the resource is designed for
reuse beyond the web interface. dbGIST provides public API access to analysis results and the
result-associated data used for visualization, enabling external tools to query GIST-specific
evidence programmatically and incorporate dbGIST outputs into independent analytical
workflows.

The MCM?7 case study illustrates how dbGIST can support resource-derived hypothesis generation
and validation. Across transcriptomic, proteomic, clinical, and single-cell contexts, MCM7 was
associated with high-risk features, imatinib response-related phenotypes, adverse survival, and
proliferative cell states [28, 31]. Functional perturbation in GIST cell models further supported a
role for MCM7 in tumor cell proliferation. We therefore view MCM?7 not as an isolated single-gene
endpoint, but as a representative example of how dbGIST can connect cross-dataset evidence,
multi-omics context, and experimental follow-up for target exploration in GIST.

A cornerstone of dbGIST’s utility lies in its LLM-powered framework, which we have successfully
implemented to fundamentally transforms the user experience by automating the interpretation
of analytical results [26]. The conversational Al assistant fundamentally transforms the user
experience by automating the interpretation of analytical results, for instance, explaining the
clinical implications of a survival curve or the biological context of a pathway enrichment analysis
in plain language[32]. More importantly, it provides real-time, dialogue-based troubleshooting,
effectively guiding users with limited computational expertise through the analytical workflow.
This significantly lowers the barrier for clinicians and wet-lab researchers, empowering them to
directly mine the integrated dataset for insights without relying on specialized bioinformatics
support. Beyond providing a set of tools, we have established a scalable and transferable
framework for building intelligent, domain-specific research platforms (https./github.com/FuLab-
ZhaoSun/dbGIST ). This framework can potentially be adapted to other rare or understudied
malignancies that similarly suffer from fragmented data resources and a lack of dedicated

analytical services.
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Several limitations should be considered. Public GIST datasets remain uneven in sample size,
platform coverage, clinical variables, and available raw data, and phosphoproteomic coverage is
still more limited than transcriptomic or single-cell coverage. The LLM layer is designed as an
optional interpretation and navigation assistant; it does not modify the statistical backend and will
require continued maintenance, monitoring, and literature updates. These literature-oriented Al
functions, including external retrieval resources such as OpenScholar, are intended to facilitate
user navigation and background exploration, but should not be interpreted as systematic reviews
or substitutes for manual literature verification [27]. Future versions of dbGIST will expand cohort
coverage, improve API documentation, incorporate emerging modalities such as spatial
transcriptomics when available, and maintain the platform as a versioned, interoperable,
community-oriented resource for GIST research.

4. Methods

4.1 Data collection, cohort eligibility, and pre-processing

We systematically retrieved GIST-related multi-omics datasets from public repositories, including
GEO, ArrayExpress, iProX, GSA-Human/NGDC, and cBioPortal, together with in-house cohorts
generated at the First Affiliated Hospital of Zhengzhou University. Dataset inclusion required
explicit study-level support for a GIST cohort, availability of quantifiable molecular
measurements, and accessible clinical annotations. Cohort verification was performed by cross-
referencing repository metadata, the primary publication, and supplementary clinical files where
available. ICD or ICD-O coding was recorded when explicitly provided, but was not treated as a
mandatory inclusion field because such registry-style variables are not consistently exposed in
public omics repositories. Datasets labeled only as generic sarcoma, gastrointestinal tumor, or
mixed mesenchymal neoplasm were excluded unless a GIST-specific subset could be
unambiguously resolved. Detailed cohort manifests, inclusion or exclusion records, and diagnosis-
verification notes are provided in Supplementary Tables S1-S3 @ and Supplementary Methods @
Section 1.

In-house ZZU-GIST specimens were obtained from surgically treated patients at the First Affiliated
Hospital of Zhengzhou University under institutional ethics approval (Approval No., 2024-KY-1592-
001 and 2024-KY-2222-02), with written informed consent obtained from all participants. All
included cases were pathologically confirmed as gastrointestinal stromal tumors by experienced
pathologists based on histomorphology and institutional immunohistochemical evaluation,
including CD117 (KIT) and DOG1 where available. Clinicopathological information was reviewed
from pathology reports and medical records, and KIT/PDGFRA mutation status was incorporated
when available for molecular annotation and subgroup analysis.

Pre-processing was performed in a modality-aware manner rather than through a single merged
pipeline. For transcriptomics, raw files were reprocessed with platform-specific workflows
whenever usable raw data were available. Genomic cohorts were harmonized to a common
mutation-annotation framework centered on the MSK-IMPACT convention. Published
quantification matrices were retained for proteomics and phosphoproteomics, whereas single-cell
datasets were processed individually with a standardized Seurat-based workflow before being
incorporated into the platform as precomputed objects. As part of resource curation, we also
screened TCGA soft tissue sarcoma and related disease categories for potential GIST cases, but no
dedicated GIST cohort was identified; TCGA was therefore not used as a GIST sample source in
dbGIST. Full modality-specific workflows are summarized in Supplementary Methods( Section 1.

Clinical annotations were harmonized through a controlled vocabulary rather than by forcing all
cohorts into one pooled analytic matrix. Imatinib response, NIH risk class, mutation category,
metastatic status, and other recurrent variables were recoded into standardized labels wherever
the source studies allowed. Importantly, inferential analyses in dbGIST are performed within
individual datasets, and cross-cohort displays are used for comparative interpretation rather than
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for batch-corrected pooled inference. Gene-wise Z-score transformation is therefore used only for
visual comparability across cohorts, whereas statistical testing remains cohort-specific. This
analytical scope is detailed further in Supplementary Methods &2 Section 1.

4.2 In-house ZZU-GIST proteomics

The in-house ZZU-GIST proteomics dataset comprised two independent cohorts with distinct
sample-processing workflows: liquid nitrogen—frozen tissue specimens in ZZU-Cohort 1 and
paraffin-embedded tissue section samples in ZZU-Cohort 2. For ZZU-Cohort 1, proteins were
extracted using a RIPA-based workflow, digested with trypsin, fractionated by high-pH reversed-
phase chromatography, and analyzed by LC-MS/MS on an EASY-nLC 1200 system coupled to a Q
Exactive HF-X Orbitrap mass spectrometer. For ZZU-Cohort 2, deparaffinized tissue sections were
subjected to SDS-based protein extraction, tryptic digestion, and LC-MS/MS analysis on an EASY-
nLC 1200 system coupled to an Orbitrap Exploris 480 mass spectrometer in data-dependent
acquisition mode.

Raw mass spectrometry data were processed using Proteome Discoverer with cohort-specific
human reference protein databases and search parameters. False discovery rates were controlled
at 1% according to the corresponding database-searching workflows. Protein expression matrices
were generated from identified proteins and their label-free quantification intensity values for
downstream analyses. Detailed sample-preparation, LC-MS/MS acquisition, database-searching,
and quantification procedures are provided in Supplementary Methods® Section 1.4.3.

4.3 In-house ZZU-GIST single-cell transcriptomics

The in-house ZZU-GIST single-cell transcriptomic cohort was generated using GEXSCOPE
microfluidic chips for single-cell barcoding, mRNA capture, cDNA synthesis, amplification, and
library construction. For the in-house cohort and the two public GIST single-cell cohorts integrated
into dbGIST, cells were retained after quality-control filtering based on detected gene number,
total UMI count, mitochondrial transcript fraction, and doublet detection where applicable.

Expression matrices were normalized using the LogNormalize method, highly variable genes were
selected for dimensionality reduction, and UMAP embeddings were generated from scaled
principal-component inputs. Batch-effect assessment was performed by comparing analyses with
and without Harmony integration. Before-QC, after-QC, and Harmony-comparison panels for all
three scRNA-seq cohorts are shown in Supplementary Figure S4A-L (2, with detailed preprocessing
procedures provided in Supplementary Methods @ Sections 1.4.4 and 2.4.

4.4 Online website and Al-assisted implementation

dbGIST is implemented as a modular web resource in which a React and TypeScript front end
communicates through a Nginx reverse proxy with a Node.js and Express service layer and
multiple independent R Shiny analysis modules. Omics-specific functions are organized as
separate yet methodologically aligned applications for genomics, transcriptomics, proteomics,
phosphoproteomics, single-cell transcriptomics, and non-coding RNA analysis. The platform also
includes an optional Al-assisted interpretation layer that provides narrative explanation and
guided query support without altering the underlying statistical results. External literature-
retrieval resources, including OpenScholar, are provided only as optional user-support tools for
gene-centric literature exploration. They were not used to generate, modify, or validate the omics
analyses, statistical tests, survival analysis, enrichment analysis, immune deconvolution, drug-
response prediction, experimental validation, or figures reported in this study. All numerical
results were generated by predefined dbGIST analytical modules. In other words, the LLM
component augments interpretation but does not modify the computational backend. Platform
architecture, reproducibility details, and software-version records are summarized in
Supplementary Methods ™ Sections 3.1-3.3 and Supplementary Table S6 .
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4.5 Module-level analyses

Across transcriptomic, proteomic, and phosphoproteomic modules, dbGIST supports cohort-level
clinical comparisons, correlation analyses, survival analyses, pathway interpretation, and
response-associated modeling using the measurement scale appropriate for each omics layer.
Group comparisons are visualized with boxplots or violin plots and tested with paired or non-
parametric procedures according to study design and group structure. Survival associations are
evaluated by Kaplan-Meier analysis with cutpoint-based dichotomization and log-rank testing, and
drug-response associations are summarized either by ROC analysis where labeled response data
exist or by pharmacogenomic prediction models where direct response labels are unavailable.
Functional interpretation is based on over-representation analysis and gene set enrichment
analysis, while immune-context analyses use established deconvolution frameworks applied
within cohorts rather than on a pooled matrix. Full statistical settings are summarized in
Supplementary Methods @ Section 2.

The non-coding RNA module is designed as a read-only evidence-aggregation layer that links user-
specified genes to curated miRNA, circRNA, and IncRNA resources with evidence grading and
source attribution. Together, these design choices keep the web platform computationally
lightweight while preserving methodological transparency and reproducibility. Additional
platform-level implementation and supplementary methodological detail are described in
Supplementary Methods ™ Sections 2 and 3.

4.6 Cell culture and transfection

The human gastrointestinal stromal tumor (GIST) cell lines GIST-T1 and GIST-882 were cultured in
their respective recommended media supplemented with 10% fetal bovine serum (FBS). Cells were
maintained at 37 °C in a humidified atmosphere containing 5% CO2. For gene silencing
experiments, cells were transfected with specific small interfering RNAs (siRNAs) using
Lipofectamine 2000 reagent (Life Technologies, USA), strictly adhering to the manufacturer’s
protocol. Non-targeting siRNAs served as negative controls. All siRNAs were designed and
synthesized by Sangon Biotech (China).

4.7 Cell viability assay (CCK-8)

Cell viability was determined using the Cell Counting Kit-8 (CCK-8) assay. Briefly, GIST-T1 and GIST-
882 cells, subjected to the respective treatments, were seeded into 96-well plates at a density of 2 x
103 cells per well. At 1, 2, 3, and 4 days after treatment, CCK-8 reagent was added to each well
according to the kit’s instructions, followed by incubation for a specified duration. The absorbance
of each well at 450 nm (OD450) was then measured using a microplate reader (DG5032, Hua Dong,
Nanjing, China).

4.8 Wound healing assay

The migratory capacity of GIST cells was assessed using a wound healing assay. Transfected GIST-
T1 and GIST-882 cells were plated in 6-well plates at a density of 1 x 105 cells per well and allowed
to grow until reaching over 90% confluence. A uniform wound was created in the monolayer by
scraping with a sterile 200 yL pipette tip. The initial wound width (0 hour) was immediately
recorded by capturing images under a microscope. The wound width was measured again after 48
hours of incubation to quantify cell migration.

4.9 Quantitative Real-Time PCR (qRT-PCR)

Total RNA was isolated from cultured cells using Tri-Reagent (TTANGEN BIOTECH, Beijing, China)
following the supplier’s protocol. RNA concentration and purity were assessed
spectrophotometrically. For each sample, 3 ug of total RNA was reverse-transcribed into
complementary DNA (cDNA). Quantitative PCR was performed to amplify the genes of interest,
with B-actin serving as an internal control for data normalization.
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4.10 Western Blot Analysis

Cellular proteins were extracted using RIPA lysis buffer. Protein concentration was quantified
with a BCA Protein Assay Kit. Equal amounts of protein (30 pg per lane) were separated by SDS-
polyacrylamide gel electrophoresis (SDS-PAGE) and subsequently transferred onto polyvinylidene
fluoride (PVDF) membranes. After blocking with 5% bovine serum albumin (BSA) in TBST for 1
hour at room temperature, the membranes were incubated overnight at 4 °C with primary
antibodies against MCM?7 (1:1000 dilution) and GAPDH (1:1000 dilution). Following extensive
washing, the membranes were incubated with appropriate horseradish peroxidase (HRP)-
conjugated secondary antibodies at 37 °C for 1 hour. Protein bands were visualized using an
enhanced chemiluminescence (ECL-plus) detection kit, and band intensities were analyzed.

5. Conclusion

In conclusion, dbGIST establishes a GIST-focused multi-omics resource that integrates public and
in-house cohorts with diagnostic verification, modality-aware preprocessing, curated clinical
annotations, cohort-level analytical modules, and transparent supplementary source data. The
platform supports both interactive web-based exploration and programmatic reuse through public
APIs that expose selected derived analysis results, while the optional LLM-assisted layer improves
navigation and interpretation without modifying the statistical backend. The MCM?7 case study
demonstrates how dbGIST can connect cross-dataset evidence, multi-omics context, and
experimental follow-up to generate testable target hypotheses. By making GIST multi-omics
evidence more traceable, reusable, and interoperable, dbGIST provides a practical resource for
target exploration and precision oncology research in GIST.

Data availability

dbGIST is available as an online resource through https:;//www.dbgist.com . Dataset-level
accession information, cohort manifests, clinical dictionaries, inclusion/exclusion records, and
supplementary methodological details are provided in the Supplementary Methods 2 and
Supplementary Tables (7. Quantitative outputs underlying key figures are provided as source-data
tables where applicable. Public datasets used in this study are accessible from GEO
(https://www.ncbi.nlm.nih.gov/geo @), ArrayExpress

(https://www.ebi.ac.uk/biostudies/arrayexpress %), GSA-Human/NGDC (https.//ngdc.cncb.ac.cn/gsa-
human/@), iProX (https://www.iprox.cn @), and cBioPortal (https://www.cbioportal.org/). Key
code components are hosted on GitHub (https:/github.com/FuLab-ZhaoSun/dbGIST ). dbGIST also
provides public API access to selected analysis results and the corresponding visualization-ready
data, enabling external tools and workflows to programmatically query derived resource outputs.
In-house proteomic and single-cell transcriptomic data were generated under institutional ethics
approval 2024-KY-1592-001 and 2024-KY-2222-02 and with written informed consent.
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Peer reviews
Reviewer #1 (Public review):

Summary:

This tumour type is missing from the big pan-cancer databases, so none of the popular online
analysis tools works for it. That's a real gap, and it's the right one to go after. The authors
build an online resource that gathers the scattered public molecular datasets for this disease,
adds three of their own patient cohorts, ties everything to clinical data, and exposes
interactive tools, downloads, and programmatic access so other people can build on it. To
show what it does, they take one gene through the whole platform - clinical, gene-expression,
protein, single-cell, immune, and drug-response and then test that gene in cell lines. So there
are really two things on offer here: a resource and a practical example of using it. They land
very differently.

Strengths:

The resource is the real contribution, and it's done with care. It covers 37 centres and nearly
2,000 samples across five kinds of molecular data, and the authors are honest about
provenance: how they screened datasets in or out, where they recorded the diagnostic codes,
and why they dropped ambiguous mixed-tumour collections. The key methodological
decision is the right one; every analysis runs inside its own cohort, and the cross-cohort views
are explicitly "for looking, not for combining." That's exactly how you should treat
heterogeneous public data, and they say so plainly instead of quietly pooling everything.
Their three pathologist-confirmed cohorts add genuine independent material, so thisisn't a
re-skin of data that already existed. And because the code and a public access point are
actually available, the reuse claim holds.

The example is internally consistent, which is what makes it persuasive. The gene reads
higher in higher-risk patients across several independent cohorts and in their own protein
data, tracks with the disease spreading and recurring, and lines up with worse survival. The
single-cell data put it in the dividing cells; the pathway analysis points to proliferation. Three
independent data types landing on the same proliferation story are the strongest part of the
biology.

Weaknesses:
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The honest problem is that the entire biological story rests on one gene, tested one way. The
lab work is two cell lines with the gene knocked down, showing less growth and migration:
there is no rescue to confirm the effect is real, no second gene to show the approach
generalises, nothing in a living animal. That earns the modest claim: the resource can point
you at a candidate worth testing. It does not earn the headline claim that the platform
reliably generates good target hypotheses, because we only ever watch it succeed once. One
example illustrates a workflow; it doesn't establish a method.

Some of the statistics won't survive scrutiny. The clearest case is a perfect separation between
treatment-resistant and treatment-sensitive cases from a single immune cell population,
reported with no error bars, no check for information leakage, and apparently from very few
samples. A perfect result in that setting is almost always overfitting or a small-sample
artefact, not a strong classifier. The same pattern shows up elsewhere: small groups, p-values
with no effect sizes or error bars, and no correction for the enormous number of features
and cohorts being tested across the whole platform. Separately, one drug result is a
correlation against a predicted sensitivity score from a model.

The AI assistant gets far more weight than the evidence supports. Credit where due: the
authors are clear and consistent that it only helps interpret and navigate, and never touches
the data, the statistics, or the results. That's the correct line to draw, and they hold it. But the
assistant itself is never tested, no accuracy numbers, no benchmark, no error analysis, no
described way for a human to check what it produces. Calling it something that
"fundamentally transforms the user experience" is an assertion, not a finding. And since even
the literature feature is admitted not to be a proper systematic review, the prominence of the
artificial-intelligence framing runs ahead of what's been shown.

https://doi.org/10.7554/eLife.111894.1.sa2

Reviewer #2 (Public review):
Summary:

dbGIST appears to be the first dedicated multi-omics resource worldwide that is specifically
focused on GIST.

Strengths:

The main value of the paper is not simply that the authors collected datasets, but that they
built a usable resource around them, with cohort-aware analyses, curated clinical labels,
interactive visualizations, downloadable results, selected API access, and an optional LLM-
assisted interface. The work is solid, and the database is likely to be useful for GIST
researchers interested in target discovery, cross-dataset validation, drug-response
hypotheses, and translational follow-up.

The MCM?7 analysis is a reasonable use case. It shows how a user can start from one
candidate gene and then move across transcriptomic, proteomic, clinical, single-cell, immune-
related, drug-response, and experimental evidence. I do not see this as the main discovery of
the paper, but rather as a practical demonstration of what the database can do. That is
appropriate for a resource manuscript.

Weaknesses:
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(1) The authors should make the organization of the platform a little easier to follow. The
manuscript refers to five primary omics layers, six omics-focused pages, and eight analytical
modules. This structure is understandable after reading the relevant sections, but it may not
be immediately obvious to readers. A brief clarification of how the omics layers, web pages,
and analytical modules relate to each other would help.

(2) Since dbGIST is a live web resource, the authors should provide a clear versioning
statement. The manuscript should indicate which version of the database corresponds to the
analyses and figures reported in the paper, and how future updates will be distinguished
from the version evaluated here. This is a small point, but it matters for reproducibility.

(3) The API function is a strength of the resource, but it is still described rather generally. The
authors should give more concrete documentation of what can be accessed through the API,
what inputs are required, and what type of output is returned. This could be placed in the
supplementary materials. It would make the database more useful for computational users.

(4) The manuscript should clarify the status of downloadable data. It is clear that figures,
source-data tables, and selected derived outputs are available, but it is less clear whether the
full processed matrices used internally by the platform are downloadable or only maintained
for deployment. This distinction should be stated plainly.

(5) The statistical reporting in the MCM?7 clinical-association analyses needs a little more care.
Several p-values are shown across different cohorts and clinical variables. The authors
should state whether these are nominal p-values or adjusted p-values. If they are nominal,
that is acceptable for a resource demonstration, but the exploratory nature of the analyses
should be made clear.

(6) The ROC analyses for imatinib response should include sample sizes, and confidence
intervals for AUC values would be useful if available. Some of the AUC values are high, and
without group sizes, it is difficult to judge how stable those estimates are. The authors should
avoid implying that these ROC results are validated predictive models.

(7) The interpretation of MCM7 should be slightly more cautious. MCM?7 is a well-known DNA
replication and cell-cycle gene, and the single-cell analyses seem to support its association
with proliferative cell states. This is biologically consistent, but it also means that MCM7
expression should not be presented as tumour-cell-specific without qualification. The
manuscript should frame it mainly as a proliferation-associated signal in the current analysis.

(8) The drug-response section would benefit from a clearer explanation of the response
metric. The authors report correlations between MCM?7 expression and predicted response to
C6-ceramide, but readers need to know whether the predicted value represents IC50, AUC,
sensitivity score, or another metric. The direction of interpretation should also be made
explicit, since a negative correlation can mean different things depending on the scoring
system.

(9) The single-cell annotation would be more convincing if the authors provided a compact
marker-gene summary for the major cell types in each single-cell cohort. The current
description of annotation by source labels, marker inspection, and manual curation is
reasonable, but users of the database would benefit from seeing the marker evidence behind
the labels.

(10) The experimental validation section should include a few routine details that are
currently not easy to find. The siRNA sequences or target regions, number of biological
replicates, statistical tests for the CCK-8 and wound-healing assays, and details of wound-
closure quantification should be reported. These additions would make the in vitro part more
reproducible.
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(11) The wound-healing result should be interpreted with caution. Since MCM7 knockdown
reduces proliferation, reduced wound closure could reflect changes in proliferation,
migration, or both. Unless proliferation was controlled during the wound-healing assay, the
authors should avoid describing this result as purely migratory.

(12) The LLM-related claims should remain conservative. The assistant is a useful feature for
navigation, plain-language explanation, and user support, especially for clinicians or wet-lab
researchers. However, the strongest statements about the LLM transforming interpretation
or automating analysis should be toned down. The important point is that the LLM layer
helps users interact with the resource, while the numerical analyses come from predefined
dbGIST modules.

https://doi.org/10.7554/eLife.111894.1.sa1

Reviewer #3 (Public review):

Summary:
The dbGist dataset/tool would provide substantial value to the cancer research community.
Strengths:

The manuscript presents dbGIST, a dedicated GIST-focused multiomics resource integrating
data from 37 centers and ~2k samples across genomics, transcriptomics, proteomics,
phosphoproteomics, and single-cell transcriptomics. Given that GIST is virtually absent from
major cancer genomics consortia (TCGA, ICGC), this resource fills a genuine gap and
represents a valuable contribution to the GIST research community.

(1) The MCM?7 case study effectively demonstrates the platform's utility, linking a resource-
derived candidate to survival outcomes.

(2) The LLM-assisted interface (dbGIST Assistant) is a reasonable addition for accessibility,
lowering the barrier for clinicians and wet-lab researchers, who may not always have the
skill set required for proper data analysis, especially for a rich and wide dataset like the
dataset in question.

Weaknesses:
(1) Data deposition (major):

While the manuscript references public accessions for raw source datasets and provides a
GitHub repository for code, it remains unclear where the **curated, harmonized data
matrices™* - which represent the core value-add of this work - are independently deposited.
Access to these processed data appears to depend entirely on the dbGIST web interface and
API. The authors should deposit the harmonized matrices in a persistent, general-purpose
repository to ensure long-term availability independent of the web platform.

(2) LLM agent capabilities underspecified:

The manuscript would benefit from a clearer description of the assistant's capabilities and
boundaries. Specifically, what tools or actions are available to the LLM agent? Can it execute
code against the underlying data, trigger analytical modules programmatically, or is it limited
to natural-language explanation of pre-computed results? Clarifying this would help readers
assess the scope of the Al layer and distinguish it from agentic platforms that perform
computation on behalf of the user.

https://doi.org/10.7554/eLife.111894.1.sa0
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