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ABSTRACT: Understanding intratumoral heterogeneity is essential for elucidating
tumor biology. Compared to RNA expression, omics-level characterization of cell-type-
specific protein expression remains a technical challenge. Bulk mass spectrometry (MS)
provides abundant proteomics resources to infer cell-type specificity via data
deconvolution; however, it is unclear which proteomic quantification formats are
optimal, as they differ from the data types for which most deconvolution methods were
designed. Here, leveraging recently generated large-cohort proteogenomics data, we
systematically evaluated different MS proteomics quantification formats and
preprocessing strategies to resolve cell-type-specific protein expression. Our results
indicate that while label-free spectral counts can be used directly, TMT MS1 intensities
and MS2 ratios are less suitable and require appropriate data transformation. We
demonstrate that a ‘min-score’ transformation significantly improves MS1 intensity-
based deconvolution, providing useful insights for subtyping pancreatic cancer.
Moreover, we identified the coefficient of variation (CV) as a robust statistical indicator
of deconvolution suitability. Finally, we developed “ProTransDeconv”, an R package integrating data transformation, deconvolution,
and quality checks for major MS proteomics data formats. This work provides practical guidance for deconvolving bulk proteomics
to study cell-type-specific protein-level dysregulation.
KEYWORDS: deconvolution, proteomics, cancer protein markers, intratumor heterogeneity

■ INTRODUCTION
Intratumoral heterogeneity refers to the diverse cellular
composition of bulk tumors. In addition to malignant tumor
cells, a significant portion of the tumor mass consists of
infiltrating immune cells, stromal cells, endothelial cells, and
other cell types.1 Understanding the interactions among these
tumor components is essential for improving or innovating
tumor treatments. For example, checkpoint inhibitor-based
immunotherapy aims to enhance the cytotoxic effects of
infiltrating T cells against malignant tumor cells.2 However,
factors that may compromise treatment efficacy can originate
from various components of the tumor microenvironment,
which remains incompletely characterized.3

To better dissect intratumoral heterogeneity, emerging
techniques, such as single-cell RNA sequencing (scRNA-seq),
have been developed to profile cell-type-specific gene
expression at single-cell resolution. Although these techniques
provide tumor portraits at an unprecedented level of detail,
their results lack critical insights into protein-level regulation.
Proteins constitute the majority of diagnostic biomarkers and
druggable targets, and thus knowledge of their cell-type-
specific mechanisms has significant clinical value. For instance,
it has been shown that TGFB1 expressed in tumor epithelial
cells has antitumor roles but exerts protumor effects when
expressed in stromal cells.4 Accumulating studies have shown

that protein-level dysregulation is common in tumors and that
mRNA abundances do not fully reflect protein expression.5

These rationales underscore the importance of directly
detecting and quantifying cell-type-specific proteins.
Mass spectrometry (MS)-based proteomics provides the

most comprehensive protein identification and quantification.
However, unlike RNA, protein signals cannot be amplified.
The substantial MS sample input requirement thus makes
single-cell proteomic profiling difficult in achieving sufficient
coverage and depth to systematically study protein-level
biology.6 Other experimental techniques, such as laser-capture
microdissection (LCM), are capable of enriching specific
tissues or cell groups for MS analysis, but they are labor-
intensive and have limited applications in large-cohort cancer
studies.7 For instance, LCM-MS has been commonly used to
study pancreatic ductal adenocarcinoma (PDAC), a cancer
type characterized by low cellularity and complex intratumoral
heterogeneity.8,9 However, the most comprehensive of these
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studies only utilized a medium-sized cohort (32 patients),9

which is substantially smaller than those used in bulk-level
profiling, such as the study performed by the Clinical
Proteomic Tumor Analysis Consortium (CPTAC) involving
140 patients.10

An alternative approach to circumvent these technical
challenges is data deconvolution, which infers tumor
composition and/or cell-type-specific gene expression from
bulk gene expression data.11 The underlying mathematical
principle is that bulk gene expression (or other molecular
signals) represents a linear combination of the expression from
constituent cell types, weighted by their proportions.
Specifically, for a given gene:

= ×E E P( )
i

i ibulk

where Ebulk represents the bulk expression, and Ei and Pi
denote the cell-type-specific expression and population
proportion for each constituent cell type i, respectively.
While the inference of cell populations can be readily

conducted using RNA-seq12 or DNA methylation data,13 the
unique role of proteomics data in the deconvolution lies in
obtaining the cell-type-specific protein expression. This
approach is particularly valuable because large cohort studies
typically have detailed clinical records (e.g., tumor stage,
patient prognosis) and multiomics profiles.14,15 Consequently,
the cell-type-specific protein expression derived from data
deconvolution can provide refined biological and clinical
insights through multiomics integration and clinically guided
prioritization.
Unlike the count-based quantification in RNA-seq, MS

proteomics data are quantified using various methods, such as
MS2 spectral counts and MS1 intensity for label-free MS, and
MS1 intensity and MS2 ratios for iTRAQ- or TMT-based
labeled MS.16 It remains unclear which of these methods, if
any, are suitable for data deconvolution to study cell-type-
specific protein expression or modification. Notably, previous
studies on RNA-seq-based deconvolution have suggested that
data format is a critical factor affecting deconvolution
performance.17 Given the greater diversity of data formats in
MS proteomics, driven by variability in MS techniques and
data processing workflows, a systematic comparison of
deconvolution performance is essential to determine which
data type is optimal for this application. Furthermore, most
deconvolution algorithms for obtaining cell-type-specific
expression were developed for RNA-seq.18 Therefore, it is
imprudent to assume that arbitrary proteomics data formats
can be directly used in these algorithms.
In this study, we conducted a comprehensive evaluation of

deconvolution suitability for protein quantification formats
widely used in recent large-scale proteogenomic studies, such
as those from the CPTAC14 and International Cancer
Proteome Consortium (ICPC).19 We focused on these studies
because they have generated the most abundant data resources
for protein expression and quantification in cancer research.
Additionally, they provide matched genomic and tran-
scriptomic data, enabling orthogonal validation of some of
our inferences. For proteomic quantification formats less
suitable for deconvolution, we propose several data trans-
formation methods to enhance data linearity. We envision that
our study will provide general guidance for leveraging these
proteogenomic data to detect cell-type-specific protein

biomarkers and druggable targets, as well as to understand
protein-level pathway activities and intercellular crosstalk.

■ MATERIALS AND METHODS

Datasets

The harmonized ccRCC20 and PDAC10 bulk TMT proteomics
and transcriptomics datasets, along with and patient clinical
data were downloaded from the CPTAC Pan-Cancer Data
Portal14 (https://proteomic.datacommons.cancer.gov/pdc/
cptac-pancancer). The CRC label-free proteomic dataset was
downloaded from its original publication,21 and the corre-
sponding transcriptomics data were downloaded from the
GDC data portal (https://portal.gdc.cancer.gov/). The RNA
expression data from 81 cell types were downloaded from the
Human Protein Atlas (HPA)22 (https://www.proteinatlas.org/
download/tsv/rna_single_cell_type_cell_types.tsv.zip). The
immunohistochemistry (IHC) protein expression data from
149 cell types were also downloaded from HPA (https://www.
proteinatlas.org/download/tsv/normal_ihc_cell_types.tsv.
zip). The accession IDs for the reference methylation datasets
used in first-phase deconvolution are listed in Supplementary
Table 1.
Inferring Proportions for Constituent Cell Types

Methylation-based deconvolution to infer cell-type proportions
was performed using EDec.23 The DNA methylation
references used for each cell type were generated from purified
cell groups or cell lines (listed in the Supplementary Table 1).
Bulk tumors were deconvolved into three cell types for
colorectal cancer (CRC) and clear cell renal cell carcinoma
(ccRCC): immune cells, stromal cells, and epithelial cells. For
pancreatic ductal adenocarcinoma (PDAC), bulk tumors were
deconvolved into an additional cell type: exocrine and
endocrine cells. RNA-expression-based abundances of immune
cells and stromal cells were inferred using ESTIMATE.24 For
CRC, whole-exome sequencing (WES)-based tumor purity
was inferred using ABSOLUTE and obtained from the GDC
Data Portal via TCGAbiolinks.25 For ccRCC and PDAC,
whole-genome sequencing (WGS)-based tumor purity was
inferred using CNVEX (https://github.com/mctp/cnvex) and
obtained from the CPTAC Pan-Cancer Data Portal.
To further evaluate the reliability of cell-type proportion

estimates from deconvolution, we analyzed microarray-based
RNA expression data from flow-cytometry-sorted cell sub-
populations in colon cancer (GSE39396).26 Cell-type-specific
marker genes for immune cells (CD45+), stromal cells (FAP
+), and epithelial cells (EpCAM+) were identified using
limma,27 with a fold-change cutoff >4 and an adjusted p-value
<0.01 (Benjamini-Hochberg procedure).
Selection of General Cell-Type-Specific Reference Proteins

General cell-type-specific protein markers were selected based
on three levels of evidence: (1) RNA-level specificity identified
from cross-tissues comparisons; (2) strong protein-RNA
correlation, ensuring that the RNA-level specificity can be
translated to the protein level. (3) Direct protein-level
specificity identified by immunofluorescence or immunochem-
istry, as reported by HPA.
First, RNA expression data for 81 purified cell types,

downloaded from the Human Protein Atlas (HPA), were used
to identify cell-type-specific marker genes at the RNA level.
The original cell types described by HPA were reclassified into
three meta-cell types based on their annotations: “Blood &
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Immune Cells” was relabeled as “immune cells”; “Endothelial
Cells” and “Mesenchymal Cells” were merged into “stromal
Cells”; and “Glandular Epithelial Cells,” “Squamous Epithelial
Cells,” and “Specialized Epithelial Cells” were merged into
“epithelial cells”. For each meta-cell type, marker genes were
selected using a fold-change cutoff of >4 and an adjusted p-
value <0.01 (t test on log2-transformed TPM).
Second, these RNA-level marker genes were filtered to

include only those exhibiting high protein-RNA correlation in
each proteogenomic dataset (Spearman’s correlation coef-
ficient >0.5 and adjusted p < 0.001). This list was further
refined using HPA data to select proteins with known IHC-
based cell-type specificity. For the IHC annotations,
“Lymphoid Tissue,” “Lymphocytes,” and “Hematopoietic
Cells” were classified as immune cells; “Stromal Fibroblasts”
and “Stroma” were classified as stromal cells; and all nine
epithelial cell types were classified as epithelial cells. Based on
the semi-quantitative IHC results, “High” or “Medium”
staining signals were considered positive, while “Low” or
“Not Detected” was considered negative. Final protein markers
were required to be positive in their corresponding cell type
and negative in all others.
Cancer-Type-Specific Reference Proteins

If a protein is specific to a particular cell type, its expression in
a bulk tumor sample is primarily driven by the proportion of
that cell type. Therefore, a positive correlation is expected
between a cell type’s proportion and its specific proteins’ bulk
expression levels. Based on this assumption, we identified
cancer-type-specific protein markers. For each protein, we
calculated Spearman’s correlation between its bulk-level
expression and the proportions of immune, stromal, or
epithelial cells derived from the first-phase deconvolution.
For each of the three cell types, we selected the top 25% of
proteins that were most highly correlated and also statistically
significant (Benjamini−Hochberg adjusted p < 0.05). Finally,
we removed the general cell-type-specific marker proteins from

these lists, leaving a refined set of cancer-type-specific reference
proteins.
Second-Phase Deconvolution and Evaluation

EDec (the second-phase functionality), Rodeo,28 csSAM,29

and bMIND30 were used to perform deconvolution to obtain
mean cell-type-specific expression for each protein. The inputs
for these second-phase deconvolution tools are bulk protein
expression matrices (with different formats) and the
proportions of constituent cell types derived from the first-
phase deconvolution. The bulk protein expression matrices
were filtered to keep the proteins with fewer than 30% missing
values. From the deconvolution results, a protein was
designated as cell-type-specific if its expression in that cell
type was greater than the combined expression from all the
other cell types. In other words, the specificity defined by the
following formula is greater than 0.5.

=
=

x

xi
Specificity i

i
N

1 (1)

where xi represents the mean expression of protein i in a given
cell type, and N is the total number of cell types.
The recall rate and Cohen’s kappa value as described in eqs

2 and 3 were used to evaluate the suitability of various MS
proteomics quantification formats.

=
+

Recall
TP

TP FN (2)

where TP denotes true positive and FN denotes false negative
prediction based on reference cell-type-specific proteins.

= P P
P1

o e

e (3)

where Po represents observed agreement between inferred and
reference cell-type-specific proteins, and Pe represents the
expected agreement by chance.

Figure 1. Schematic of the study workflow. Proteomics data (TMT ratio and intensity; label-free spectral count and intensity) from three cancer
types (ccRCC, PDAC, and CRC) undergo various data transformations (A). In parallel, tissue compositions�proportions of epithelial cells,
immune cells, and stromal cells (Epi, Imm, and Stro)�are inferred from DNA methylation data and cross-validated using other omics platforms
(B). Multiple deconvolution methods (csSAM, EDec, Rodeo, and bMIND) are then used to estimate cell-type-specific protein expression (C).
Finally, the deconvolution results are evaluated against a set of reference protein markers (derived from multiple lines of evidence, D) using specific
evaluation metrics (E).
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Identification of Subtype-Specific Clinical Marker Proteins
in PDAC

The TMT intensity CPTAC PDAC proteomics data were
transformed using the “min-score” method and deconvolved
using the second-phase functionality of EDec. Subsequently,
cell-type-specific marker proteins were selected based on eq 1.
The prognostic value of a protein was then calculated using the
C-index (or concordance index)31 approach implemented in
the R package “survcomp”. The C-index provides a single,
easily interpretable value to assess the association between a
continuous variable (e.g., protein expression) and right-
censored data (e.g., patent survival). A C-index <0.5 indicates
a trend toward a favorable prognosis, while a C-index >0.5
indicates a trend toward an adverse prognosis. For selected
proteins, their power to stratify patients into good and poor
survival groups was further determined by a log-rank test. Gene
ontology (GO) biological process enrichment was performed
utilizing the specific group of proteins (e.g., stromal proteins
with adverse prognostic values) against the background of all
detected proteins using WEBGESTALT.32

Data Availability

All the datasets used for this study were publicly available via
the provided downloaded links and GEO IDs. All the data
analysis was performance in R (version 4.2.0). The R package
proTransDeconv is released under an MIT license and is freely
available at https://github.com/HuangLabAtUAB/
ProTransDeconv.

■ RESULTS

Overall Study and Workflow

Starting from bulk gene expression (or other molecular
profiles), deconvolution can be applied first to infer tumor
composition (the first phase) and subsequently to estimate
cell-type-specific gene expression (the second phase). Our
study focuses on the second phase, which aims to identify cell-
type-specific proteins to enhance understanding of protein-
level dysregulation and inform the development of protein
biomarkers and druggable targets. We used omics data types
other than proteomics (e.g., DNA methylation, whole-exome
sequencing [WES], and transcriptomic data) for the first phase
because these data provide more features, have well-established
deconvolution methods, and are commonly available in
proteogenomic studies. In essence, the primary value of
proteomics-based deconvolution lies in the second phase,
which we systematically evaluated here (Figure 1).
We primarily focused on the CPTAC datasets,14 which

represent the most comprehensive large-cohort cancer
proteomics data and include both label-free and labeled MS
proteomics. Label-free MS proteomics was quantified using
MS2 spectral count and MS1 intensity. Labeled MS
proteomics, such as Tandem Mass Tag (TMT) MS, was
quantified by MS2 ion reporter ratio or by recently developed
MS1 intensity approaches.14 In addition to the publicly
available data formats, we applied several methods commonly
used for data transformation or normalization (Table 1).
Notably, since most of the quantitative proteomics analyses use
nonparametric statistical methods, such as the Wilcoxon test
for identifying differential protein expression and Spearman’s
correlation for determining protein-RNA correlation, our data
transformations will not affect any existing data-driven results
and can be broadly applied to proteomics datasets if necessary.

To balance interpretability and model complexity, our
deconvolution focuses on three high-level cell types in solid
tumors: immune cells, stromal cells, and epithelial cells. Our
main objective was to determine which MS proteomics
quantification formats and data transformation methods are
suitable for robust inference of cell-type-specific protein
expression, given the proportions of these constituent cell
types.
We used the CPTAC omics data generated from three

cancer types with pronounced intratumoral heterogeneity:
colorectal cancer (CRC, n = 95),21 clear cell renal cell
carcinoma (ccRCC, n = 103),20 and pancreatic ductal
adenocarcinoma (PDAC, n = 140).10 These cohorts yielded
8763 (ccRCC), 8663 (PDAC), and 4054 (CRC) quantified
proteins, respectively, and importantly included diverse MS
proteomics quantification formats.
To date, most of the deconvolution tools for the second

phase have been based on least-squares regression (LSR). We
included three tools with variable LSR implementations: (1)
csSAM, which is based on a standard LSR;29 (2) EDec (the
second-phase functionality), which is based on a non-negative
constrained LSR;23 and (3) Rodeo, which is based on robust
linear regression.28 In addition, we included bMIND, which is
on Bayesian estimation rather than LSR.30 This complex
design ensures that our conclusions are not biased toward a
specific cancer type or a deconvolution algorithm but instead
reflect the general suitability of the proteomics data formats
(Figure 1).
Inference of Tumor Composition and Collection of
Reference Cell-Type-Specific Marker Proteins
For the first phase of deconvolution, we used EDec (the first-
phase functionality),23 a DNA methylation-based deconvolu-
tion method to infer the proportions of constituent cell types.
Additionally, we used ESTIMATE (RNA-based),12 ABSO-
LUTE (WES-based),33 and mutation allele frequency (MAF,
WES-based) for cross-omics validation. The inferred propor-
tions and abundances for different cell types were consistent
among these orthogonal omics data platforms (Figure 2). For
instance, ESTIMATE scores for tumor-infiltrated immune and
stromal cells were highly correlated with corresponding cell
proportions inferred by EDec (Pearson’s correlation 0.78 and

Table 1. Data Transformation Methods Applied to
Proteomics Datasets in This Study

method equation

inversea xijtrans = 2xij

logistic-likea = =x a1 e ;ij
ax

x
trans 1

max( )
ij

i

min-maxa =x
x

x xij
xtrans min( )

max( ) min( )
ij i

i i

min-scorea =x
x

xij
x

sd
trans min( )

( )
ij i

i

tanha =
+

xij
xtrans tanh( ) 1

2
ij

ratio-shifta xijtrans = xij − min (xi)
quantilea,b xijtrans = μrdij

axij and xijtrans denote the original and transformed expression value of
protein i in sample j, respectively. xi denotes the original expression
vector of protein i across all the samples. bIn quantile normalization,
the gene expression values in each sample are first sorted in ascending
order. rij denotes the rank of protein i in the sorted values of sample j,
and μrdij

denotes the mean of the rij-th smallest values across all
samples.
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0.60, respectively, p < 0.001, Figure 2A). Similarly, the somatic
mutation allele frequency (MAF) of KRAS, a known clonal
mutation in pancreatic ductal adenocarcinoma (PDAC),10

correlated with the tumor epithelial cell fraction inferred by
EDec (Pearson’s correlation 0.83, p < 0.001) (Figure 2B).
Furthermore, the EDec deconvolution results aligned with
histology-based tumor composition assessments, even if they
were generated from different sample aliquots (Pearson’s
correlation 0.46, p < 0.001) (Figure 2C).
Moreover, we tested the feasibility of inferred cell

proportions in performing the second phase of deconvolution
on transcriptomics data, which yields cell-type-specific RNA
expression. For the colorectal cancer, where RNA-seq from
physically purified cell groups is available to serve as ground
truth,26 we found that the cell-type specificity from
deconvolution is highly accurate (AUROC > 0.95, Figure
2D). The expression patterns of well-known epithelial,
immune, and stromal genes were readily reproduced by
deconvolution (Figure 2E). Together, these results suggest that
cell proportions inferred from the methylation data, which are
commonly available in the CPTAC and ICPC datasets, are
well-suited for performing the second-phase deconvolution of
whole bulk proteomics data.

A systematic evaluation of cell-type-specific protein ex-
pression requires known protein markers for constituent cell
types as ground truth. However, unlike RNA profiling,
genome-wide cell-type-specific protein expression is currently
unavailable. To overcome this challenge, we defined protein
markers using evidence orthogonal to the deconvolution
process itself. Specifically, a protein was classified as a cell-
type-specific marker if it satisfied the following criteria: (1) its
corresponding RNA expression level is highly and selectively
expressed in one cell type relative to others in purified cell
populations, and (2) its protein abundance strongly correlates
with mRNA levels in large-cohort proteogenomic datasets. For
the first criterion, we obtained cell-type-specific transcriptome
profiles from flow cytometry-sorted cell groups.22 Notably,
these purified cell groups were derived from various bulk tissue
types, enhancing the generalizability of these markers across
different cancer types. The second criterion ensures that
protein abundance is primarily determined by RNA expression
rather than variability in protein translation or stability. Finally,
we confirmed the cell-type specificity of the protein markers
used in our evaluation by checking them against antibody-
detected expression patterns from the Human Protein Atlas
(HPA)22 (Figure 1 and Supplementary Figure 1, see also
Materials and Methods and Supplementary Table 2).

Figure 2. Cross-validation of inferred constituent cell proportions. (A) Correlation between DNA methylation-based cell proportions and RNA-
seq-based cell abundance for immune cells (left) and stromal cells (right) in ccRCC. (B) Correlation between the DNA methylation-based tumor
epithelial cell proportion and WES-based tumor purity (left) in CRC or KRAS mutated allele frequency (MAF) in PDAC (right). (C) Correlation
between DNA methylation-based and histologically estimated exocrine/endocrine cell proportions in PDAC. (D) AUROC curves for CRC cell-
type-specific markers resulting from deconvolution. (E) Bar plots showing cell-type-specific expression for representative epithelial (left), immune
(middle), and stromal (right) genes.
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Performance Evaluation Based on General Reference
Cell-Type-Specific Proteins

We next performed the second-phase deconvolution using the
algorithms described above. These methods take the
proportions of constituent cell types and bulk protein
expression as input to solve for cell-type-specific protein
expression. With the orthogonally derived reference marker
proteins as a benchmark, we evaluated the suitability of the
bulk proteomics data from various MS quantification and data
transformation methods for deconvolution. Since reference
proteins were identified using purified cells from multiple
tissues, their cell-type specificity was expected to be conserved

across different cancer types and to be recalled in the
deconvolution results. Accordingly, the primary performance
metric was the recall rate of ground-truth cell-type-specific
proteins. For instance, the protein expression of PTPRC, an
immune cell marker gene, can be successfully recalled as
immune cell-specific by both the deconvolution based on min-
score- and inverse-transformed proteomics data (Figure 3A).
To account for multiple cell types and cancer types, we also
recorded the ranking of recall rates across different data
formats (Figure 3B). Additionally, we adopted the Cohen’s
kappa value as a third metric,34 which measures the ability of
deconvolution results to distinguish proteins with different cell-

Figure 3. Performance evaluation based on general cell-type-specific protein markers. (A) Cell-type-specific protein expression of the pan-immune
cell marker PTPRC resulting from csSAM deconvolution of different proteomics data formats. The green tick or red cross indicates success or
failure in identifying this protein as immune-cell-specific. (B) Heatmap showing recall rates for csSAM-based deconvolution using PDAC TMT
intensity proteomic datasets. Numbers in parentheses indicate the recalled and total protein counts, respectively. The ranks of recall rates across
different data formats are listed above the heatmap. (C) Recall rates and kappa values for deconvolution results using transcript-per-million (TPM)
or log2 TPM of RNA-seq data. (D) Boxplots showing recall rates (top), ranks of recall rates (middle), and Cohen’s kappa values (bottom) resulting
from LSR-based deconvolution using different proteomics data formats. For each proteomics data format, metrics were collected across various
deconvolution methods, cancer types, and cell types. (E) Same as (D), but results were generated from bMIND using compatible data formats. For
(D) and (E), asterisks denote significantly superior performance (*p < 0.001, Wilcoxon rank-sum test and median recall rate difference >0.2) for
the indicated group relative to the lowest-performing group. LF, label free; SC, spectral count.

Journal of Proteome Research pubs.acs.org/jpr Article

https://doi.org/10.1021/acs.jproteome.5c00980
J. Proteome Res. 2026, 25, 471−483

476

https://pubs.acs.org/doi/10.1021/acs.jproteome.5c00980?fig=fig3&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.jproteome.5c00980?fig=fig3&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.jproteome.5c00980?fig=fig3&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.jproteome.5c00980?fig=fig3&ref=pdf
pubs.acs.org/jpr?ref=pdf
https://doi.org/10.1021/acs.jproteome.5c00980?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as


type specificity (see Materials and Methods). Because recall
primarily focuses on true positives, Cohen’s Kappa provide a
complementary metric by reflecting overall agreement across
all classes while accounts for probability attributable to random
chance.35 As a pilot test, we performed deconvolution on
RNA-seq data. Across all methods and cancer types, TPM at
the linear scale consistently outperformed log2 scale (median
recall rate, MRR: 69.2% vs 0.009%, p < 0.001, Wilcoxon rank-
sum test), aligning with previous findings18 and confirming the
utility of both metrics for deconvolution evaluation (Figure
3C).
Overall, the LSR-based deconvolution methods showed

better data compatibility and similar performance across
different cancer and cell type combinations (≥81% pairwise
overlap of recall rank-based results across all three tools; p <
0.001, Fisher’s Exact test; Supplementary Figure 2A), thus
providing robust results for evaluating different data formats.
First, TMT log2 intensity, a format widely used for recent
CPTAC proteomics quantification,14 exhibited poor perform-
ance and could identify few or no reference cell-type-specific
proteins across all deconvolution tools (MRR < 5%). The log2
inverse by the “inverse”-transformation could effectively
address this issue (MRR 71.9%) and is the second-best data
transformation method for this data type, although the wide
range of the values was not compatible with bMIND. The best
deconvolution suitability was achieved by the ‘min-score’
transformation for both LSF-based methods (MRR 79.1%)
and bMIND (MRR 28.6%) (Figure 3D,E).

The TMT log2 ratio, also widely used, was incompatible
with deconvolution due to the presence of negative values.
Among transformation methods, the “inverse” transformation
yielded the best performance with LSR-based tools (MRR
76.6%), while the “tanh” transformation performed best with
bMIND (MRR 66.8%). For label-free MS proteomics, original
spectral counts showed inherent suitability for deconvolution
(MRR 76.9%), and the “min-score” transformations further
improving performance (MRR 81.6%). Similar to TMT log2
intensity, label-free log2 intensity was unsuitable for
deconvolution but could be improved by “inverse” or “min-
score” transformations (MRR 60.5% and 63.2%, respectively)
(Figure 3D,E).
Evaluation using Cohen’s kappa yielded conclusions

consistent with those from recall rates, with a Pearson’s
correlation of 0.96 between the two metrics (p < 2.2 × 10−16).
For example, the median kappa value for deconvolution using
TMT log2 intensity was 0.03, compared to 0.68 after “min-
score” transformation (p < 0.01, Wilcoxon rank-sum test).
Recall rate comparisons for different transformation methods
were consistent across individual cell types (≥75% pairwise
overlap of recall rank-based results; p < 0.001, Fisher’s Exact
test, Supplementary Figure 2B). Collectively, these results
indicate that specific transformations are required for optimal
deconvolution performance on different proteomics data
formats, and that some transformations, such as “min-score”,
are broadly applicable across deconvolution algorithms.

Figure 4. Performance evaluation using cancer-specific cell-type-specific protein markers. (A) Boxplots showing recall rates (top) of cancer-specific
marker proteins, ranks of recall rates (middle), and Cohen’s kappa values (bottom) resulting from LSR-based deconvolution using different
proteomics data formats. For each proteomic data format, metrics were collected across various deconvolution methods, cancer types, and cell
types. (B) Same as (A), but results were generated from bMIND using compatible data formats. Asterisks denote significantly superior performance
(*p < 0.01, Wilcoxon rank-sum test and median recall rate difference >0.2) for the indicated group relative to the lowest-performing group. LF,
label free; SC, spectral count.
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Performance Evaluation Using Cancer-Specific Reference
Proteins

To strengthen the evidence derived from general cell-type-
specific proteins, we investigated whether the same conclusions
would hold if reference proteins were identified in a cancer-
specific manner. We hypothesized that a protein specific to a
particular cell type in a given cancer sample would have its bulk
expression primarily driven by the proportion of that cell type.
Accordingly, for each cancer type, we selected cell-type-specific
reference proteins whose expression strongly correlated with
the corresponding cell type proportion (see Materials and
Methods). Interestingly, a substantial number of cancer-
specific reference proteins remain after we remove the overlap
with the general reference (median number: epithelial 43,
immune 80, stromal 106; Supplementary Table 2), suggesting
their involvement in cancer-specific biological processes. We
then investigated whether the deconvolution results could
recapitulate these marker proteins.
Most quantification formats and transformation methods

exhibited performance consistent with our previous findings
using general cell-type-specific proteins (Figure 4A,B). For
TMT log2 intensity, the deconvolution using “min-score”-
transformed or “inverse”-transformed data formats achieved
the best and second-best performance across all deconvolution
methods (MRR 98.4% and 81.0%, respectively). For the TMT
log2 ratio, the “inverse” transformation performed best with
LSR-based methods, while “tanh” was best for bMIND (MRR
100% and 99.5%, respectively). For label-free spectral counts,
the min-score-transformed data and original count data

achieved the top two performances (MRR 91.2% and 90.1%,
respectively). Finally, for label-free log2 intensity, trans-
formation by “min-score” or “inverse log2” was required for
optimal deconvolution (MRR 94.4% and 88.9%, respectively).
Coefficient of Variation as an Indicator of Deconvolution
Suitability

Given the diverse formats for proteomic data quantification, we
investigated if there is a straightforward statistical metric that
could indicate a dataset’s suitability for deconvolution. We
evaluated several descriptive metrics derived from large-scale
omics data to assess their ability to distinguish high-performing
quantification formats (or transformation methods) from less
effective ones.
Among all the statistical descriptors examined, including

variance, coefficient of variation (CV), distribution skewness,
and median absolute deviation (MAD), only the CV
consistently exhibited a clear monotonic relationship with
deconvolution performance (p < 0.05, Jonckheere’s trend test).
Higher CV ranges were strongly associated with better
suitability for deconvolving cell-type-specific proteins (Figure
5A−C and Supplementary Figure 3). For instance, in the TMT
intensity-based proteomics, the distribution range was greatest
for the “min-score”-transformed data and was reduced in data
formats with lower deconvolution suitability (Figure 5A,B). In
comparison, the MAD values displayed similar ranges for “min-
score”-, “quantile”-transformed data and the original data
despite substantial differences in their deconvolution perform-
ance (Supplementary Figure 3B). Moreover, CV was higher in
the linear RNA format (TPM) than in the log2 scale,

Figure 5. Association between coefficient of variation and deconvolution performance. Coefficient of variation (CV) distributions for different
proteomics data formats in ccRCC using TMT intensity and TMT ratios (A), PDAC using TMT intensity and TMT ratios (B), and CRC using
label-free intensity and spectral counts (C). Within each panel, data formats are ordered from top to bottom according to their performance in
LSR-based methods. P-values were calculated using Jonckheere’s trend test to assess the monotonic association between higher CV and better
performance ranking. For comparison, CV distributions of transcript-per-million (TPM) and log2-transformed TPM RNA-seq data are included as
references in each cancer cohort. LF, label free; SC, spectral count.
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supporting its role in identifying the linear RNA format as
more suitable for deconvolution (Figure 5A−C). The only
partial exception was with the label-free spectral count data,
where the “min-max”-transformed format had the largest CV
distribution yet slightly lower median recall rate than ‘min-
score’-transformed format (Figure 5C). Nonetheless, the “min-
max” still ranked among the top-performing methods for label-
free proteomics, and the “min-score”-transformed format also
exhibited a higher CV distribution compared to all other
formats.
Taken together, our results suggest that normalized data

variation across samples, which reflects biological hetero-
geneity in underlying tumor composition and captured by CV,
is a critical property enabling effective second-phase
deconvolution.

An R Package to Evaluate and Optimize Proteomic Data
Deconvolution

Our results showed that while methods like “min-score”
achieved top performance across multiple datasets, no single
data transformation method can be universally applied to all
proteomics data formats. To enable data deconvolution with
customized data transformations, we developed an R package,
“proTransDeconv”, which implements the aforementioned
data transformation, deconvolution, and evaluation function-
alities for proteomic data to identify cell-type-specific proteins.
The input for proTransDeconv consists of large-cohort
proteomic data and a corresponding cell proportion matrix.
The package performs optimal data transformations to
enhance deconvolution performance and generates evaluation
results based on general and cancer-specific recall rates
(Supplementary Figure 4). proTransDeconv is released

Figure 6. Protein-level deconvolution provides insights into PDAC subtyping. (A) Distribution of C-index values for cell-type-specific marker
proteins identified by deconvolution. Numbers at the bottom indicate the counts of favorable (green) and adverse (red) prognostic protein markers
for each cell type. (B and C) Top ten KEGG pathways enriched for stromal marker proteins associated with favorable (B) and adverse (C)
prognoses. (D) Cell-type-specific protein expression profiles for the stromal marker proteins COL5A2 (left) and TNS1 (right). (E and F) Kaplan−
Meier survival curves for patients stratified by median protein expression levels of COL5A2 (E) and TNS1 (F).
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under an MIT license and is freely available at https://github.
com/HuangLabAtUAB/ProTransDeconv.
Cell-Type-Specific Protein Expression Sheds Novel Light
on PDAC Subtyping

As proteins serve as major biomarkers and drug targets,
understanding cell-type-specific protein expression has sig-
nificant clinical value. Here, we present a case study using our
optimized proteomic deconvolution methods to clarify the
molecular subtyping of PDAC, focusing on two controversial
issues. First, early studies identified an exocrine/endocrine-like
subtype,36 which some later studies dismissed as resulting from
normal tissue contamination during cancer dissection.37

Consequently, it remains unclear whether the abundance of
exocrine/endocrine tissue and the definition of this subtype are
clinically meaningful. Second, while stromal cells have been
generally considered as a pro-tumor and antitreatment
component,38 a recent study identified a group of PDAC
tumors characterized by high expression of specific endothelial
cell (a stromal component cell group) marker genes also
showed high immune cell infiltration and better survival,
highlighting the need for a deeper understanding of stromal
cell subsets.10

Using the large-scale data generated from the CPTAC
PDAC cohort,10 we first inferred proportions for four cell types
(i.e., cancer epithelial, immune, exocrine and endocrine, and
stromal) from methylation data with EDec (see Materials and
Methods). Next, we performed proteomics deconvolution to
identify cell-type-specific protein markers using the “min-
score”-transformed TMT log2 intensity, which we determined
to be optimal for this cancer type. Compared to the other
categories of cell-type specificity, the expression of endocrine/
exocrine cell markers was associated with a significantly lower
C-index (p < 0.001, Wilcoxon rank-sum test), indicating a
trend toward a favorable prognosis (Figure 6A). Moreover,
among proteins with significant prognostic value (log-rank test
p < 0.05), most endocrine/exocrine cell markers (17/20) were
associated with better survival outcomes (p < 0.05, Fisher’s
exact test). These results suggest that the presence of
endocrine/exocrine tissues indicates a less malignant tumor
state, rather than merely reflecting sample contamination
during cancer dissection.
In parallel, we identified both adverse (61/104) and

favorable (43/104) prognostic markers among stromal
proteins, indicating that heterogeneous stromal components
contribute to the tumor microenvironment (Figure 6A and
Supplementary Table 3). Pathway enrichment analysis further
revealed two groups of stromal markers associated with distinct
functional categories. The adverse (“bad”) stromal proteins
were linked to extracellular matrix (ECM) and proteoglycan
activities, which are hallmarks of malignant cancer-associated
fibroblasts (CAFs) and known to promote tumor growth and
metastasis39 (Figure 6B). Conversely, the favorable (“good”)
stromal markers were associated with smooth muscle activities,
reflecting normal pancreatic tissue composition40 (Figure 6C).
This finding reinforces our previous hypothesis that a
diminished normal stromal component is associated with
tumor progression.10 Two representative proteins from these
distinct stromal functional categories are COL5A2, a collagen
involved in ECM remodeling,41 and TNS1, an actin-binding
protein involved in muscle contractility.42 Both are highly and
specifically expressed in stromal cells, with levels more than
fourfold greater than in any other cell type (Figure 6D).

Despite this shared expression pattern, they have opposite
associations with patient prognosis: higher COL5A2 expres-
sion is associated with poor survival (Figure 6E), whereas
higher TNS1 expression corresponds to favorable survival
(Figure 6F).
Thus, cell-type-specific protein expression provides a more

detailed understanding of the functional roles of endocrine/
exocrine tissue and distinct stromal functions, collectively
enhancing PDAC subtyping to improve precision oncology
and guide the development of targeted therapies.

■ DISCUSSION
Although omics data deconvolution approaches have been
developed for over a decade, few have been tested or applied in
the proteomics field. This gap represents an urgent, unmet
need for three reasons. First, because proteins are major
diagnostic markers and druggable targets, a cell-type-specific
understanding has great translational value. Second, from a
technical perspective, achieving a cell-type-specific under-
standing of proteins relies on deconvolution even more than
it does for RNA. While single-cell proteomics has emerged as a
powerful technique, its coverage is limited to hundreds of
proteins�far fewer than scRNA-seq�and thus falls short of
comprehensive profiling.6 Moreover, the high demands of
sample processing and experimental costs make single-cell
proteomics currently impractical for large-cohort patient
studies. Finally, protein-level deconvolution is essential to
maximize the value of existing large-scale proteogenomics data
through secondary analysis. Leveraging multiomics integration
and clinical data association, data mining of TCGA genomics
and transcriptomics data has proven invaluable for prioritizing
druggable targets and generating mechanistic hypotheses, even
though scRNA-seq analysis has become routine for small-
cohort studies.15 Likewise, similar analytical approaches are
now being applied to proteogenomics datasets, which will
make lasting contributions to cancer research.14,43 The cell-
type-specific protein expression profiles derived from decon-
volution would enhance the resolution of protein-level analyses
and increase the scientific value of large public proteomics
datasets, as demonstrated in our case study uncovering stromal
heterogeneity in PDAC.
The challenge of MS proteomics data normalization and

harmonization lies in the diverse data quantification formats
resulting from different MS experimental techniques and data
processing workflows. We reported that the selection and
optimization of proteomics data formats are key factors for
optimal deconvolution. Similar to previous studies on RNA-
seq, the inverse log2 transformation of the TMT MS1 log2
intensity can improve deconvolution performance. However,
due to its wide range, the inverse intensity is incompatible with
bMIND. On the other hand, the MS2 log2 ratio required only
a value shift to overcome negative values for the
deconvolution, although its log-inverse can add additional
improvement. Moreover, of all the methods tested, our novel
“min-score” was the most effective approach for optimizing
MS1 log2 intensity data for deconvolution, and it also showed
improvement for MS2 log2 ratio data.
For label-free MS proteomics, spectral count achieved

optimal performance in its original format. Notably, previous
studies suggest that MS1 intensity is superior for quantifying
protein abundance and is more robust against random ion
exclusion in label-free MS.44 Our results suggest that besides
quantification accuracy, the data format (e.g., data range and
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linearity) is a more critical factor for deconvolution perform-
ance. Compared to intensity data, MS2 spectral count is more
similar to RNA-seq, as both use count as the basic
quantification unit. Thus, spectral count preserves a linearity
that is beneficial for deconvolution algorithms.
We provided evidence that the deconvolution suitability for

each proteomics data format is consistent among different
deconvolution methods, reinforcing the importance role of the
data’s inherent properties. By examining possible metrics
reflecting data properties, we further identified that the
coefficient of variation (CV) can serve as a valuable indicator
for evaluating deconvolution suitability, which was also
validated in RNA-seq data.
To maximize the translational impact of our study, we

developed proTransDeconv, an R package that provides a
streamlined pipeline for proteomics data deconvolution with
functions for transformation, deconvolution, and evaluation
functionalities. Applying this tool to the CPTAC PDAC
cohort,10 we demonstrated that cell-type-specific protein
markers offer a new layer of insights into tumor subtypes
previously defined only by bulk gene expression. Furthermore,
our tool can be used to perform a pan-cancer characterization
of cell-type-specific protein expression, which would reveal
how a tumor’s anatomic location impacts its intrinsic biology
and microenvironment at the protein level.
Our study has several limitations. First, we did not include

all proteomics data formats, such as those used in Stable
Isotope Labeling by Amino Acids in Cell Culture (SILAC) or
specialized data-independent acquisition (DIA) proteomics.
SILAC is not suitable for studying patient tissues, and DIA
proteomics has not yet been widely applied in large-cohort
cancer studies. Second, our cell-type-specific evaluation was
limited to the cohort level rather than the sample level. This
limitation stems from the scarcity of deconvolution approaches
capable of achieving sample-level resolution, possibility due to
their limited accuracy. We anticipate that similar evaluation
designs could be applied to sample-level cell-type-specific
protein analysis once these algorithms become widely adopted.
Third, the deconvolution pipeline used in this study requires
additional data modalities (e.g., DNA methylation, WES, or
RNA-seq) to infer the tumor composition, which may restrict
its application in studies lacking these data types. Nonetheless,
it is readily implementable in large-scale consortia such as
CPTAC and ICPC, where multiomics data are routinely
generated. Moreover, with the increasing prevalence of
multiomics profiling in future cohorts, this requirement is
expected to become less restrictive.
In summary, our study evaluated the suitability of

deconvolution for diverse MS proteomics data formats and
provided insights for selecting or optimizing MS data to study
cell-type-specific protein abundance.
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