
R E S E A R C H Open Access

© The Author(s) 2025. Open Access  This article is licensed under a Creative Commons Attribution-NonCommercial-NoDerivatives 4.0 
International License, which permits any non-commercial use, sharing, distribution and reproduction in any medium or format, as long as you 
give appropriate credit to the original author(s) and the source, provide a link to the Creative Commons licence, and indicate if you modified the 
licensed material. You do not have permission under this licence to share adapted material derived from this article or parts of it. The images or 
other third party material in this article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the 
material. If material is not included in the article’s Creative Commons licence and your intended use is not permitted by statutory regulation or 
exceeds the permitted use, you will need to obtain permission directly from the copyright holder. To view a copy of this licence, visit ​h​t​t​p​​:​/​/​​c​r​e​a​​t​i​​
v​e​c​​o​m​m​​o​n​s​.​​o​r​​g​/​l​​i​c​e​​n​s​e​s​​/​b​​y​-​n​c​-​n​d​/​4​.​0​/.

Zou et al. Clinical Proteomics            (2026) 23:2 
https://doi.org/10.1186/s12014-025-09572-2

Clinical Proteomics

†Xun Zou and Lulu Wang these authors contribute equally.

*Correspondence:
Linhui Zhai
zhailinhui@tongji.edu.cn
1College of Pharmacy, Jiangsu Ocean University, Lianyungang 222000, 
Jiangsu, China

2School of Chinese Materia Medica, School of Pharmacy, Nanjing 
University of Chinese Medicine, Nanjing, Jiangsu, China
3State Key Laboratory of Drug Research, Shanghai Institute of Materia 
Medica, Chinese Academy of Sciences, Shanghai 201203, China
4Translational Research Institute of Brain and Brain-Like Intelligence, 
School of Medicine, Shanghai Fourth Peoples Hospital, Tongji University, 
Shanghai 200434, China

Abstract
Data-Dependent Acquisition (DDA) and Data-Independent Acquisition (DIA) are widely used in MS-based 
proteomics. However, a comprehensive evaluation of their data characteristics—including protein and peptide 
identification, differential expression analysis, and the performance in revealing biological insights—remains lacking. 
In this study, we conducted a systematic comparison of DDA and DIA across three model sample types: one 
disease model, two drug-treated models, and their respective controls. Our analysis extended beyond conventional 
metrics such as total protein and peptide counts, precision, and accuracy, to include data completeness, detection 
of positive control markers, reproducibility, functional annotation reliability, and sources of methodological 
variation. The results demonstrated that DIA outperformed DDA in terms of protein identification (disease group: 
7,735 vs. 5,067; drug-treated group 1: 7,987 vs. 4,605), quantitative coverage (average quantifiable protein ratio: DIA 
98–99% vs. DDA 95–96%), and reproducibility (intragroup correlation coefficients: DIA > 0.98 vs. DDA 0.93–0.98). 
We also found DIA exhibited lower variability (intragroup CV < 10% vs. > 15% for DDA) and improved accuracy for 
low-abundance and housekeeping proteins. Additionally, the functional enrichment analyses further revealed DIA’s 
superior capability in detecting pathway activation. Finally, discrepancies between DIA and DDA were primarily 
attributed to proteins identified with ≤ 5 peptides, the exclusion of single-peptide proteins enhanced overall data 
quality. Overall, this study systematically assess the overall capabilities of DDA and DIA approaches in uncovering 
biologically relevant findings and driving mechanistic insights within authentic pharmacological and disease 
models, thereby offering practical guidance for methodological choices in future research.
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Introduction
In the post-genomic era, proteomics research has 
become essential for unraveling the complexities of life 
processes. Mass spectrometry (MS), due to its high-
throughput capability and high accuracy in molecular 
mass detection, has emerged as the core technology for 
systematically addressing the complexity of the proteome 
[1]. A typical MS-based shotgun proteomics workflow 
includes protein extraction, enzymatic digestion into 
peptides, separation of peptides via liquid chromatogra-
phy (LC), detection by MS, and subsequent bioinformat-
ics analysis [2, 3]. Data-Dependent Acquisition (DDA) 
and Data-Independent Acquisition (DIA) are two widely 
used strategies in MS-based proteomics analysis. In the 
DDA approach, the MS detection begins with a primary 
mass spectrometry scan (MS1) to acquire m/z and abun-
dance information. Then the specific precursor ions are 
selected for fragmentation (e.g., via Collision-Induced 
Dissociation, CID; Higher-energy collisional dissociation, 
HCD; Electron transfer dissociation, ETD), generating 
the MS/MS mass spectra (MS2), which facilitate peptide 
identification, and quantification [4, 5]. DDA has been 
widely adopted in discovery proteomics, protein iden-
tification, protein interactomics studies due to its high 
throughput capabilities. However, the stochastic nature 
of precursor ion selection in DDA leads to insufficient 
detection of low-abundance ions and reduced the repro-
ducibility [6, 7].

To overcome the limitations of DDA, DIA has been 
developed and also widely adopted in large-scale cohort 
studies, clinical proteomics, biomarker discovery and 
validation, as well as in studies requiring highly repro-
ducible quantification [8, 9]. DIA eliminates the need for 
precursor ion selection by utilizing fixed or dynamically 
cycling isolation windows [10], thereby systematically 
fragmenting all precursor ions within each window. This 
unbiased acquisition strategy improves data complete-
ness, and reproducibility [11, 12].

With the continuous advancement of the DIA data 
analysis algorithms, DIA has exhibited superior efficiency 
in mass spectrometry identification compared to DDA. 
Consequently, its application has become increasingly 
widespread across various research fields. In recent years, 
numerous comparative studies for evaluating DDA versus 
DIA have been reported, particularly in fields demanding 
deep coverage and high-precision quantification, such as 
clinical sample analysis [13, 14]. For example, in studies 
using FFPE clinical samples, comparisons between the 
two methods in terms of quantitative completeness and 
depth, workflow applicability and robustness, and ability 
to quantify low-abundance proteins strongly favored DIA 
over DDA in this specific application scenario. In host–
pathogen interaction research [15], results indicated that 
the DIA-PASEF approach significantly outperformed 

DDA-PASEF in nearly all aspects, particularly in identi-
fication depth, detection capability for low-abundance 
proteins, and quantitative accuracy, providing substantial 
advantages in complex host–pathogen systems. Similarly, 
in drug mechanism exploration [16], comparisons cov-
ered aspects such as identification depth, quantitative 
completeness (missing values), detection of antimicro-
bial peptides, and quantitative reproducibility. In cancer 
research [17], evaluations included identification and 
quantitative coverage, data completeness, quantitative 
precision, biological discovery capability, and method-
ological flexibility. For complex tissue profiling [16, 18], 
studies compared identification capability, sensitivity, 
detection and quantification limits, and data integrity. In 
the model microbiome, analyses were compared in terms 
of identification depth (number of proteins/peptides), 
data reproducibility, quantitative accuracy, and false dis-
covery rate [19, 20]. Additionally, in the field of phospho-
proteomics, a key area within functional proteomics, the 
comparative evaluation of DDA and DIA methodologies 
has attracted considerable attention [21]. These studies 
aim to assess the suitability of each approach for specific 
scientific questions or sample types, typically focusing on 
key performance indicators such as identification depth, 
quantitative precision, and accuracy [22, 23]. The major-
ity of these reports emphasize the advantages of DIA 
over DDA in terms of the number of identified proteins 
and their contributions to uncovering critical biological 
insights. However, comprehensive comparative analy-
ses based on label-free DDA and DIA remain limited. A 
systematic and in-depth evaluation of the data charac-
teristics of both strategies-including features of identi-
fied proteins and peptides, differential protein expression 
analysis, and the capacity to reveal meaningful biological 
information-is still lacking. This gap, to some extent, hin-
ders a more thorough understanding of the distinct data 
profiles associated with these two acquisition strategies.

In this study, we aim to systematically assess the over-
all capabilities of DDA and DIA approaches in uncover-
ing biologically relevant findings and driving mechanistic 
insights within authentic pharmacological and disease 
models, thereby offering practical guidance for meth-
odological choices in future research. We conducted 
systematic DDA and DIA comparative analyses using 
three distinct model sample types. Specifically, one dis-
ease model and two drug-treated model-followed by a 
comprehensive multi-dimensional evaluation. Our ana-
lytical framework extends beyond conventional metrics 
such as total protein and peptide counts, precision, and 
accuracy, incorporating assessments of data complete-
ness, accuracy in detecting positive control markers, 
reproducibility, reliability of functional annotations, and 
the identification of sources contributing to method-
ological discrepancies. This holistic profiling approach 
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aims to provide deeper and more actionable insights for 
selecting optimal data acquisition strategies, particularly 
in complex studies requiring deep proteomic coverage, 
highly reproducible quantification, and robust biological 
discoveries.

Methods
Instruments and reagents
The Vanquish Neo UHPLC system coupled to an Orbi-
trap Exploris 480 mass spectrometer, as well as a Speed-
Vac Concentrator and a centrifuge, were purchased from 
Thermo Fisher Scientific (MA, USA). An electrother-
mal incubator was purchased from Shanzhi Equipment 
(Shanghai, China).

Hep G2 (Human Hepatocarcinoma Cells) and HeLa 
cells were purchased from ATCC. DMEM medium was 
from Invitrogen (USA). Urea, ammonium bicarbonate 
(NH4HCO3, HPLC grade), cysteine (97%), trifluoroace-
tic acid (TFA, HPLC grade), and formic acid (FA, MS 
grade) were purchased from Sigma-Aldrich (Germany). 
Protease inhibitors were from Roche (Switzerland). 
Dithiothreitol (DTT, 99%) and iodoacetamide (IAA, 
98%) were purchased from Acros Organics (Belgium). 
The Enhanced BCA Protein Concentration Assay Kit 
was purchased from Beyotime Biotechnology (Jiangsu, 
China). MS-grade acetonitrile and water were purchased 
from Thermo Fisher Scientific (USA). MS-grade trypsin 
was purchased from Hualishi Scientific (Beijing, China). 
SepPak tC18 cartridges were purchased from Waters 
(Milford, MA, USA).

Cell culture and model construction
Cell culture
Hep G2 and HeLa cells were cultured in Dulbecco’s mod-
ified Eagle’s medium (DMEM, Invitrogen) supplemented 
with 10% fetal bovine serum (FBS, Invitrogen) and 100 
units/mL penicillin–streptomycin (Hyclone) at 37  °C 
under 5% CO2.

Drug-treated model
Upon reaching 80–90% confluency, HepG2 cell were 
treated with either 100  ng/ml Interferon α−2a (Model 
Group 1) or 100 ng/ml Interferon λ1 (Model Group 2) in 
fresh medium, while control cells received medium lack-
ing interferons. All groups were cultured under standard 
conditions (37 °C, 5% CO₂) for 12 h to establish treatment 
effects. Following incubation, the medium was discarded, 
and cells were washed twice with ice-cold phosphate-
buffered saline (PBS) to prepare the interferon-treated 
and control proteomes. Three independent biological 
replicates were prepared for each group (M1, M2, and 
control) to ensure statistical reliability, with each repli-
cate originating from separate cell culture passages.

Disease model
After reaching 80–90% confluency, HeLa cells were 
exposed to ionizing radiation (IR) with a total dose of 
10  Gy. Culture medium was replaced with fresh com-
plete medium 1  h prior to irradiation. Post-irradiation, 
cells were returned to the incubator (37 °C, 5% CO₂) for a 
recovery period of 1 h to establish the injury phenotype. 
After discarding the medium, cells were washed twice 
with ice-cold phosphate-buffered saline (PBS) to prepare 
IR-treated and control proteomes. Two biological repli-
cates were generated per condition, with each replicate 
originating from independent cell passages.

Protein extraction and digestion
Lysis buffer (8  M urea, 100  mM NH4HCO3, pH 8.0, 
2 × phosSTOP phosphatase inhibitor (Roche), 1  mM 
PMSF, 10 mM NaF, 1:100 Phosphatase Inhibitor Cocktail 
2, 1:100 Phosphatase Inhibitor Cocktail 3) was added to 
washed cells. Cells were scraped off, and the suspension 
transferred to tubes for lysis. Samples were sonicated 
on ice (4  min, 2  s on/5  s off, 30% power), centrifuged 
(21,300 g, 15 min, 4 °C). Supernatants (protein mixtures) 
were collected; concentration was determined using a 
BCA kit (Beyotime).

Protein samples were reduced with 5 mM DTT (56 °C, 
30 min), alkylated with 15 mM IAA (room temperature, 
dark, 30  min), and the reaction quenched with 30  mM 
cysteine (room temperature, 30 min).

Urea concentration was diluted five-fold using 100 mM 
NH4HCO3 prior to digestion. Samples were digested with 
MS-grade trypsin (1:50 w/w enzyme-to-protein) at 37 °C, 
pH 8.0 for 16 h. Digested peptides underwent C18-based 
solid-phase extraction (SepPak cartridges) and were 
dried by SpeedVac.

Liquid chromatography and mass spectrometry
The mass spectrometry analysis was performed on an 
Orbitrap Exploris 480 mass spectrometer (Thermo Fisher 
Scientific) equipped with Nanospray Flex ion source and 
coupled to Vanquish Neo UHPLC system (Thermo Fisher 
Scientific). All desalted peptide samples were loaded onto 
a homemade C18 analytical column (25 cm,75 μm Inner 
Diameter, 1.9  μm Dr. Maisch C18 particles) and then 
separated on it. The analytical column was maintained at 
60  °C using a column oven, with inter-run equilibration 
performed using solvent A (0.1% formic acid in water).

Regarding the Data dependent acquisition (DDA) 
detection mode, the 60-min gradient method was used 
for the drug-treated groups and the 120-min gradient 
method was used for the disease model group, the liquid 
chromatographic separation gradient and scan param-
eters were set as followed:
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1)	 90 min: 0 to 2% solvent B (0.1% FA in 90% ACN) 
for 1 min, 2 to 13% solvent B for 35 min, 13 to 
26% solvent B for 40 min, 26 to 45% solvent B 
for 5.1 min, 45 to 80% solvent B for 0.5 min, and 
maintained at 80% solvent B for 8.4 min. The flow 
rate was always set to 300 nL/min.The full-scan MS 
spectra were acquired in the Orbitrap mass analyzer 
with a resolution of 120,000 (at m/z 200), covering 
a mass range of m/z 350–1300. The RF lens was 
set to 50% with a normalized AGC target of 300%, 
and the maximum ion injection time was limited to 
25 ms. The dynamic exclusion time was set to 35 s. 
The ten most abundant precursor ions were selected 
for fragmentation. MS2 spectra were acquired in the 
Orbitrap with HCD (30%) in centroid mode with 
an isolation window = 0.8 m/z, a resolving power of 
15,000, and normalized AGC target of 50%.

2)	 120 min: 5 to 13% solvent B (0.1% FA in 90% ACN) 
for 32 min, 13 to 26% solvent B for 68 min, 26 to 
45% solvent B for 8 min, 45 to 80% solvent B for 
2 min, and maintained at 80% solvent B for 10 min. 
The flow rate was always set to 300 nL/min. The full-
scan MS spectra were acquired in the Orbitrap mass 
analyzer with a resolution of 120,000 (at m/z 200), 
covering a mass range of m/z 350–1800. The RF 
lens was set to 50% with a normalized AGC target 
of 300%, and the maximum ion injection time was 
limited to 50 ms. The dynamic exclusion time was 
set to 45 s. The time between master scans was set 
to 2 s. MS2 spectra were acquired in the Orbitrap 
with HCD (32%) in centroid mode with an isolation 
window = 2 m/z, a resolving power of 15,000.

Regarding the Data independent acquisition (DIA) detec-
tion mode, the 90-min gradient method was used for the 
drug-treated groups, and the 120-min gradient method 
was used for the disease model group, the liquid chro-
matographic separation gradient and scan parameters 
were set as followed:

1)	 90 min: 0 to 2% solvent B (0.1% FA in 90% ACN) 
for 1 min, 2 to 13% solvent B for 35 min, 13 to 
26% solvent B for 40 min, 26 to 45% solvent B 
for 5.1 min, 45 to 80% solvent B for 0.5 min, and 
maintained at 80% solvent B for 8.4 min. All master 
scan parameters remained identical to those used 
in DDA mode, except for the RF lens (30%), and 
maximum ion injection time (50 ms). From each 
MS1 scan, all possible precursor ions were selected 
for fragmentation with a 30,000 m/z resolution and 
a maximum injection time of 54 ms using Higher 
Collisional Dissociation (HCD) in the orbitrap with 
28% normalized collision energy (NCE).

2)	 120 min: 5 to 13% solvent B (0.1% FA in 90% ACN) 
for 32 min, 13 to 26% solvent B for 68 min, 26 to 
45% solvent B for 8 min, 45 to 80% solvent B for 
2 min, and maintained at 80% solvent B for 10 min. 
The flow rate was always set to 300 nL/min. All 
master scan parameters remained identical to 
those used in DDA mode, except for the RF lens 
(30%), maximum ion injection time (50 ms), and 
adjusted scan range (m/z 350–1300). From each 
MS1 scan, all possible precursor ions were selected 
for fragmentation with a 30,000 m/z resolution and 
a maximum injection time of 54 ms using Higher 
Collisional Dissociation (HCD) in the orbitrap with 
28% normalized collision energy (NCE).

Mass spectrometry data processing
For proteomic analysis, all raw files generated in DDA 
mode were searched against UniProt Human protein 
database (version: 2025–10-09, 573,661 entries, ​h​t​t​p​:​/​/​
w​w​w​.​u​n​i​p​r​o​t​.​o​r​g​​​​​) using MaxQuant (version: 2.4.14.0) 
with the following searching parameters: Trypsin/P was 
specified as cleavage enzyme allowing a maximum of 
two missing cleavages. Carbamidomethyl (C) was set as 
a fixed modification, while Oxidation (M) and Acetyla-
tion (protein N-term) were included as variable modifi-
cations. The identified peptides were required to be ≥ 7 
amino acids, only those within the 7–30 residue range 
were included in quantitative analyses. Peptide and pro-
tein identifications were filtered at a 1% false discovery 
rate (FDR). Match between runs (MBR) was enabled to 
transfer identifications across samples. The alignment 
time window and the match time window were set to 
20 min and 0.4 min, respectively.

Additionally, all raw files generated in DIA mode were 
analyzed in Spectronaut (version: 18.5.231110.55695) 
using a library-free workflow with default settings. The 
fixed modification was set as carbamidomethyl (C). The 
variable modification was set as Oxidation (M) and Acet-
ylation (protein N-term). The max variable modification 
number was set to 5. Both peptide-spectrum matches 
(PSMs) and protein-level identifications were controlled 
at a global FDR of 1%. The strategy for fragment ion 
selection was based on intensity. Quantification was per-
formed using MS2 extracted ion chromatograms (XICs) 
with the following criteria: tryptic peptide length 7–30 
residues, ≤ 2 missed cleavages, and a post-search filtering 
threshold of q-value < 0.01 (1% FDR). Cross-run normal-
ization was enabled with the normalization strategy and 
row selection both set to automatic. The quantification 
window was configured to synchronized mode to ensure 
consistent peak integration across all runs.

http://www.uniprot.org
http://www.uniprot.org
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Data preprocessing and standardization
Initial median normalization was applied to the raw 
quantitative proteomics data to eliminate systematic 
biases. Proteins with missing values (NAs) exceeding 
50% in any experimental group were removed based on 
stringent quality control criteria. For the retained protein 
dataset, missing values were imputed by random sam-
pling from a normal distribution parameterized using the 
mean and standard deviation derived from the bottom 
5% of observed values: Statistical characteristics (arith-
metic mean, μ, and standard deviation, σ) were calculated 
from the lowest 5th percentile of complete observations 
within the dataset. Missing values in the original data 
were then filled using random numbers generated from a 
normal distribution defined by these μ and σ parameters. 
This approach preserves the biological variability inher-
ent in low-abundance proteins while mitigating potential 
statistical biases introduced by over-imputation. For both 
DDA and DIA data, group means were used to calcu-
late differences, two-sample equal variance t-tests were 
applied to compute p-values, and the FDR method was 
used for multiple testing correction.

All data visualization and downstream analyses were 
performed using R (version 4.2.3), primarily leveraging 
the following bioinformatics packages: Data Visualiza-
tion: ggplot2 (v3.5.2) for generating high-quality statisti-
cal graphics; enrichplot (v1.18.4), clusterProfiler (v4.6.2), 
for visualizing enrichment analysis results. Data Manipu-
lation: dplyr (v1.1.4) for data transformation and manipu-
lation; tibble (v3.2.1) for constructing standardized data 
frames; tidyr (v1.3.1) for data tidying and reshaping.

A multi-tiered functional annotation strategy was 
employed for biological interpretation: Pathway Enrich-
ment Analysis: Gene Set Enrichment Analysis (GSEA) 
was performed using the MSigDB Hallmark gene sets 
(h.all.v2023.1.Hs.symbols.gmt) to characterize the regula-
tory pathway features of differentially abundant proteins. 
Gene Ontology (GO) Analysis: Hierarchical annotation 
for Molecular Function, Biological Process, and Cel-
lular Component was conducted using the DAVID bio-
informatics resource (https://david.ncifcrf.gov/). Kyoto 
Encyclopedia of Genes and Genomes (KEGG) Analysis: 
Topological analysis of metabolic pathways and signal 
transduction networks was performed concurrently on 
the DAVID platform. The background gene sets for all 
GO and KEGG pathway enrichment analyses consisted 
of the union of all proteins identified by each specific 
analytical method in the respective experiments. This 
approach prevents potential bias in enrichment p-values 
that could arise from differences in protein identification 
numbers across methods.

Results
Sample collection and data acquisition strategy for DIA 
and DDA
To systematically evaluate the characteristics and perfor-
mance of label-free quantification in proteomics results 
based on DDA and DIA strategies, complex models 
including a disease cell model and drug-treated cell mod-
els were established for proteome sample preparation. 
In the disease model, disease cells were exposed to IR to 
induce DNA damage repair responses, while the control 
group remained untreated. For the drug-treated models, 
cells were treated with either type I or type III interferon, 
whereas the control cells received DMSO treatment. In 
total, 16 samples were prepared, comprising one dis-
ease model (2 treatment replicates and 2 controls) and 
two drug-treated models (3 treatment replicates and 3 
controls each). After cell harvesting and collecting, the 
cell pellets were pre-washed with cold PBS buffer. Sub-
sequently, the cell pellets were then subjected to lysis, 
protein extraction, protein reduction, alkylation, and 
sequential digestion with trypsin. Equal amounts of the 
resulting peptide samples were analyzed using an Orbi-
trap Exploris 480 mass spectrometer operated in both 
DDA and DIA modes. DDA data were processed using 
MaxQuant, while DIA data were analyzed with Spectro-
naut. The identified proteins were filtered with 1% FDR at 
protein level and peptide level, with the comprehensive 
experimental workflow illustrated in Fig.  1 and detailed 
sample processing parameters and instrument configura-
tions summarized in Table 1.

Evaluation of protein-level data from the DDA and DIA 
acquisition methods
To systematically evaluate the differences and character-
istics in comprehensive performance of identified pro-
teins between DIA and DDA in proteomic analysis, we 
primarily focused on key evaluation metrics including 
identification breadth, quantification depth, reproduc-
ibility, data completeness, and precision.

We first compared the depth of protein and pep-
tide identification and quantification across each sam-
ple group (Fig.  2A). In the disease model (D), the DDA 
method identified only 5,067 proteins, with an average 
of approximately 4,800 proteins quantified per group. 
In contrast, the DIA method identified a total of 7,735 
unique proteins—nearly 50% more than with DDA. 
Moreover, with an average of approximately 7,550 pro-
teins quantified per group, the average number of iden-
tified proteins per sample was nearly 50% higher in DIA 
than in DDA. In drug-treated model 1 (M1), DDA iden-
tified only 4,605 proteins (average quantification ~ 4,450), 
whereas DIA identified 7,987 proteins (average quan-
tification ~ 7,600), demonstrating a significantly higher 
protein identification coverage than DDA. Across all 

https://david.ncifcrf.gov/
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experimental models, the number of proteins identified 
by DIA consistently exceeded that identified by DDA. On 
average, the identification depth achieved by DIA was 
60% higher than that of DDA. These results clearly high-
light the superior performance of DIA in terms of both 
protein and peptide identification.

To evaluate the reproducibility of these two technolo-
gies, we conducted an intersection analysis to identify 
proteins consistently detected across all biological rep-
licates within each experimental group (Fig. 2B, C; S1A-
D). The results showed that, in proteomic analysis using 
DDA mode, only 95.6%, 95.4%, and 96.2% of the pro-
teins were consistently identified in all three replicates of 
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the D, M1, and M2 model groups, respectively. In con-
trast, when using DIA mode, this proportion increased 
to 99.0%, 98.2%, and 98.2%, respectively. These findings 
indicate that DIA mode offers superior consistency in 
cross-replicate protein identification. We further ana-
lyzed the distribution of missing values and fluctua-
tions in quantitative abundance across replicate samples 
obtained using different acquisition modes. Bar charts 
illustrate the distribution of missing quantitative values 
for proteins within each group (Fig. 2D). The distribution 
of missing quantitative values for the three DIA data sets 
was generally slightly lower than the corresponding DDA 
data. The data completeness rate, defined as the propor-
tion of proteins quantified across all replicates, was con-
sistently above 97% for DIA, compared with a range of 
92–96% for DDA.

Further comparative analysis was conducted on the 
quantitative results of proteins obtained by two acquisi-
tion modes. Analysis of the protein abundance distri-
bution in the experimental group (Fig.  2E–F, S1E–F) 
revealed that the average Log2 protein abundance cal-
culated by DIA was approximately 18, whereas that 
obtained by DDA was approximately 29. This significant 
difference in abundance levels is primarily attributed to 
the inherent algorithmic differences between the two 
search engines.

Correlation analysis assessing intra-group reproduc-
ibility (Fig.  2H-I, S1G-J) revealed that the pearson cor-
relation coefficients among the three biological replicates 
in the DIA mode consistently exceeded 98%, demonstrat-
ing a high level of intra-group consistency. In contrast, 
the intra-group reproducibility coefficients for the DDA 
mode ranged from 93 to 98%. This difference is likely 
attributable to the presence of missing values in the DDA 
and DIA datasets or variations in quantitative measure-
ments. The coefficient of variation (CV) analysis yielded 
the following results: 20.9% for DDA-D compared to 7.7% 
for DIA-D; 21.7% for DDA-M1 compared to 9.4% for 
DIA-M1; and 17.4% for DDA-M2 compared to 6.6% for 
DIA-M2. These findings indicate that the precision of the 
DIA method was markedly higher than that of the DDA 
method across all three experimental groups (Fig.  2G), 

suggesting that DIA technology generates lower quanti-
tative noise. In summary, through evaluation across mul-
tiple critical dimensions —including identification depth, 
quantification robustness, data completeness, reproduc-
ibility, and precision—the results demonstrate that the 
DIA mode offers significant comprehensive advantages 
over the conventional DDA mode.

Evaluation of peptide-level data from the DDA and DIA 
acquisition methods
To systematically evaluate and compare peptide identifi-
cation performance between DDA and DIA, we analyzed 
various metrics including peptide counts, length distri-
bution, sequence coverage, and charge state. In D, DIA 
identified 107,024 peptides, with an average quantifica-
tion depth of 104,500 peptides per replicate, significantly 
outperforming DDA, which identified 52,976 peptides 
on average (42,000 per replicate) (Fig.  3A). In M1, DIA 
detected 123,598 peptides (average: 118,000), compared 
to DDA’s 49,276 peptides (average: 39,500). Similarly, in 
M2, DIA identified 120,474 peptides (average: 117,000), 
whereas DDA yielded 47,747 peptides on average (aver-
age: 40,000). We found both methods predominantly 
identified peptides of approximately 7–18 amino acids 
in length (Fig.  3B). The slight difference lies in the fact 
that DIA can identify a higher proportion of short pep-
tide segments with fewer than 12 amino acids compared 
to DDA. Conversely, for longer peptide segments, DDA 
demonstrates superior identification capability. For 
example, in the identification of peptide segments lon-
ger than 12 amino acids, DIA identifies such segments 
at an average proportion of 47.7% of its total identified 
peptides, whereas DDA achieves a higher proportion of 
51.8%. These findings suggest that DDA and DIA exhibit 
distinct preferences in spectral interpretation. A plau-
sible explanation is that DIA involves the interpretation 
of mixed spectra, whereas DDA focuses on individual 
peptide spectra, making spectral interpretation in DIA 
inherently more complex than in DDA.

Our data also showed that DIA achieved higher 
sequence coverage (Fig. 3C), with approximately 2.1% of 
all identified peptides covering 76–100% of the protein 

Table 1  Instrument and sample information summary
MS2 Sample Sample process Cell line Biological repetition MS instrument loading amount (ug) Gradient
DDA Disease model IR illumination HeLa 2 Orbitrap exploris 480 4 120 min

Drug-treated model IFNα-2a:
100 ng/mL

HepG2 3 4 90 min

IFNλ1:
100 ng/mL

HepG2 3 4 90 min

DIA Disease model IR illumination HeLa 2 4 120 min
Drug-treated model IFNα-2a:

100 ng/mL
HepG2 3 4 90 min

IFNλ1:
100 ng/mL

HepG2 3 4 90 min
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sequences (compared to ~ 1.1% in DDA), and approxi-
mately 21.1% covering 50–75% (compared to 11.8% 
in DDA). These results indicate that DIA achieved 
higher protein sequence coverage compared to DDA. 

Charge state analysis revealed that DIA was enriched in 
3 + charged peptides, while DDA showed a preference for 
2 + charged peptides (Fig. 3D). Interestingly, in the DDA 
data, almost no + 1 charged ions were detected, whereas 

Fig. 2  Evaluation of Protein-Level Data from the Two Acquisition Methods. (A) Qualitative (identified) and quantitative (quantified) protein data per 
replicate group across the three models. (B-C) Reproducibility visualization for DIA and DDA data in M1 group. DIA achieved a reproducible identification 
rate of 98.2%, compared to 95.4% for DDA. (D) Distribution of missing values for DIA and DDA data across the three models. Color key: Green = No missing 
values (present in all 3 replicates), Purple = Missing in 1 replicate, Yellow = Missing in 2 replicates, Light purple = Missing in all 3 replicates. (E–F) Abundance 
distribution of identified proteins for DIA and DDA data in M1 group. (G) Precision (Coefficient of Variation, CV) for DIA and DDA data across the three 
models (y-axis: CV%). (H-I) Intra-group correlation analysis (Spearman) for M1 group
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a small percentage of + 1 ions were observed in the DIA 
data. This difference can be attributed to the distinct 
mass spectrometry detection parameters employed in 
DDA and DIA. Specifically, DDA typically excludes + 1 
charged ions from secondary fragmentation, while DIA 
fragments all ions within a defined isolation window, 
regardless of their charge state. Furthermore, we analyzed 

the reproducibility of peptide identification at the pep-
tide level. The results indicated that, on average, over 
92% of peptides could be consistently identified in DIA 
data, whereas less than 77% were consistently identified 
in DDA data (Fig.  3E). These findings align with those 
observed in protein identification and further demon-
strate that DIA technology offers higher reproducibility 

Fig. 3  Evaluation of Peptide-Level Data from the Two Acquisition Methods. (A) Qualitative (identified) and quantitative (quantified) peptide data per 
replicate group across the three models. (B) Distribution analysis of peptide length for DIA and DDA data across the three models. (C) Distribution analysis 
of sequence coverage proportion for DIA and DDA data across the three models. (D) Distribution analysis of peptide charge state for DIA and DDA data 
across the three models. (E) Distribution of missing values for DIA and DDA data across the three models. Color key: Green = No missing values (present 
in all 3 replicates), Purple = Missing in 1 replicate, Yellow = Missing in 2 replicates, Light purple = Missing in all 3 replicates
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and reduced randomness in identifying proteins or 
peptides.

Comparative analysis of biological features across 
proteomics data using DDA and DIA
To systematically evaluate the differences between 
DDA and DIA modes in terms of quantitative accuracy 
and the effectiveness in identifying positively differen-
tially expressed proteins, as well as to uncover underly-
ing pathways and biological characteristics associated 
with these differences, we first screened for differentially 
expressed proteins (DEPs) between the disease model vs. 
control or drug-treated vs. control cells using stringent 
criteria: Benjamini–Hochberg adjusted p-value < 0.05 and 
fold-change (FC) > 1.5 (upregulated) or < 0.667 (down-
regulated). Volcano plots illustrating the DEPs depict the 
differential expression patterns across the three groups 
(Fig.  4A). In the D group, DIA detected 52 significantly 
upregulated and 57 significantly downregulated pro-
teins, while DDA identified significantly more DEPs (160 
upregulated and 100 downregulated). In M1, the DIA 
method identified 275 significantly upregulated and 319 
significantly downregulated proteins, whereas the DDA 
mode identified 283 upregulated and 190 downregulated 
proteins. In M2, DIA identified 162 upregulated and 156 
downregulated proteins, compared to 186 upregulated 
and 194 downregulated proteins identified by DDA.

Additionally, a heatmap clustering analysis of three 
model datasets was performed to visualize the global 
expression patterns and identify coherent protein clus-
ters with similar regulation profiles across experimental 
conditions (Fig. 4B, S2A). This analysis revealed distinct 
protein expression signatures specific to each treatment 
group and highlighted the consistency of biological repli-
cates within groups.

Further functional annotation was conducted and com-
pared for the differentially expressed proteins (DEPs) 
identified using DDA and DIA technologies, covering 
Gene Ontology (GO) functional enrichment and Kyoto 
Encyclopedia of Genes and Genomes (KEGG) pathway 
enrichment analyses (Fig. 4C–D, S2C–D). Notably, both 
methods successfully identified several key positive con-
trol pathways that were significantly activated following 
drug intervention, such as the "response to virus" path-
way in the GO Biological Process (BP) category for the 
IFN α−2a and IFN λ1 treated groups (M1 and M2) com-
pared to the control groups. However, when comparing 
both the number of enriched genes (Count) and the sig-
nificance level of enrichment (P-value), the results indi-
cated that DIA data demonstrated superior performance 
compared to DDA. This finding was further supported 
by Gene Set Enrichment Analysis (GSEA) (Fig. 4E-G). To 
quantitatively evaluate the extent of pathway activation, 
we constructed radar plots based on the Normalized 

Enrichment Score (NES), allowing for a comparative 
assessment of key positive control pathways across exper-
imental groups (with a larger radar plot radius reflect-
ing more pronounced pathway activation). The GSEA 
results demonstrated significant enrichment of the 
"DNA_REPAIR" pathway in the D group, the "INTER-
FERON_ALPHA_RESPONSE" pathway in the M1 group, 
and the "INTERFERON_GAMMA_RESPONSE" path-
way in the M2 group. Supplementary Figure S2D–E pres-
ents detailed GSEA plots illustrating the enrichment of 
the "INTERFERON_ALPHA_RESPONSE" pathway in 
the M1 group for both the DIA and DDA datasets. Col-
lectively, based on p-values and count values from GOBP 
and KEGG analyses, as well as NES values from GSEA, 
these findings consistently indicate that the pathway acti-
vation effects detected using the DIA mode were sub-
stantially more pronounced than those observed with the 
DDA mode.

Accuracy assessment of the DDA and DIA
To gain deeper insight into the factors contributing to the 
differences in quantitative accuracy between DDA and 
DIA modes, we analyzed the overlap of quantified pro-
teins using Venn diagrams. In the D group, only 4.0% of 
the proteins were quantified exclusively by DDA, whereas 
37.7% were quantified exclusively by DIA (Fig.  5A). A 
total of 4,586 proteins were quantified by both acquisi-
tion methods, representing 58.2% of all quantified pro-
teins. In the M1 group, 4,287 proteins (53.5%) were 
quantified commonly by both methods, with DDA-spe-
cific quantifications accounting for 3.6% and DIA-spe-
cific quantifications for 42.8% (Fig. 5B). Similarly, in the 
M2 group, 4,252 proteins (53.1%) were quantified by both 
approaches, while DDA-specific and DIA-specific quan-
tifications accounted for 3.6% and 43.3%, respectively 
(Fig. S3A). These findings align with the protein quan-
tification depth comparison presented in Fig.  2, which 
indicated that DIA achieves greater quantification depth 
compared to DDA. To further investigate the discrepan-
cies between the DDA and DIA datasets, we conducted 
correlation analyses on overlapping proteins within each 
experimental model. The results revealed that inter-
method correlation coefficients for these intersecting 
proteins across the three models ranged from 0.82 to 
0.87, which were significantly lower than the intra-group 
correlations observed within each method (Fig. S3B–D). 
A similar trend was observed at the peptide level (Fig. 
S4A–F). Principal Component Analysis (PCA) showed 
that DDA data exhibited greater variability compared to 
DIA data (Fig. 5C).

To validate the consistency in detecting positive control 
markers, we selected proteins that were commonly quan-
tified by both acquisition modes within each group and 
cross-referenced them with UniProt-curated sets of DNA 
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Fig. 4  Evaluation of Enrichment Capabilities for the Two Data Acquisition Methods. (A) Summary of differential protein analysis results for protein data 
across the three models (Significance: p < 0.05). (B) Heatmap visualization of DIA data for M1 group. (C-D) Comparison of GO Biological Process (BP) and 
KEGG pathway enrichment results between DIA and DDA data for M1 group. (E) Radar plot showing the activation levels of key positive con-trol pathways 
(INTERFERON_ALPHA_RESPONSE for M1 group, INTERFERON_GAMMA_RESPONSE for M2 group, DNA_REPAIR for D group) in DIA versus DDA data across 
the three models. (F-G) Detailed GSEA enrichment plots specifically show the regulation of the INTERFER-ON_ALPHA_RESPONSE pathway by DIA and 
DDA data in M1
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Fig. 5  Accuracy Assessment of the Two Data Acquisition Methods. (A-B) Venn diagram analysis of overlapping proteins quantified by DIA and DDA in D 
and M1. (C) PCA analysis of all samples across the three experimental model groups. (D) Quantitative analysis of fold changes in housekeeping proteins 
detected by both Data-Dependent Acquisition (DDA) and Data-Independent Acquisition (DIA) methods across the three experimental models. The dia-
gram is divided into three sectors corresponding to each model: Group D (top-left sector), Model M1 (top-right sector), and Model M2 (bottom sector). 
Consistent expression patterns of housekeeping proteins observed across methodologies underscore their potential role as internal controls. (E) Radar 
chart comparing the overall performance of DDA and DIA
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damage response proteins and interferon-stimulated 
genes (ISGs), which were used as positive controls. In 
the D model, DDA quantified 291 DNA damage response 
proteins, compared to 173 quantified by DIA. For ISG 
proteins in the M1 and M2 models, DDA quantified 40 
(M1) and 38 (M2), respectively, whereas DIA quantified 
57 in both models. A Spearman rank correlation analysis 
was then performed on these overlapping proteins. The 
results revealed a high degree of quantitative consistency 
between the two acquisition modes at the level of these 
positive markers  (Fig. S3E), indicating their comparable 
capacity to capture relevant biological signals.

In addition, housekeeping proteins are a class of cel-
lular proteins that perform essential cellular functions 
and typically exhibit stable expression levels across vari-
ous experimental conditions. Therefore, we used house-
keeping proteins as a reference to assess the consistency 
of quantification across different methods in each model. 
To further validate the quantitative accuracy of DIA and 
DDA, we analyzed the fold changes of 13 housekeeping 
proteins across all experimental groups (Fig. 5D). Nota-
bly, 12 of these proteins showed significantly reduced 
variability in the DIA dataset compared to DDA (exclud-
ing ACTB), aligning more closely with their expected 
stable expression profiles. These findings support the 
superior quantitative precision of DIA over DDA.

Based on the multi-dimensional evaluation framework 
established above—which encompasses identification 
breadth (measured by the number of identified proteins), 
data completeness (evaluated by the percentage of miss-
ing values), precision (assessed using the coefficient of 
variation, CV), quantitative accuracy (determined by fold 
changes in housekeeping proteins), positive marker iden-
tification accuracy (calculated based on the number of 
proteins overlapping with UniProt positive control sets), 
reproducibility (assessed through intra-group correla-
tion), and functional annotation reliability (evaluated via 
GO, KEGG, and GSEA analysis results)—a radar chart 
was constructed to visually compare the overall perfor-
mance of DIA and DDA approaches (Fig. 5E). The results 
indicate that, across most evaluation metrics, DIA dem-
onstrates superior performance compared to DDA.

DDA and DIA data differences concentrate in proteins 
with ≤ 5 peptides
Whether DDA or DIA is used in label-free quantification 
proteomics, the final identification and quantification 
of protein abundance fundamentally rely on the detec-
tion and quantification of the corresponding original 
peptide segments. To better understand the underlying 
reasons for the weaker inter-method correlation, we ini-
tially classified the overlapping proteins according to the 
number of peptides identified for each protein in both 
the DDA and DIA datasets. Proteins were categorized 

based on their peptide counts into the following groups: 
1, 2–5, 6–10, 11–15, 16–20, 21–25, 26–30, 31–40, 41–50, 
and > 50 peptides (Fig.  6A–B, S5A–D). Analysis of pep-
tide segment distribution revealed distinct differences 
between DIA and DDA. In DIA data, peptide coverage 
across proteins was more uniform, with most proteins 
identified by two or more peptide segments. Notably, 276 
proteins in the M1 group were identified by more than 
50 peptide segments. In contrast, DDA data exhibited 
sparse coverage: 7.0% of proteins were identified by only 
a single peptide segment, and 65.7% had fewer than 10 
segments in the M1 group, a pattern that remained con-
sistent across other models (Fig. S5A–D, S6A–F). These 
findings further demonstrate that DIA offers greater 
identification depth and improved accuracy in protein 
quantification due to its higher peptide coverage.

Subsequently, correlation analyses further validated 
these findings across protein groups defined by pep-
tide counts in both DDA and DIA (Fig. 6C). The results 
demonstrated a clear pattern: the correlation between 
DIA and DDA data improved notably as the number of 
peptides per protein increased. Specifically, when the 
number of identified peptide segments for a protein in 
DDA was fewer than 5, the correlation between the cor-
responding protein quantification in DDA and DIA was 
significantly weaker compared to proteins with a higher 
number of identified peptides. The reason for this result 
may be attributed to the relatively small number of pep-
tide segments used for protein quantification, which 
results in limited quantitative information and conse-
quently reduces the accuracy of quantification for these 
proteins.

To further investigate the impact of low peptide counts 
on protein quantification intensity, we ranked the com-
mon proteins shared across all replicates based on their 
signal intensities within each replicate group. Specifically, 
the intensities in each replicate were sorted in descend-
ing order, and the top 10% of proteins based on intensity 
were selected. Proteins that consistently appeared in this 
top 10% across all replicates were classified into the "Top 
10% Intensity" group. This process was repeated for sub-
sequent percentile intervals. Subsequently, we calculated 
the proportion of proteins from each peptide count cate-
gory within these intensity percentiles and visualized the 
results using stacked bar plots (Fig. 6D–E, S5E–H). In the 
D group, the results showed that proteins identified by 
only one peptide were predominantly found in the low-
est abundance bins. Similarly, proteins identified by 2–5 
peptides were primarily enriched in the low-abundance 
categories. In conclusion, we observed that proteins with 
fewer identified peptides in DDA datasets exhibited lim-
ited peptide-to-protein inference, resulting in lower pro-
tein abundance estimates. The relatively small number of 
peptide segments used for protein quantification, which 
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Fig. 6  DDA and DIA Data Differences Concentrate in Proteins with ≤ 5 Peptides. (A-B) Distribution of peptide counts per protein for common proteins 
identified by all models in M1, visualized for DIA (A) and DDA (B) data. (C) Correlation between DIA and DDA measurements for proteins grouped by pep-
tide count (based on DIA data(left),based on DDA data(right) across three experimental groups. (D-E) Stacked bar represent the percentage of proteins 
within different peptide count groups (≤ 1, 2–5, 6–10, > 10 peptides) across intensity percentiles (Top 10%, 10–20%, etc.) for the M1 model, using DDA 
(D) and DIA (E) data. (F) Precision analysis (CV) showing significantly lower precision for proteins identified by 1–5 peptides in both DIA and DDA data 
compared to the full intersection set
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results in limited quantitative information and conse-
quently reduces the accuracy of quantification for these 
proteins.

Precision analysis, evaluated using the coefficient of 
variation (CV), was conducted on the complete set of 
overlapping proteins and further categorized based on 
the number of peptides used for identification, with a 
specific focus on proteins identified by ≤ 5 peptides. The 
results demonstrated significant differences in variability 
between the DDA and DIA datasets. For the DDA data-
set: in the D group, the CV increased by 54.5% (from 20.9 
to 32.3); in the M1 group, the increase was 53.9%; and 
in the M2 group, it was 62.7%. For the DIA dataset: in 
the D group, the CV increased by 63.6%, while in both 
the M1 and M2 groups, the increase reached 98.9% and 
98.5%. these results indicate that the observed differ-
ences between DDA and DIA data are primarily driven 
by proteins identified using ≤ 5 peptides (Fig.  6F). This 
result further demonstrates that the Precision of protein 
quantification is influenced by the number of peptide 
segments identified through spectral matching. A lower 
number of identified peptide segments correlates with 
reduced accuracy in protein quantification.

The number of peptide segments matched by the 
quantified protein serves as a key indicator for assessing 
data quantifiability
To further elucidate the relationship between peptide 
count and the reliability of protein quantification, we 
subdivided the intersection proteins identified by ≤ 5 pep-
tides into groups based on their exact peptide counts: 1, 
2, 3, 4, 5, and > 5 (Fig. S7A–F), followed by correlation 
analysis within each group. When proteins were classi-
fied according to peptide counts derived from DDA data, 
a strong positive correlation between peptide count and 
inter-platform correlation strength was observed. Spe-
cifically, the DDA–DIA correlation coefficients increased 
progressively with increasing peptide counts. This trend 
was consistently observed across all three experimental 
models.

Protein grouping based on DIA-derived peptide counts 
revealed model-specific correlation patterns. While the 
D group preserved the peptide count-dependent corre-
lation trend observed in DDA-based grouping, the M1 
and M2 groups exhibited distinct correlation behaviors. 
Notably, proteins identified by only a single peptide con-
sistently showed the lowest DDA-DIA correlation across 
all models (Fig. 7A). Precision analysis, assessed through 
the coefficient of variation (CV), indicated that lower 
peptide counts were associated with reduced measure-
ment reproducibility (Fig.  7B), particularly for single-
peptide identifications, which significantly compromised 
data quality across all experimental systems. Given the 
substantial compromise in data quality associated with 

single-peptide identifications, we sought to evaluate the 
potential impact of removing these less reliable identifi-
cations. To this end, we performed an intersection analy-
sis with established positive control protein sets, which 
demonstrated that single-peptide proteins accounted for 
only 1% of validated positive control proteins (Fig. 7C).

Following an assessment of the impact of these pro-
teins on overall quantitative reliability, considering both 
improvements in accuracy and the potential trade-off of 
data loss, we determined that excluding proteins identi-
fied by a single peptide was beneficial. The subsequent 
removal of these proteins from both DIA and DDA data-
sets, followed by reassessment of precision, NES from 
enrichment analysis, and differential protein expression, 
consistently supported the effectiveness of this filtering 
strategy (Fig.  7D–E, S7G). In contrast, proteins identi-
fied by only two peptides made up a substantially larger 
proportion of the positive control set. To maximize the 
retention of biologically relevant data while uphold-
ing quality standards, we recommend retaining proteins 
identified by at least two peptides (Fig. S7H).

Conclusions and discussions
In proteomics research, the choice of a data acquisition 
strategy directly affects the quantitative accuracy, depth 
of coverage, and throughput of experimental results. 
DDA and DIA are two core strategies in mass spectrom-
etry and are widely used in label-free protein quantifi-
cation. However, a comprehensive comparison of the 
characteristics of label-free quantitative data generated 
by these two approaches—such as their performance in 
identifying proteins and peptides, accuracy of quantifica-
tion, and ability to support downstream biological inter-
pretation—remains lacking.

In this study, we conducted a systematic evaluation 
of DDA and DIA across three experimental models, 
including disease and drug-treated cell models, focus-
ing on the quantity and quality of protein and peptide 
identifications, the distribution of peptide charge states 
and lengths, and the effectiveness in extracting mean-
ingful biological information. Additionally, we proposed 
strategies to improve the reliability of data analysis. We 
found that DIA, which employs an unbiased acquisi-
tion strategy by systematically fragmenting all precur-
sor ions, demonstrates significantly  enhanced detection 
sensitivity  for low-abundance proteins (e.g., a 66.54% 
increase in the number of identified proteins under DIA 
compared to DDA) and significantly reduces the occur-
rence of missing quantitative values  (with less than 5% 
missing values in DIA). The high technical reproduc-
ibility of DIA (with intra-group correlation coefficients 
exceeding 98%) is attributed to its design, which involves 
cyclically repeated scanning windows that effectively 
reduce random sampling variability. Moreover, the stable 
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Fig. 7  Peptide Count as a Criterion for Assessing Data Quantifiability. (A) Correlation analysis (DIA vs. DDA) for commonly identified proteins grouped by 
exact peptide count categories (1, 2, 3, 4, 5, > 5 peptides). Left: Grouping based on peptide counts based on DIA-derived peptide counts; Right: Grouping 
based on DDA-derived peptide counts. (B) Precision (CV) values after sequentially removing proteins identified by 1 to 5 peptides in the three experimen-
tal models. (C) Proportion of single-peptide-hit positive control proteins within the total positive control protein set. (D-E) Lollipop chart quantitatively 
demonstrates the impact of single-peptide-hit proteins removal on enrichment results (NES) and precision (CV)
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quantification of housekeeping proteins achieved with 
DIA (e.g., lower coefficients of variation for 12 out of 13 
housekeeping proteins compared to DDA) further con-
firms its superior quantitative precision. Additionally, 
our findings indicate that the precision of protein quan-
tification is influenced by the number of identified pep-
tide segments. Specifically, proteins with fewer identified 
peptide segments tend to exhibit lower quantification 
accuracy. Therefore, proteins matched with only a single 
peptide segment or a limited number of peptide seg-
ments should be interpreted with caution regarding their 
quantitative reliability. To improve the overall accuracy of 
protein quantification, it is advisable to exclude such pro-
teins from further analysis.

The discrepancy in absolute protein intensities between 
DDA and DIA primarily stems from fundamental differ-
ences in their algorithmic and quantitative principles. 
However, this does not impact the downstream differen-
tial expression or GSEA analyses, as our interpretations 
rely on relative quantification values computed within 
each respective technological platform. Specifically, the 
data from each platform were independently normal-
ized, and subsequent differential analysis was based on 
fold-changes between conditions, while GSEA utilized 
ranked gene sets. Therefore, all comparisons were made 
internally within each platform, and the conclusions 
are robust against the differences in absolute intensities 
across platforms.

The advantages of DIA can be attributed to several 
key mechanisms. First, the unbiased acquisition nature 
of DIA inherently provides a wider dynamic range, cap-
turing both high and low-abundance ions. To further 
mitigate challenges like co-elution and maximize this 
advantage, experimental optimizations such as extending 
chromatographic gradients or increasing sample loading 
can be employed, thereby improving the signal-to-noise 
ratio for low-abundance peptides. Second, DIA ensures 
data completeness. Unlike methods that selectively frag-
ment precursor ions, DIA captures information from all 
ions, enabling comprehensive post-acquisition analysis. 
In contrast, DDA is prone to inherent precursor selection 
bias, which often results in the missed detection of low-
abundance peptides. Third, DIA benefits from computa-
tional algorithm optimization. Advanced software tools 
such as Spectronaut and DIA-NN employ spectral library 
matching and machine learning techniques—including 
deep learning models—to markedly enhance the accu-
racy and efficiency of DIA data interpretation.

Although DDA did not exhibit the same level of robust-
ness as DIA in this comparative analysis, it demonstrates 
superior compatibility with multiplexed labeling strate-
gies, such as Tandem Mass Tag (TMT)-based quantifica-
tion methods. TMT technology enables the simultaneous 
analysis of up to 32 samples, depending on the specific 

reagent used, within a single LC-MS2 run, thereby sig-
nificantly improving throughput and experimental effi-
ciency. This feature is particularly valuable for studies 
requiring accurate relative quantification across mul-
tiple experimental conditions—such as comparisons 
among various treatment groups, time points, doses, or 
cell lines versus controls—while effectively minimizing 
potential variations in LC retention times across samples. 
Moreover, due to its longer development history, DDA 
benefits from a more established software and database 
ecosystem, supported by widely used analytical platforms 
such as Sequest, Mascot, and MaxQuant. Additionally, in 
DDA, selected precursor ions (typically the most intense 
within a given cycle) are subjected to targeted fragmen-
tation, generating corresponding MS2 spectra, which 
enhances the accuracy of spectral interpretation. This 
characteristic is especially beneficial for the precise iden-
tification and analysis of specific proteins, peptides, and 
post-translational modifications, including their types 
and modification sites.

Ultimately, the choice between DIA and DDA should 
not be viewed merely as a binary comparison of superior-
ity, but rather as a decision that requires careful and com-
prehensive evaluation by the researcher. When selecting 
between the two approaches, researchers must consider 
multiple factors, such as the specific scientific objectives, 
sample complexity, availability of instrumentation, com-
putational resources, and budgetary constraints. A solid 
understanding of the fundamental principles, strengths, 
limitations, and optimization strategies of both methods 
is crucial for designing proteomics experiments that pro-
duce high-quality and biologically meaningful results. As 
instrument performance continues to advance—exempli-
fied by the ultra-high speed and resolution of platforms 
such as the Astral analyzer—and computational algo-
rithms evolve—such as deep learning-based approaches 
for DIA data analysis—the functional capabilities and 
applicability of both DIA and DDA will continue to 
expand and evolve.
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