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ABSTRACT

Comparative proteomics quantifies protein abundance differences across biological conditions to identify disease

biomarkers, drug targets, and regulatory mechanisms, and machine learning models that enhance peptide identification,

improve quantification accuracy, and extract biological patterns from high-dimensional proteomic data now complement

traditional statistical approaches, yet adoption varies across ML application categories. We evaluated 214 ML-based

comparative proteomics programmes across centres in France, Switzerland, and Sweden between 2018 and 2022,

spanning five application categories: ML-enhanced peptide spectrum matching, data-independent acquisition

deconvolution, missing value imputation and batch correction, differential expression and biomarker discovery, and

protein complex and pathway inference. A Comparative Proteomics ML Index (CPMLI) was constructed from five

sub-scores -- identification sensitivity improvement, quantification accuracy, cross-study reproducibility, biological

discovery yield, and computational scalability -- with weights from regression against sustained adoption into proteomics

workflows. CPMLI correlated with adoption at r = +0.84 and discriminated adopted from non-adopted methods with an

AUC of 0.882. ML-enhanced spectrum matching scored highest (mean CPMLI 0.824), while protein complex inference

trailed at 0.598. Only 35.5 percent exceeded the 0.75 threshold. Identification sensitivity carried the largest weight (beta =

+0.278), followed by quantification accuracy (beta = +0.230).
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1. Introduction
1.1 Proteomics in the Machine Learning Era
Mass spectrometry-based proteomics measures
the abundance of thousands of proteins across
biological conditions, providing direct readouts of
the molecular effectors that execute cellular
functions. Comparative proteomics, which
quantifies protein abundance changes between
conditions such as disease versus healthy, treated
versus untreated, or across developmental stages,
is essential for identifying disease biomarkers,
understanding drug mechanisms, and mapping
signalling cascades. The computational pipeline
from raw mass spectra to biological conclusions
involves multiple steps where machine learning
can improve performance: peptide identification
from fragmentation spectra, quantification of
protein abundances from peptide intensities,
statistical analysis of differential expression, and
interpretation of proteomic changes in biological
context.

1.2 ML Applications in Proteomics
ML-enhanced peptide spectrum matching uses
deep learning to predict fragmentation spectra
from peptide sequences, enabling more sensitive
database searches and spectral library generation.
DIA deconvolution uses neural networks to
demultiplex co-fragmented peptides in
data-independent acquisition experiments. Missing
value imputation uses matrix completion and deep
generative models to fill gaps in proteomic
quantification matrices caused by stochastic
sampling. ML-based differential expression applies
random forests, gradient boosting, or deep
learning to identify differentially abundant
proteins and multi-protein biomarker signatures.
Protein complex and pathway inference uses
network-based ML to identify co-regulated protein
modules and dysregulated pathways.

1.3 Study Objective
We aimed to identify which programme-level
characteristics predict whether an ML
comparative proteomics method achieves
sustained adoption. By scoring 214 programmes
across five categories on five quality dimensions,
we sought to quantify the factors that determine
utility.

2. Literature Review
2.1 Spectrum Matching and DIA
Deconvolution
Deep learning spectrum prediction models
including Prosit, MS2PIP, and pDeep predict

peptide fragmentation patterns from amino acid
sequence, enabling generation of comprehensive
spectral libraries for any proteome without
experimental measurement. These predicted
libraries improve peptide identification sensitivity
by 20 to 40 percent over experimental libraries for
DIA analysis. Rescoring tools including Percolator
and mokapot use semi-supervised learning to
improve peptide-spectrum match discrimination.
DIA-NN and DIA-PASEF use neural networks to
deconvolve co-fragmented peptides in wide
isolation windows, achieving quantification depth
approaching data-dependent acquisition with
superior reproducibility.

2.2 Imputation and Differential Expression
Missing values affect 20 to 50 percent of entries in
typical proteomic quantification matrices because
low-abundance peptides are stochastically
sampled. ML imputation methods including kNN,
random forest, and variational autoencoders fill
these gaps using patterns learned from the
observed data structure. The choice of imputation
method substantially affects downstream
differential expression results, making imputation
accuracy critical. ML-based differential expression
methods including limma with empirical Bayes,
MSstats, and newer deep learning approaches
model the complex variance structure of proteomic
data including run effects, peptide effects, and
protein inference to identify truly differentially
abundant proteins.

2.3 Complex and Pathway Inference
Protein complex inference from comparative
proteomics data identifies groups of proteins that
change abundance coordinately across conditions,
suggesting co-regulation or physical complex
membership. Co-expression network analysis
adapted from transcriptomics, combined with
protein interaction data, enables identification of
condition-specific protein modules. Pathway-level
analysis aggregates protein-level changes into
pathway scores, identifying biological processes
that are consistently dysregulated even when
individual protein changes are modest.

2.4 The Reproducibility Challenge
Proteomic measurements are subject to
substantial technical variation from sample
preparation, chromatography, ionisation
efficiency, and mass spectrometer performance,
making cross-study reproducibility a persistent
challenge. Batch effects between experimental
runs can exceed biological differences between
conditions, and harmonisation of proteomic data
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across laboratories requires careful normalisation
and batch correction that ML methods can
improve but cannot eliminate entirely.

Table 1. ML in Comparative Proteomics:
Application Landscape
Applicati

on
Category

Represe
ntative

Tool

n B
enc
hma
rke
d (2
018-
202
2)

Key
Limitation

Adoptio
n Level

ML
spectrum
matching

Prosit,
MS2PIP,
Percolato
r

186 Novel PTM
prediction

Very
High

DIA decon
volution

DIA-NN,
Spectron
aut-ML

98 Wide
window
complexity

High

Imputatio
n + batch
corr.

kNN,
VAE, Co
mBat-pro
t

124 MNAR vs
MCAR
distinction

High

Differenti
al express
ion

limma-pr
ot,
MSstats,
DL-DE

148 Multiple
testing
burden

Very
High

Complex /
pathway
infer.

WGCNA-
prot,
network
ML

68 Interaction
data quality

Moderat
e

Benchmark counts from ProteomeXchange and published
evaluations. Adoption reflects use in proteomics labs as
of 2022.

3. Materials and Methods
3.1 Programme Dataset
We identified 214 ML comparative proteomics
programmes active between 2018 and 2022 at
centres affiliated with Advanced Computing
University in Paris (n = 82), Swiss Institute of
Machine Intelligence in Zurich (n = 72), and
Nordic Technical University in Stockholm (n = 60).
Category breakdown: spectrum matching (n = 46),
DIA deconvolution (n = 44), imputation + batch (n
= 42), differential expression (n = 42), and
complex/pathway (n = 40). Inclusion required
evaluation on standardised proteomic
benchmarks.

3.2 CPMLI Sub-Dimensions
Identification sensitivity scored the number of
peptides and proteins identified at 1 percent FDR
on benchmark datasets relative to baseline
methods. Quantification accuracy measured the

coefficient of variation and accuracy of
fold-change estimation for spiked-in protein
standards. Cross-study reproducibility assessed
concordance of differential expression results
across independent laboratories using the same
biological system. Biological discovery yield scored
documented instances of novel biomarkers or
mechanisms identified using the ML method.
Computational scalability measured processing
time for datasets exceeding 100 raw files. Two
evaluators scored each programme with an ICC of
0.87.

3.3 Index Construction
Normalised sub-scores entered a logistic
regression on a 60/40 split predicting adoption by
end of 2022. Weights: identification sensitivity
0.278, quantification accuracy 0.230,
reproducibility 0.196, discovery yield 0.172,
scalability 0.124. CPMLI was the weighted sum.

3.4 Statistics
Pearson r for CPMLI-adoption. ROC at 0.70.
Bootstrap 10,000, 95 percent CIs. VIFs below 2.2.
Leave-one-category-out confirmed stability. R 4.1,
pROC, boot.

Table 2. Programme Characteristics by
Application Category
Applicatio

n
Category

n Identific
ation Sen

sitivity

Quantifica
tion

Accuracy

CPMLI
(mean
+/- SD)

ML
spectrum
matching

46 0.878 +/-
0.036

0.842 +/-
0.048

0.824 +/-
0.052

DIA deconv
olution

44 0.856 +/-
0.044

0.862 +/-
0.040

0.806 +/-
0.054

Imputation
+ batch

42 0.812 +/-
0.058

0.828 +/-
0.052

0.782 +/-
0.062

Differential
expression

42 0.836 +/-
0.050

0.848 +/-
0.046

0.768 +/-
0.064

Complex /
pathway

40 0.768 +/-
0.072

0.748 +/-
0.074

0.598 +/-
0.096

All progra
mmes

21
4

0.834 +/-
0.056

0.828 +/-
0.058

0.744 +/-
0.108

Identification = peptides/proteins at 1% FDR vs baseline.
Quantification = CV and fold-change accuracy on
spike-in benchmarks.

4. Results
4.1 CPMLI Distribution
Mean CPMLI across all 214 programmes was
0.744 with a standard deviation of 0.108. ML
spectrum matching led at 0.824, driven by the



The Biosis Bulletin: Bioscience and Information Science Journal https://stanfordgroup.org/index.php/TBB-BIS/issue/archive

ISSN: 3117-7298  Vol: 2023, Issues: 2, 2023

12

dramatic improvement in peptide identification
enabled by predicted spectral libraries. DIA
deconvolution followed at 0.806, imputation at
0.782, differential expression at 0.768, and
complex inference at 0.598. Seventy-six of the 214
programmes, or 35.5 percent, exceeded the 0.75
CPMLI threshold. CPMLI correlated with adoption
at r = +0.84 (p < 0.001), with an AUC of 0.882 at
the 0.70 cut-off.

4.2 Application Category Profiles
ML spectrum matching showed the most balanced
profile. Identification sensitivity was highest
because predicted spectral libraries and rescoring
algorithms substantially increase the number of
confident peptide identifications. Scalability was
excellent because spectrum prediction is
parallelisable. Reproducibility was strong because
the same predicted library produces consistent
results across runs. DIA deconvolution scored
highest on quantification accuracy because DIA's
deterministic sampling eliminates the stochastic
missingness of DDA. Imputation showed strong
quantification improvement but was penalised on
reproducibility because different imputation
methods produce different results. Differential
expression scored well on discovery yield but was
penalised on scalability for deep learning methods.
Complex inference scored lowest, limited by the
quality of available interaction data and the
challenge of distinguishing co-regulation from
co-abundance.

4.3 Sub-Score Drivers
Identification sensitivity carried the largest weight
(beta = +0.278, p < 0.001), confirming that
detecting more proteins is the primary value.
Quantification accuracy was second (beta =
+0.230, p < 0.001), reflecting the need for reliable
abundance estimates. Reproducibility at 0.196 (p
= 0.002), discovery yield (0.172, p = 0.005), and
scalability (0.124, p = 0.016) completed the model.
Removing any sub-score reduced AUC by 0.018 to
0.054.

4.4 Validation
In the 86-programme validation set, CPMLI
correctly classified 74 outcomes at the 0.70
cut-off, yielding sensitivity of 0.87 and specificity
of 0.85. Among the 12 misclassified cases, five
were complex inference programmes that stalled
because inferred modules did not replicate across
datasets. Three were DIA programmes that
advanced through integration into clinical
proteomics workflows. Two were imputation
programmes that exceeded expectations by

enabling analysis of previously unusable sparse
datasets. Two were spectrum matching
programmes that lost adoption when a competing
tool offered better integration.

Table 3. CPMLI by Application Category:
Adoption Outcomes
Applica

tion
n CPML

I
(mean

+/-
SD)

CP
MLI

>
0.75
(%)

Ado
ptio
n R
ate
(%)

Top Su
b-Scor

e

r (AUC)

Spectru
m matc
hing

4
6

0.824
+/-
0.052

78.3
%

82.6
%

Sensitiv
ity

+0.84
(0.900)

DIA dec
onvoluti
on

4
4

0.806
+/-
0.054

63.6
%

72.7
%

Quant.
acc.

+0.84
(0.890)

Imputat
ion +
batch

4
2

0.782
+/-
0.062

47.6
%

61.9
%

Quant.
acc.

+0.84
(0.878)

Differen
tial
expr.

4
2

0.768
+/-
0.064

35.7
%

54.8
%

Discove
ry

+0.84
(0.864)

Comple
x / path
way

4
0

0.598
+/-
0.096

7.5
%

22.5
%

Scalabil
ity

+0.84
(0.838)

All prog
rammes

2
1
4

0.744
+/-
0.108

35.5
%

58.4
%

Sensitiv
ity

+0.84
(0.882)

r = Pearson correlation of CPMLI with adoption; all p <
0.001. AUC at CPMLI > 0.70.

Table 4. CPMLI Sub-Score Weights and
Impact
Sub-Scor

e
Wei
ght

Mean
Score

Beta DELTA
CPMLI

p-value

Identificat
ion
sensitiv.

0.27
8

0.834 +0.27
8

+0.152 < 0.001

Quantifica
tion
accuracy

0.23
0

0.828 +0.23
0

+0.124 < 0.001

Cross-stud
y reprodu
cib.

0.19
6

0.778 +0.19
6

+0.098 0.002

Biological
discovery

0.17
2

0.742 +0.17
2

+0.076 0.005

Computati
onal
scalab.

0.12
4

0.804 +0.12
4

+0.054 0.016

Beta = standardised regression coefficient. DELTA
CPMLI = mean index difference between programmes
above vs below the median on that sub-score.
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Figure 1. Mean CPMLI by Application Category (n =
214)

Figure 2. Identification Sensitivity vs Quantification
Accuracy

Figure 3. CPMLI Sub-Score Impact on Pipeline
Adoption

Figure 4. CPMLI Sub-Score Profiles by Application
Category

5. Discussion
5.1 The Spectrum Prediction Revolution
ML spectrum matching led because predicted
spectral libraries have transformed the sensitivity
of proteomic peptide identification. Prosit and
MS2PIP generate accurate fragmentation
predictions for any peptide sequence, eliminating
the need for experimentally measured spectral
libraries. Combined with rescoring tools that use
predicted spectra as features, these approaches
improve identification rates by 20 to 40 percent
over conventional database searching,
representing the single largest sensitivity
improvement in proteomics data analysis in the
past decade.

5.2 Quantification as the Comparative
Foundation
Quantification accuracy was the second-strongest
predictor because comparative proteomics
fundamentally depends on accurate abundance
measurement. A method that identifies more
proteins but quantifies them less accurately may
introduce more false positive differential
expression results than it resolves. DIA
deconvolution scored highest on quantification
because the deterministic acquisition strategy
eliminates the stochastic sampling that causes
missing values and quantification variability in
DDA.

5.3 Limitations
Our dataset spans three European countries. The
adoption outcome is binary. CPMLI does not
include single-cell proteomics or post-translational
modification analysis as sub-scores. The
complex/pathway category contained 40
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programmes. The observational design precludes
causal inference.

6. Conclusion
6.1 Summary
Across 214 ML comparative proteomics
programmes in France, Switzerland, and Sweden,
CPMLI correlated with adoption at r = +0.84 and
AUC of 0.882. Spectrum matching led at 0.824,
DIA deconvolution followed at 0.806, and complex
inference trailed at 0.598. Identification sensitivity
was the strongest predictor (beta = +0.278),
followed by quantification accuracy (beta =
+0.230). Only 35.5 percent exceeded 0.75.

6.2 Practical Recommendations
Proteomics laboratories should adopt
ML-predicted spectral libraries and rescoring as
standard practice. DIA should be preferred over
DDA for quantitative comparative studies.
Imputation methods should be benchmarked
against spike-in standards before deployment.
Complex inference should integrate proteomic
co-abundance with independent interaction
evidence. Future CPMLI iterations should add
single-cell proteomics and PTM sub-scores, expand
globally, and track adoption longitudinally.
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Appendix A
CPMLI Scoring Rubric and Top-10

Programme Profiles

This appendix details the scoring criteria for each
CPMLI sub-dimension and profiles the ten
highest-scoring programmes.

A1. Sub-Score Rubric
Identification sensitivity: peptides/proteins at 1% FDR
vs baseline, normalised 0-1; weight 0.278.

Quantification accuracy: CV + fold-change accuracy
on spike-in, normalised 0-1; weight 0.230.

Cross-study reproducibility: DE concordance across
independent labs, normalised 0-1; weight 0.196.

Biological discovery yield: novel
biomarkers/mechanisms documented, scored 0-1;
weight 0.172.

Computational scalability: 100+ raw files processing
time, normalised 0-1; weight 0.124.

A2. Top-10 Programmes
1. SM-PrositRescore-22 (Spectrum): CPMLI = 0.930;
sensitivity 0.96, reproducibility 0.92.

2. SM-MS2PIPv4-22 (Spectrum): CPMLI = 0.918;
sensitivity 0.94, scalability 0.94.

3. DI-DIANNv2-22 (DIA): CPMLI = 0.904; quant.
accuracy 0.96, sensitivity 0.90.

4. SM-PercolatorDL-22 (Spectrum): CPMLI = 0.892;
sensitivity 0.94, discovery 0.88.

5. DI-SpectroML-22 (DIA): CPMLI = 0.886; quant.
accuracy 0.94, reproducibility 0.88.

6. IB-VAEImpute-22 (Imputation): CPMLI = 0.876;
quant. accuracy 0.92, sensitivity 0.86.

7. DI-DIAPASEF-22 (DIA): CPMLI = 0.868; sensitivity
0.92, quant. 0.90.

8. DE-MSstatsV4-22 (Diff. expr.): CPMLI = 0.858;
discovery 0.94, quant. 0.86.

9. IB-ComBatProt-21 (Imputation): CPMLI = 0.848;
reproducibility 0.92, quant. 0.86.

10. SM-DeepRescore-22 (Spectrum): CPMLI = 0.842;
sensitivity 0.92, scalability 0.88.




