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Abstract

Summary: We present promor, a comprehensive, user-friendly R package that streamlines label-free
(LFQ) proteomics data analysis and building machine learning-based predictive models with top protein
candidates.
Availability and implementation: promor is freely available as an open source R package on the
Comprehensive R Archive Network (CRAN)(https://CRAN.R-project.org/package=promor) and distributed
under the Lesser General Public License (version 2.1 or later). Development version of promor is
maintained on GitHub (https://github.com/caranathunge/promor) and additional documentation and
tutorials are provided on the package website (https://caranathunge.github.io/promor/).
Contact: caranathunge86@gmail.com

1 Introduction
Label-free quantification (LFQ) approaches are fast becoming popular
in mass spectrometry-based proteomics. One of the most widely used
software tools for protein identification and quantification is MaxQuant
(Tyanova et al., 2016). However, the downstream analysis of MaxQuant
output files can be complex and challenging. Some tools available for this
purpose are implemented as graphical user interface (GUI) applications,
while others, such as MSstats (Choi et al., 2014), are primarily
implemented as R packages facilitating greater analytical flexibility and
reproducibility.

In recent years, machine learning (ML) has made its presence felt in
the field of proteomics. Particularly in biomarker research, ML algorithms
are being widely employed to build proteomics-based predictive models
of disease prognosis and diagnosis. When building a proteomics-based
predictive model, choosing a robust panel of protein candidates can
greatly improve the accuracy of the model. In this regard, ML-based
predictive models could benefit from narrowing down protein features
to those that show significant differences in abundance between groups of
interest. In the current landscape of proteomics data analytical tools the
capability to seamlessly transition from differential expression analysis to
predictive modeling is lacking. Realizing this need, we developed promor,

a comprehensive, user-friendly, R package that streamlines differential
expression analysis and predictive modeling of label-free proteomics data.

2 Overview

2.1 Implementation

promor is implemented in R (≥ 3.5.0) and relies on packages such as
imputeLCMD (Lazar et al., 2016), limma (Ritchie et al., 2015), and
caret (Kuhn, 2008) for back-end pre-processing, differential expression
analysis, and machine learning-based modeling. As input, promor uses
the MaxQuant-produced "proteinGroups.txt" and a user-generated tab-
delimited text file containing the experimental design. For visualization,
promor employs the popular ggplot2 (Wickham et al., 2016) architecture
and produces ggplot objects, which allows for further customization
(Figure 1).

2.2 Proteomics data analysis

Proteomics data analysis workflow in promor (Figure 1A) consists of
multiple filtration steps to filter out contaminant proteins, reverse-sequence
proteins, proteins identified "only-by-site", and proteins identified by
fewer than a user-specified number of unique peptides. User can also
filter out technical replicates that show weak correlation of intensities.
promor provides five missing data imputation methods (minProb,© The Author 2022. 1
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Fig. 1. An overview of promor workflows. (A) Proteomics data analysis workflow includes analytical functions for pre-processing, quality control, missing data imputation, data normalization,
and differential expression analysis. (B) Modeling workflow includes analytical functions for pre-processing the output of differential expression analysis, model building, and model
evaluation. (C) Several plotting functions are provided to visualize data and produce publication-ready figures using color blind-friendly palettes.

minDet, kNN, SVD, and Random Forest) and three data normalization
methods (quantile, scale, and cyclicloess). Differential expression
analysis can be performed using the moderated t-test implemented in
the limma package (Ritchie et al., 2015). We provide two tutorials
to demonstrate promor’s proteomics data analysis workflows here:
https://caranathunge.github.io/promor/articles/. More information on the
data used in these tutorials and the results obtained are provided in
Supplementary Note 1, Supplementary Tables S1 - S2, and Supplementary
Figures S1 - S7.

2.3 Building predictive models

Differentially expressed proteins can be directly used in the modeling
workflow to build predictive models using multiple machine learning
algorithms simultaneously (Figure 1B). Over 200 machine learning
algorithms are made accessible through the caret package (Kuhn,
2008). For users inexperienced in complex machine learning algorithms,
promor provides a default list of four widely used classification-based
algorithms ("rf", "glm", "svmRadial", and "xgbLinear"), chosen to
represent a variety of machine learning model types. Additionally, promor
provides a range of functions to assess and visualize protein (feature)
variation among conditions (classes), variable (feature) importance,
model performance, and the predictive power of models (Figure 1B).
A tutorial demonstrating the modeling workflow is provided here:
https://caranathunge.github.io/promor/articles/. More information on the
data used in the modeling workflow tutorial and the results obtained are
provided in Supplementary Note 2 and Supplementary Figures S8 - S11.

3 Conclusions
We present promor, a user-friendly, comprehensive R package that
facilitates seamless transition from differential expression analysis of
proteomics data to building predictive models with top protein candidates;
a feature that could be particularly useful in clinical and biomarker
research.
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