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Abstract

Accurately identifying protein post-translational modifica-
tions (PTMs) is important in studying cell biology and dis-
eases. Mass spectrometry can generate valuable information
to identify proteins and their post-translational modifica-
tions. It has been previously known that retention times
of peptides (substrings of proteins) can be used to improve
the accuracy of peptide/protein identifications. Recognizing
the needs for PTM retention time prediction models, we ex-
plored the viability of various machine-learning models (e.g.,
Extreme Gradient Boosting, Random Forest, Support Vector
Regression) for predicting retention times of phosphorylated
peptides. In addition, we evaluated retention time prediction
models using various performance metrics and compared
them to currently available methods. We demonstrated the
retention time model performances using a large synthetic
proteomics and phosphoproteomic dataset.
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1 Introduction

Accurate protein identifications, especially protein PTM iden-
tifications, remain to be a challenging task [33]. Modern mass
spectrometry experiments generate vast amounts of mass
spectra of peptides, presenting bioinformatic challenges on
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how to correctly interpret this data [22, 30]. In computa-
tional mass spectrometry, it would be important to generate
new but accurate information about peptides and to fully
utilize the available information for accurate peptide/protein
identifications.

Peptide retention times are the time points when peptides
elute from the liquid chromatography column [30]. If pep-
tide retention times are predicted accurately using peptide
sequences and prediction models, they can be used to ac-
curately identify peptides by reducing the size of candidate
peptides in a peptide identification step [22, 23, 32]. More-
over, retention time information can be utilized in several
areas of mass spectrometry, including targeted quantitative
measurement of proteins [8, 16]. The ability to accurately
predict retention times of peptides has become important in
proteomics.

Developing methods that reliably and accurately identify
retention times of peptides has been a topic of interest for
many years. Some of the earliest retention time prediction
methods use linear regression models that estimate a reten-
tion time effect of each amino acid and predict retention
times by summing estimated retention time effects of amino
acids in given peptide sequences [20]. With the evolution
and improvement in computing power, many researchers
have turned towards using deep-learning models for re-
tention time prediction [11, 12]. However, many of these
deep-learning models have focused on peptides without post-
translational modifications. These existing methods may not
work well in predicting datasets with post-translationally
modified peptides because post-translational modifications
can have significant effects on retention times [18].

As the need to accurately predict retention times of PTM
peptides grows, more recent studies have sought to fill this
gap and develop models capable of predicting retention
times of peptides that include post-translational modifica-
tions [2, 36]. However, there are several different types of
post-translational modifications and it is apparent that build-
ing models which excel at predicting peptide retention times
for all types of modifications can be particularly difficult.
Modifications such as phosphorylation are both physically
and chemically very different from many other types of post-
translational modifications, causing problems in accurately
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predicting retention times for phosphorylated peptides us-
ing general models such as DeepLC [2]. Because phospho-
rylation has significant effects on retention times of pep-
tides [4], it is important to accurately predict retention times
of phosphorylated peptides and utilize the retention times
of phosphorylated peptides for better phosphorylated pep-
tide/protein identifications.

Here, we focus on building peptide retention time mod-
els for phosphorylation, one of the most important post-
translational modifications. While there has been effort into
building general purpose retention time models, we seek to
build models that excel specifically for phosphorylated pep-
tides, as current tools often struggle with this task. We built
several machine learning retention time models as well as
parametric models (e.g., linear regression, lasso) for unmod-
ified and phosphorylated peptides, evaluated their perfor-
mances, and compared them to the existing general models
to investigate the benefit of using modification-specific mod-
els. A large synthetic proteomic and phosphoproteomic data
set with nearly 100,000 peptide sequences [18] was used in
this study.

2 Methods
2.1 Data

We used a synthetic proteomic and phosphoproteomic data
set to evaluate retention time prediction models. The exper-
imental details were shown in [18]. In brief, the synthetic
data set contained 96 seed peptides selected from five large-
scale human phosphorylation studies [7, 24-26, 29] and their
synthesized variants. The synthesized variants were gener-
ated by introducing phosphorylation modifications at the
phosphosite of the seed peptides and/or replacing amino
acids of the seed peptides with different standard amino
acids. These synthesized peptide mixtures were analyzed
with an Orbitrap Velos using a beam-type collision-induced
dissociation (HCD) fragmentation method. Mascot search
engine (2.3.1; http://matrixscience.com) was used to identify
peptides. Identified peptides were filtered with an E-value
threshold of 0.01. To ensure additional reliability in the data,
only identified peptides that could be matched to the se-
quences of synthesized peptides were considered. Finally,
for each sequence, a retention time associated with the max-
imum intensity of the corresponding precursor ion at the
time it was selected for an MS/MS fragmentation was ex-
tracted. A total of 52,960 unmodified peptides and 37,976
phosphorylated peptides were used for further analysis.

2.2 Retention Time Prediction Models

We built 8 retention time prediction models. In addition, cur-
rently available models (AutoRT [36] and DeepLC [2]) were
presented for a comparison purpose. The candidate predic-
tor variables for prediction models except for AutoRT and
DeepLC were the counts of each unmodified or modified
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amino acid and the length of peptides. The modified amino
acids included phosphorylated serine, threonine, and tyro-
sine amino acids as well as the oxidation of the methionine
amino acid. The data set was randomly split into a training
set (80%) and a test set (20%). All of the prediction models
used the same training set and were evaluated on the same
test set. When tuning hyperparameters was required for
model building, we used the Root Mean Square Error (RMSE)
metric to select the best set of hyperparameters for the model.
The following sections had details about training processes
for each model.

2.2.1 Proposed Machine Learning Models. We proposed
three different machine learning models for the prediction
of peptide retention times, Extreme Gradient Boosting (XG
Boost), Random Forest, and Support Vector Regression. All
three types of models have recently gained popularity and
shown impressive results in many different applications
[9, 14, 34], possibly lending themselves well for the task
of predicting peptide retention times.

Extreme Gradient Boosting (XG Boost). Extreme Gra-
dient Boosting (XG Boost) [5] was implemented for peptide
retention time prediction. The values of the following six
parameters were selected using five-fold cross-validation: 1)
a step size shrinkage used in update (), 2) minimum loss re-
duction required to make a further partition on a leaf node of
the tree (y), 3) maximum depth of a tree (max_depth), 4) mini-

mum sum of instance weight needed in a child (min_child_weight),

5) subsample ratio of the training instances (subsample), and
6) subsample ratio of predictor variables when constructing
each tree (colsubsample_bytree). The R package "XGBoost"
[6] was used. The implementation details for the Extreme
Gradient Boosting were shown in Algorithm 1.

Algorithm 1 XG Boost Method

Divide data into training and testing sets
Divide training set into k = 5 subsets
for i in search space of parameter combinations do
for j from 1 to k do
Leave out training subset j from the training set
Fit XG Boost model on the remaining training set
Calculate RMSE on training subset j
end for
Calculate average RMSE for subsets of parameter com-
bination i
end for
Rebuild XG Boost model on the entire training set using
parameters with lowest average RMSE
Complete statistical analysis of model using the testing
set

Random Forest. We employed a tree-based method, Ran-
dom Forest [3] to build a nonlinear regression model for
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peptide retention time prediction. Using OOB (out-of-bag)
errors in the training set, we selected the number of trees
and the number of variables. For a fair comparison among
models, we used only the training set to tune the Random
Forest instead of the entire dataset. The R package "ranger"
was used to implement Random Forest. The implementation
details for the Random Forest were shown in Algorithm 2.

Algorithm 2 Random Forest Method

Divide data into training and testing sets

for i in search space of parameter combinations do
Build RF Model using training set
Calculate OOB MSE for current RF Model

end for

Choose the RF model with lowest OOB MSE

Complete statistical analysis of model using the testing

set

Support Vector Regression. Support Vector Regression
(SVR) [13] was used to predict retention times of peptides.
Similar to the Support Vector Machine, the loss function of
SVR considers only absolute values of residuals larger than
some positive constant. The optimal cost parameters were
chosen by employing five-fold cross-validation. The SVR
model was built using the "e1071" package in R [21]. The
implementation details were shown in Algorithm 3.

Algorithm 3 Support Vector Regression Method

Divide data into training and testing sets
Divide training set into k = 5 subsets
for i in search space of parameter combinations do
for j from 1 to k do
Leave out training subset j from the training set
Fit SVR model on the remaining training set
Calculate RMSE on training subset j
end for
Calculate average RMSE for subsets of parameter com-
bination i
end for
Rebuild SVR model on the entire training set using param-
eters with lowest average RMSE
Complete statistical analysis of model using the testing
set

2.2.2 Currently Available Models.

AutoRT. We also evaluated AutoRT [36], a peptide reten-
tion time prediction that uses a deep learning approach. The
detailed algorithm can be found in Wen et al. [36] In brief,
after encoding each peptide into a matrix using one-hot en-
coding [1], the algorithm ensembled the top 10 models from
neural architectures based on convolutional neural networks
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(CNN) [27] and recurrent neural networks (RNN) [19], and
these base models were further fine-tuned using reference
peptides. We built two AutoRT models in our comparison
study: 1) AutoRT built from scratch using our training set
and 2) the published AutoRT that was further refined using
our training set with a transfer learning strategy.

DeepLC. DeepLC was another deep-learning-based pep-
tide retention time prediction algorithm [2]. It used a con-
volutional deep learning architecture (CNN) and predicted
retention times of peptides with modifications that were not
present in the training set. We allowed DeepLC to use the
known retention times of the training set for calibration as
well as separately using the training set as calibration data.
Results from both methods were shown in the results section.

2.2.3 Baseline Models. Linear regression models with
different variable selection approaches were used in this
study.

Linear Regression. We used a multiple linear regression
model [35] as a baseline model. Since this baseline model did
not use any variable selection procedure, the length of pep-
tides was excluded from the model to avoid multicollinearity.

Best subset Regression. The best subset regression [35]
was used as one of the linear regression-based prediction
models. We employed an exhaustive stepwise procedure to
find the best combination of predictor variables and the best
subset size in linear regression. The R package "leaps" [17]
was used and the best subset size was determined using
five-fold cross-validation.

Ridge Regression. Another linear regression-based pre-
diction model we evaluated was a ridge regression [15]. Each
predictor variable was standardized with a mean of zero
and a standard deviation of one. Then, the ridge regression
shrank the regression coefficients by imposing a penalty on
the size of the coefficients. The R package "glmnet" was used
in the model building [31] and the best complexity parameter
that controlled the amount of shrinkage was selected based
on five-fold cross-validation. The lambda value was chosen
based on its cross-validation error at a minimum.

Lasso Regression. We also investigated the performance
of a lasso regression [15] in predicting peptide retention
times. All the predictor variables were standardized prior to
fitting the model. The tuning parameter that controlled the
L1 penalty was chosen using five-fold cross-validation. The
R package "glmnet" was used in this analysis. The lambda
value was chosen based on its cross-validation error at a
minimum.

Elastic Net Regression. Elastic net [10] is another vari-
able selection method based on a compromise between the
lasso and ridge regression penalties. We fit an elastic net
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regression to predict peptide retention times after standard-
izing predictor variables. Using five-fold cross-validation, we
selected the following two tuning parameters for the elastic
net regression: 1) a complexity parameter and 2) a parameter
that controlled a compromise between ridge regression and
lasso regression. The R package "glmnet" was used in the
model building.

2.3 Model Evaluation

Considering our outcome variable was a continuous variable,
performance metrics for a continuous variable were used.
All models were evaluated using root mean square error
(RMSE), and mean absolute error (MAE). The root-mean-
square error (1) measured how much difference there was
between predicted and observed retention times. The smaller
RMSE was the better a model performed.

Zf;(yi - 4i)?
N

where y; was an observed retention time for peptide i, 7;
was a predicted (or fitted) retention time for peptide i, and
N was a total number of peptides.

The mean absolute error also measured how much differ-
ence there was between predicted and observed retention
times. Different from RMSE, MAE used absolute errors as
shown in (2).

RMSE = (1)
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N

We also reported an average window size of 95% of the
difference between observed and fitted retention times (de-
noted as 95% Window). The smaller the window size was
the better a model performed in predicting retention times.

Finally, we measured Pearson correlations between fitted
vs. actual retention times as shown in (3). The larger the
correlation was the better a retention time model performed.

MAE =

_ SR (i — 4 (i - 1)
VEN (- 902G - §)?

where §j and § were a mean of observed retention times and
a mean of predicted retention times, respectively.

®)

2.4 Software and Reproducibility

All the models in Section 2.2.1 were written in R [28] us-
ing the following R packages: "XGBoost" [6], "ranger" [3],
"e1071" [21], "leaps" [17], and "glmnet" [31]. We also used
the existing software tools AutoRT [36] and DeepLC [2] in
section 2.2.2, which were written in Python. Codes, scripts,
and datasets were posted in a public GitHub repository at
the following address: https://github.com/soyoungryu/NSF-
CAREER-PTM/tree/main/RTPrediction_v1.In the repository,
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we included the readme document that explained the codes
and data.

In any process in which randomness was required, such
as splitting data into training and test sets, the random seed
was set to 37. Thus, users can reproduce the results shown
in this paper. In addition, the same test set was used for all
the models for a fair comparison.

3 Results and Discussion

The RMSE and MAE performance measures of all the models
were shown in Table 1. The Extreme Gradient Boosted model
had the best performance with an RMSE of 4.94, and an
MAE of 2.55. The Random Forest model performed slightly
worse than the Extreme Gradient Boosted model, with an
RMSE of 5.23 and an MAE of 3.07. Support Vector Regression
did not perform as well as the other two machine learning
approaches. Furthermore, SVR performed worse than the
baseline models in terms of RMSE values.

Table 1. The performance of all the models using a test
dataset. All models used the same test dataset. The RMSEs
(Root Mean Square Error) and MAEs (Mean Absolute Error)
in minutes were shown. The best performance measures
were highlighted in bold for each performance metric.

Method RMSE MAE
Extreme Gradient Boosting (XG Boost) 4.94  2.55
Random Forest 5.23 3.07
Support Vector Regression 8.32 5.42
AutoRT 6.15 3.20
AutoRT Transfer Learning 6.10 3.18
DeepLC 9.33 6.42
DeepLC with Calibration 9.34 6.42
Linear Regression 8.18 5.59
Best subset Regression 8.18 5.59
Ridge Regression 8.20 5.69
Lasso Regression 8.18 5.60
Elastic Net Regression 8.18 5.60

All of the baseline models produced very similar results,
except Ridge Regression, although the difference in perfor-
mance is very small with only 0.02 minutes difference in
RMSE value. The range of RMSE for linear models was be-
tween 8.18 and 8.20. Between baseline models, chosen co-
efficients were very consistent, lending well to the similar
performance of all the baseline models.

All the linear models produced results significantly worse
than those of the Random Forest model and the Extreme
Gradient Boosted model. The baseline models performed
worse than the proposed machine learning models in terms of
MAE values, too. Based on our residual analyses (not shown
here), we observed that linear assumptions were violated for
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Table 2. The performance of all the models using a test
dataset. All models used the same test dataset. The 95% Win-
dow and Pearson Correlation (Corr) were shown. The 95%
Window represented an average window size of 95% of the
difference between observed and fitted retention times. The
best performance measures were highlighted in bold for each

performance metric.

Method 95% Window Corr
Extreme Gradient Boosting (XG Boost) 19.99 0.94
Random Forest 21.44 0.93
Support Vector Regression 35.76 0.81
AutoRT 26.36 0.90
AutoRT Transfer Learning 26.56 0.90
DeepLC 37.29 0.76
DeepLC with Calibration 37.39 0.76
Linear Regression 34.24 0.81
Best subset Regression 34.21 0.81
Ridge Regression 34.07 0.81
Lasso Regression 34.16 0.81
Elastic Net Regression 34.16 0.81

KDD-UC, August 14-18, 2022, Washington DC, ACM, New York, NY, USA.

4 Conclusions and Future Directions

In summary, our proposed machine models using the Ex-
treme Gradient Boosted model and the Random Forest model
performed better than the existing deep-learning-based ap-
proaches in predicting retention times of phosphorylated
peptides in terms of RMSE, MAE, 95% Window, and corre-
lations. In the future, we will investigate the performance
of our Extreme Gradient Boosting using other phosphopro-
teomic datasets to validate the results found here.

With the knowledge that phosphorylation modifications
can vary significantly from other modifications both chemi-
cally and physically [2], it is plausible that a deep-learning
model that specializes in phosphorylated peptides could out-
perform the currently available general deep-learning mod-
els in predicting retention times of phosphorylated peptides.
Thus, we also want to develop phosphorylation-specific deep
learning models utilizing phosphoproteomic datasets better
in our future studies.
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