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Abstract 
We propose an updated approach for approximating the isotope distribution of average peptides given 

their monoisotopic mass. Our methodology involves in-silico cleavage of the entire UNIPROT database 

of Human reviewed proteins using Trypsin, generating a theoretical peptide dataset. The isotope 

distribution is computed using BRAIN. We apply a compositional data modelling strategy that utilizes 

an additive log-ratio transformation for the isotope probabilities followed by a penalized spline 

regression. Furthermore, due to the impact of the number of sulphur atoms on the course of the 

isotope distribution, we develop separate models for peptides containing zero up to five sulphur 

atoms. Additionally, we propose three methods to estimate the number of sulphur atoms based on an 

observed isotope distribution. The performance of the spline models and the sulphur prediction 

approaches is evaluated using a mean squared error and a modified Pearson’s χ² goodness-of-fit 

measure on an experimental UPS2 data set. Our analysis reveals that the variability in spectral 

accuracy, i.e., the variability between MS1 scans, contributes more to the errors than the 

approximation of the theoretical isotope distribution by our proposed average peptide model. 

Moreover, we find that the accuracy of predicting the number of sulphur atoms based on the observed 

isotope distribution is limited by measurement accuracy. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



Statement of Significance 
The observed isotope distribution plays a crucial role in pre-processing mass spectrometry data for 

shotgun proteomics. In this manuscript, we introduce an updated approach for approximating the 

isotope distribution of average peptides based on their monoisotopic mass. With our method we aim 

to address some of the limitations in previous studies. In this regard, we utilize the latest protein 

database and elemental isotope definition instead of relying on an Averagine model or theoretical 

peptides. Our proposed methodology incorporates a data modelling approach that properly accounts 

the compositional nature of the isotope probabilities. Moreover, we employ penalized spline 

regression to model the isotope distribution as a function of the monoisotopic mass, which offers a 

precise and flexible means of modelling the data. Furthermore, recognizing the influence of sulphur 

on the isotope distribution, we introduce different models for peptides containing from zero up to five 

sulphur atoms, resulting in more accurate predictions. Finally, we propose different methods to predict 

the number of sulphur atoms in a peptide, providing valuable insights for mass spectra identification. 

By addressing the limitations of previous publications and utilizing advanced modelling techniques, our 

approach contributes to the advancement of isotope distribution approximation and spectral 

identification. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



Introduction  
The observed isotope distribution is a valuable tool for pre-processing mass spectrometry data in 

shotgun proteomics experiments. Using the observed isotope distribution, the data volume can be 

significantly reduced, allowing downstream procedures for peptide identification or quantification to 

focus solely on relevant peptides.[1,2] However, employing the isotope pattern for data clean-up 

presents a catch-22 situation. In high-throughput and peptide-centric proteomics, mass spectra often 

contain crowded mixtures of unknown peptide molecules. Therefore, in order to leverage the 

informative isotope patterns of these molecules, it is necessary to first determine their identity and 

atomic composition for accurate computation of the isotope distribution.[3,4]  This creates a gridlock 

since the desired improvement in identification relies on the isotope distribution, which, in turn, 

necessitate knowledge on the molecule’s identity.  

Fortunately, applications utilizing the isotope pattern can work with an approximation of the isotope 

distribution, rather than an exact calculation. Thus, it suffices to provide these applications with an 

estimate of how an isotope distribution would appear for an average peptide. To this end, several 

estimation procedures have been developed in the past decades.[5-10] For example, the scaled 

Averagine method proposed by Senko et al. is based on the multinomial expansion to calculate the 

average isotopic distribution for peptides of any mass. However, the method is computationally 

intensive and not accurate enough for low mass peptides.[5,9] Another approach, introduced by Breen 

et al., approximates the multinomial expansion using a Poisson model.[6] Although the method is fast, 

it lacks accuracy when dealing with peptides containing sulphur. Moreover, Valkenborg et al. proposed 

a method that models the consecutive ratios of isotope peaks using a polynomial model, ignoring the 

compositional nature of the data.[9] A reviews paper that lists several applications and limitations of 

the isotope distribution has recently been published by Claesen et al.[11]  

The current generation of (high‐resolution) mass spectrometers have yielded increased sensitivity and 

improved detection limits. Moreover, time-of-flight instruments, which have regained popularity in 

recent years, have witnessed substantial improvements in spectral accuracy. Consequently, the 

isotope distribution of molecules can be measured with greater sensitivity, resolution and mass 

accuracy. This, along with more comprehensive protein databases, refined elemental isotope 

definitions, and enhancements in algorithmic and statistical methods, warrants an update to these 

models to predict the isotope distribution for an average peptide, given a specific mass value. Recently, 

a compositional model to predict the average isotope distribution of DNA and RNA oligonucleotides 

was proposed.[12] Although the method is efficient and accurate, it uses a high order polynomial model 

which is susceptible to boundary effects.  

In this manuscript, we propose a similar method, with the modification of using a spline regression 

approach, to predict the average isotope distribution of peptides, taking into account the number of 

sulphur atoms contained in the peptide. In order to avoid confusion, before proceeding, a couple of 

concepts should be defined. Isotopologues are molecular entities sharing the same chemical formula 

and atomic bonding arrangement, yet differing by the number of neutrons in at least one atom. An 

example includes CH4, CH3D, and CH2D2. These variations in isotopic composition give rise to the fine 

isotope distribution, which characterizes the likelihood of each isotopic variant’s occurrence within a 

molecule. Ignoring small mass deviations from integer values, these isotopic variants can be grouped 

into aggregated isotopic variants. The aggregated isotope distribution provides information about the 

number and probabilities of occurrence of these grouped variants. However, throughout the 

manuscript we will be working with the aggregated isotope distribution and we will refer to the 

aggregated isotope peaks as isotopic variants. For example, the monoisotopic peak is the first isotopic 

variant, the fifth isotopic peak aggregated all the M+4 isotopologues. 



 

 

Our proposed model utilizes tryptic peptides from the UNIPROT database. The theoretical isotope 

distribution is computed by the BRAIN algorithm[3] incorporating the most recent NIST definition for 

the elemental isotopes[13]. The resulting isotope information that is compositional in nature, i.e. it sums 

to one, is modelled using a penalized spline regression approach using the monoisotopic mass as input. 

Since the number of sulphurs has a large influence on the isotope distribution of peptides, we model 

the average isotope distribution for each distinct sulphur-containing category found in the peptide 

database separately, for peptides containing zero up to five sulphurs.  

In mass spectrometry data analysis, the molecule under investigation is often unknown. However, 

knowledge on the numbers of sulphur atoms in a peptide is required to apply the correct model since 

we propose different models for each sulphur category respectively. Recently, a machine learning 

approach was proposed to predict the number of sulphur atoms in peptides using the theoretical 

aggregated isotope distribution.[14] However, this method uses information on the masses and isotope 

probabilities of the observed isotope distribution. In this manuscript, we propose two methods to 

predict the number of sulphur atoms based on the observed monoisotopic mass. For the first method, 

we compute the average isotope distribution given an observed monoisotopic mass using each 

proposed sulphur model separately. The ‘correct’ sulphur model is then simply the model that 

produces the best fit, i.e. the smallest error compared to the observed isotope distribution. The second 

method is based on Bayes’ theorem for conditional probabilities and calculates the probability that a 

certain observed isotope distribution is generated by a peptide containing zero up to five sulphur 

atoms. 

The methods we propose in this manuscript are all computationally simple and accurate in predicting 

the expected isotopic distribution for an average peptide and the number of Sulphur atoms in the 

peptide given a certain monoisotopic mass. The prediction model is available as an online tool at 

https://dsi-uhasselt.shinyapps.io/pointless4peptides/. The online tool provides the predicted isotope 

distribution for an average peptide of a particular mass. The web interface presents the isotope 

information as a table and graphical representation. 

Materials and Methods 

Experimental Data 
In this manuscript, we used a publicly available data set obtained from an LC-MS/MS experiment to 

validate our findings. The experiment involved measuring a UPS2-kit that consists of a mixture 48 

precisely quantified proteins spanning five orders of magnitude ranging from 50 pmol to 500 amol. To 

obtain peptide samples, the UPS2 proteins in the experiment were enzymatically cleaved using trypsin. 

The resulting mixture of peptides was then subjected to liquid chromatography (LC) separation for 120 

minutes on an LTQ Orbitrap Velos instrument. The data set is accessible through the PRIDE repository 

under the identifier PXD000331. For a more comprehensive understanding of the measurement 

process, we recommend consulting the accompanying publication.[15]  

The data was measured in duplicates, but for the purpose of this manuscript we focused on a single 

file (A11-12042.raw file). The Thermo Fisher .raw file was converted into the mzML format using 

MSConvert (version 3.0.20351) deploying the vendor peak picking option. The experimental data was 

subjected to database search analysis using MS-GF+ (SearchGUI version 4.1.3) with a reverse target-

decoy approach, ensuring a false discovery rate (FDR) of 1%. The precursor mass tolerance was set to 

5 ppm, and the fragment mass tolerance was set to 0.6 Da. Carbamidomethyl (C) was set as fixed 

https://dsi-uhasselt.shinyapps.io/pointless4peptides/


modification, oxidation (M) as variable modification. Trypsin is specified as the digestion enzyme, 

allowing for up to two missed cleavages. The database search results were imported into 

PeptideShaker, and only spectra identified with 100% confidence were retained. The resulting feature 

table was then exported for further analysis.   

A distinct advantage of using the UPS2 data is that we have precise knowledge about the proteins 

present in the data, enabling us to anticipate the peptides and their expected masses within the 

observed spectra. Our objective was to curate an experimental dataset limited to fifty peptides. To 

select which peptides to include in our validation dataset, we focused on identifying the most intense 

peptides. Using the extracted ion chromatogram plotting the intensity of the observed signal in a 0.2 

Da mass interval around the identified peptide mass and a 30s interval around the retention time we 

recorded the total ion count. The choice for these parameters is in alignment with the experimental 

setting described by Ahrne et al. The recorded total ion counts were used to rank and order the spectra 

from highest to lowest TIC. Additionally, we only retained spectra where the first five peaks of the 

isotope distribution were observed. Subsequently, from this pool of spectra containing at least five 

observed isotopic peaks, we selected the top 50 most intense peptides to comprise our validation data 

set. For each of these chosen peptides, we extracted both the masses and intensities of the first five 

isotope peaks, using a 5 ppm mass tolerance. All subsequent analyses were performed using R (version 

4.2.3). 

Theoretical Data 
The models presented in this manuscript focus on human data. Although the average peptides are 

generally very similar across different species, separate models can be developed for each organism. 

For our theoretical data set, we obtained the entire UNIPROT database, comprising all Human 

reviewed proteins (20,350 protein entries on 24/4/2020). These proteins were digested in-silico using 

Trypsin, which is the most commonly used protease in peptide-centric proteomics[16], but specialized 

models could be conceived for each protease separately. After removing peptides with a redundant 

amino acid sequence and non-unique elemental compositions, and restricting the data set to peptides 

containing up to five sulphur atoms, we identified 284,947 peptides suitable for analysis. These 

peptides cover a mass range from 350.126 Da to 4999.689 Da. It should be noted that the choice to 

only include peptides up to five sulphur atoms is arbitrary. However, by doing so, we cover 99.5% of 

the unique atomic compositions. Figure 1 illustrates the distribution of peptides across different 

sulphur categories as a function of the monoisotopic mass. It is evident that the number of peptides 

varies significantly depending on the number of sulphur atoms present in the peptide. The distribution 

is highly unbalanced, with our theoretical dataset consisting of 118,256 peptides with zero sulphur 

atoms, 92,359 peptides with one sulphur atom, 48,271 peptides with two sulphur atoms, 18,051 

peptides with three sulphur atoms, 5,919 peptides with four sulphur atoms, and 2,091 peptides with 

five sulphur atoms. Moreover, a significant portion of the peptides in our theoretical data set have a 

monoisotopic mass between 1500 Da and 2500 Da, indicating that this is the most prevalent mass 

range. 



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

To compute the aggregated isotope distribution for all included peptides, we employ the BRAIN 

algorithm, using the most recent NIST[13] definition for the elemental isotopes. We restrict our analysis 

to the first six aggregated isotope peaks. Calculating the aggregated isotope distribution, that denotes 

the probability to observe a certain isotopic variant of a molecule, has previously been described as 

sampling ions from a multinomial distribution.[17-21] This implies that, theoretically, the isotope 

distribution is compositional in nature, where the probabilities of the different isotopes sum to one. 

The objective of this study is to predict the expected isotope distribution of an average peptide based 

on its monoisotopic mass using a regression approach. To properly account for the compositional 

nature of the data, we adopt the modelling approach introduced by Aitchison.[22-24] In essence, 

compositional data, such as the isotope distribution, can be represented on a high-dimensional 

simplex. Through Aitchison geometry, this representation can be transformed into real space using a 

well-characterized isomorphism.[24] However, the isotope distribution does not conform to a classical 

multinomial distribution, as the number of isotopes and the distribution of their probabilities vary 

depending on the peptide’s mass. For low mass peptides in our theoretical data set (mass < 2500 Da), 

the first six aggregated isotope peaks cover 100% of the isotope probabilities. However, for the highest 

mass peptides, the first six aggregated isotope peaks cover only 84% of the entire isotope distribution, 

thereby breaking the compositional data structure. As our goal is to develop a model that is applicable 

across the entire mass range of Human peptides, we introduce the concept of a pseudo-isotope or 

closure term. This pseudo-isotope acts as a sinkhole, collecting the remaining isotope probabilities in 

one additional isotope variant. By introducing this pseudo-isotope, we ensure that 100% of the isotope 

information is captured by the first 6 isotopic components and the additional closure component. 

Figure 1: Distribution of the peptides in our theoretical data set as a function of the 
monoisotopic mass. The colours correspond to peptides containing zero up to five sulphur 
atoms. The distribution is highly unbalanced, with our theoretical dataset consisting of  
118,256 peptides with zero sulphur atoms, 92,359 peptides with one sulphur atom, 48,271 
peptides with two sulphur atoms, 18,051 peptides with three sulphur atoms, 5,919 peptides 
with four sulphur atoms, and 2,091 peptides with five sulphur atoms. 



Average isotope distribution estimation 

Compositional data transformation 
We have described our approach in detail for DNA and RNA molecules previously.[12] The data 

transformation approach for peptides is completely the same, so we restrict ourselves to a short 

summary. For more extended information, the reader is referred to the aforementioned publication. 

Let 𝒙 = (𝑥1, 𝑥2, . . . , x7) denote the vector representing the first six aggregated isotope probabilities 

(𝑥1, 𝑥2, . . . , x6) and the pseudo-isotope (𝑥7 =  1 − ∑ 𝑥𝑖
6
𝑖=1 ). Then this compositional sample space can 

be accurately represented by the 6-dimensional unit simplex 

 
𝑆6 = {(𝑥1, . . . , 𝑥7) 𝜖 ℝ7 |𝑥𝑖 ≥ 0 𝑓𝑜𝑟 (𝑖 = 1, … ,7)  𝑎𝑛𝑑 ∑ 𝑥𝑖 = 1

7

𝑖=1

} (1) 

The elements of this simplex are nonnegative and constrained to sum to one by the creation of the 

closure term. In order to analyse the data using a regression approach, we transform the compositional 

data to the real space using an additive log-ratio transformation (ALR) 

 
 
 
 

𝑆6  →  ℝ6: (𝑥1, 𝑥2, . . . , 𝑥7)  →  (𝑙𝑛 (
𝑥2

𝑥1
) , 𝑙𝑛 (

𝑥3

𝑥1
) , . . . , 𝑙𝑛 (

𝑥7

𝑥1
)) = (𝑧1, 𝑧2, . . . , 𝑧6) (2) 

Note that the monoisotopic peak (𝑥1) is chosen as the reference component. We chose the 

monoisotopic peak as the reference because in general, for peptides, it is always observed in the mass 

spectrum. Moreover, the choice of the reference component does not influence the results or the 

interpretation of our modelling approach, since standard multivariate statistical models are invariant 

to the choice of reference category.[23,25]  

Modelling approach 
In our previous study, where we modelled the isotope distribution of an average DNA or RNA molecule 

based on its mass, we employed a univariate polynomial regression approach to model the isotopic 

envelope, transformed into ALR space.[12] However, we observed that the model was susceptible to 

boundary bias, with the polynomial estimators consistently over- or underestimating the true 

regression function at the edges of the data’s support. Additionally, we found that a high-order 

polynomial of degree ten was necessary to adequately capture the data trend. To address these 

challenges, we decided to revert to spline regression. While polynomial regression can only capture 

the general trend of the data, as it uses a single polynomial to models the entire data set, spline 

regression offers greater flexibility and accuracy by fitting local trends more precisely. This is 

accomplished through the use of piecewise continuous functions composed of numerous basis 

functions that collectively model the dataset. Moreover, spline regression yields more stable estimates 

and reduces the boundary effects of the estimator.  

However, one difficulty in spline regression lies in determining the appropriate number and placement 

of knots, which define the breakpoints for the piecewise continuous functions. To overcome this issue, 

we opted for penalized spline regression, where we used the monoisotopic mass as the independent 

variable to predict the ALRs. In this approach, we included a large amount of knots placed 

equidistantly, and let a penalization term take care of overfitting.[26] The basis functions for our 

penalized splines are B-splines, and the order of the spline and the estimation of the smoothing 

parameters are automatically determined using generalized cross validation.[26,27]    



Let the monoisotopic mass of a peptide be denoted by 𝑚, then the resulting spline models are given 

by 

 
𝐴𝐿𝑅𝑗 = ∑ 𝛽𝑖𝐵𝑖,𝑘(𝑚)

𝑛

𝑖=1

 

 

(3) 

For each ALR ratio 𝑗 (𝑗 = 1, … ,6) univariately, where 𝐵𝑖,𝑘  are the B-spline basis functions of order k at 

knots 𝑚1, … , 𝑚𝑛 (where n is the total number of knots) and 𝛽𝑖 are the spline coefficients.  

In our previous research, we discussed the major impact of a sulphur atom on the pattern of the 

isotope distribution[28]. This diversity in the isotope distribution introduced by sulphur is also apparent 

in Figure 2A, which illustrates the isotope distributions of the peptides in our theoretical data set. 

Therefore, we propose six distinct models for average peptides, for each sulphur category separately. 

This means we create separate models for peptides containing zero up to five sulphur atoms. Since we 

model each ALR univariately, this results in a total of 36 models, specifically six ALRs multiplied by six 

different sulphur categories. 

In addition to a predictive model for estimating the probabilities, a method is provided to predict the 

centroid masses of the corresponding isotopic variants. This approach essentially calculates the 

average mass differences between the aggregated isotope variants and the monoisotopic variant for 

all the peptides in the theoretical database, for each number of sulphur atoms separately. The 

outcome of this computation yields a simple vector of mass differences to which the monoisotopic 

mass of the molecule is added. 

Back-transformation 
The ALR ratios are back-transformed to the original simplex space using a modified softmax 

transformation to obtain the isotopic probabilities of the first six aggregated isotope peaks and the 

closure term. By adding an extra column of ones before employing the softmax transformation, we 

control the probabilities predicted by the unconstrained penalized spline regression approach to 

produce estimates that sum back to one. 

 

ℝ6 → 𝑆6: (𝑧1, 𝑧2, … , 𝑧6) → (𝑥1, 𝑥2, … , 𝑥7) = (
1

𝑔(𝑧)
,

𝑒𝑧1

𝑔(𝑧)
, … ,

𝑒𝑧6

𝑔(𝑧)
) 

𝑤𝑖𝑡ℎ 𝑔(𝑧) = 1 + 𝑒𝑧1 + ⋯ + 𝑒𝑧6 

(4) 

 
  

The Goodness-Of-Fit Statistic 
The performance of our theoretical model is evaluated using the benchmark data set described in the 

experimental data section. The model predicts the first six isotopes as ALR transformed ratios and their 

probabilities back-transformed via the modified softmax function. We employ the same goodness-of-

fit statistics as previously described.[12] The main difference compared to our previous publication lies 

in the assumption that the monoisotopic peak is always observed for peptides, whereas this might not 

be the case for DNA/RNA molecules. However, it is worth noting that we do not always observe all six 

peaks in the experimental mass spectra. As a result, the calculation of the goodness-of-fit metrics is 

limited to the number of observed peaks. Therefore, we define (𝑜1, … , 𝑜𝑙) as the observed isotope 

pattern, where 𝑜1 represents the monoisotopic peak and 𝑜𝑘 represents the last observed isotope 

variant. 



The first goodness-of-fit statistic is inspired by the mean squared error, which is commonly used to 

evaluate univariate linear regression models. In our case, we adopt this metric to assess the error in 

ALR space. To calculate the ALR goodness-of-fit metric, we first transform the observed spectrum to 

ALR space by applying the log-ratio transformation using the monoisotopic peak as reference: 

 

 (𝑡1, … , 𝑡𝑙−1) = (ln(
𝑜2

𝑜1
) , … , ln(

𝑜𝑙

𝑜1
)) (5) 

 

The goodness-of-fit in ALR space can then be evaluated by calculating the mean squared error 

 

 
𝑀𝑆𝐸𝐴𝐿𝑅 =  

1

𝑙 − 1
∑(ti − 𝑧𝑖)2

𝑙−1

𝑖=1

 (6) 

 

Where (𝑧1, … , 𝑧𝑙−1) are the predicted ALR ratios using the spline model described in the previous 

section. 

The second goodness-of-fit statistic we adopted is a metric in the simplex space (i.e. probabilities) that 

is inspired by the multinomial test introduced by Pearson[29]:   

 

 
𝜒𝑠𝑖𝑚𝑝𝑙𝑒𝑥

2 =
1

𝑙
∑

(𝑂𝑖 − 𝐸𝑖)2

𝐸𝑖

𝑙

𝑖=1

 (7) 

 

Where 𝐸𝑖 = 𝑁𝑥𝑖  is the expected peak intensity, with 𝑁 being the total peak intensity and 𝑥𝑖 the 

predicted probabilities using the theoretical models, back-transformed using the modified softmax 

transformation. To fit the theoretical model, we introduced a closure term to make sure the 

aggregated isotope distribution sums to one. When not all isotopes are detected in a spectrum, the 

total intensity 𝑁 is unknown. Therefore, 𝑁 is calculated as the ratio of the sum of the observed 

intensities and the sum of the probabilities of the expected peaks.  

 

 
𝑁 =

∑ 𝑂𝑖
𝑙
𝑖=1

∑ 𝑥𝑖
𝑙
𝑖=1

 (8) 

 

Sulphur model selection 

As mentioned in the previous section, we emphasized the strong dependence of the isotope 

distribution on the number of sulphur atoms present in a peptide. Consequently, we develop separate 

models for the isotope distribution for peptides containing zero up to five sulphur atoms. In our 

theoretical data set, all peptides are identified, enabling us to precisely determine the number of 

sulphur atoms and select the appropriate model to predict the isotope distribution. However, in 

practice, this level of information is not always available. Therefore, we aim to predict the number of 

sulphurs based on the observed isotope distribution of a peptide. To achieve this, we propose two 

different strategies.  



The first strategy relies on the previously described goodness-of-fit statistics in ALR and simplex space. 

The spline models are fitted using only the monoisotopic mass obtained from the observed mass 

spectrum. Based on this monoisotopic mass, the average isotope distribution can be predicted using 

the separate models corresponding to 0, 1, …, 5 sulphurs. By comparing these predictions with the 

observed distribution in an experimental spectrum, we can calculate the 𝑀𝑆𝐸𝐴𝐿𝑅 and the 𝜒𝑠𝑖𝑚𝑝𝑙𝑒𝑥
2  for 

each sulphur model separately. The idea is that the ‘correct model’, i.e. the model that is fitted based 

on the correct number of sulphur atoms present in the observed peptide, produces the smallest error. 

Therefore, the number of sulphur atoms can be predicted by:  

 
𝑆̂ = arg min

𝑠
{𝑀𝑆𝐸𝐴𝐿𝑅,𝑆0, … , 𝑀𝑆𝐸𝐴𝐿𝑅,𝑆5} 

 

(9) 

Or 
𝑆̂ = arg min

𝑠
{𝜒𝑠𝑖𝑚𝑝𝑙𝑒𝑥,𝑆0

2 , … , 𝜒𝑠𝑖𝑚𝑝𝑙𝑒𝑥,𝑆5
2 } 

 

(10) 

For the second strategy we adopt Bayes’ theorem for conditional probabilities. Let A and B be two 

events, then Bayes’ theorem states: 

 

𝑃(𝐴|𝐵) =
𝑃(𝐵|𝐴)𝑃(𝐴)

𝑃(𝐵)
 (11) 

We are interested in estimating the probability that a certain peptide has 𝑛 sulphur atoms, with 

𝑛 varying between zero and five, given the observed isotope distribution. Hence, we are interested in 

calculating the conditional probability of the sulphur content being equal to 𝑛, given the observed 

isotope distribution: 

 

𝑃(𝑆 = 𝑛 |(𝑡1, … , 𝑡𝑙−1) ) =
𝑃((𝑡1, … , 𝑡𝑙−1)|𝑆 = 𝑛)𝑃(𝑆 = 𝑛)

𝑃(𝑡1, … , 𝑡𝑙−1)
 (12) 

Where we call 𝑃((𝑡1, … , 𝑡𝑙−1)|𝑆 = 𝑛) the ‘likelihood’, i.e. the probability that we observe this isotope 

distribution given that we assume the peptide contains 𝑛 sulphur atoms. The probability 𝑃(𝑆 = 𝑛) is 

the ‘prior’, which is the probability of observing a peptide that contains 𝑛 sulphur atoms and 

𝑃(𝑡1, … , 𝑡𝑙−1) is a normalizing factor which, based on the law of total probability, can be calculated by 

 

𝑃(𝑡1, … , 𝑡𝑙−1) =  ∑ 𝑃((𝑡1, … , 𝑡𝑙−1)|𝑆 = 𝑛)𝑃(𝑆 = 𝑛)

5

𝑛=0

 (13) 

The probability of having 𝑛 sulphur atoms given the observed isotope distribution (𝑜1, … , 𝑜𝑙)  is 

referred to as the ‘posterior probability’ 𝑃(𝑆 = 𝑛 |(𝑡1, … , 𝑡𝑙−1) ).  It is important to note that this 

posterior probability is calculated in ALR space. This means that we first transform the observed 

isotope distribution using the additive log-ratio transformation. This transformation is necessary 



because we may not always observe the first six isotope peaks, resulting in partial isotope distributions. 

By working in ALR space, we can employ models that can appropriately handle such partial isotope 

distributions.  

To compute the likelihood 𝑃((𝑡1, … , 𝑡𝑙−1)|𝑆 = 𝑛), we start by predicting the ALR ratios using the 

monoisotopic mass extracted from the observed mass spectrum. This prediction is done separately for 

each of the six sulphur models. For each sulphur model, we calculate the normal probability density 

function using the mean and variance estimated by our spline models. This probability density function 

represents the likelihood that the observed ALRs are generated from a normal distribution with the 

estimated mean and variance.  

The prior probability 𝑃(𝑆 = 𝑛) corresponds to the probability of observing a peptide with 𝑛 sulphur 

atoms, which depends on the peptide’s mass. To calculate this probability, we determine the mean 

number of sulphurs for peptides of a given mass. We employ a sliding window approach on the 

monoisotopic mass, using a window size of 50 Da and a 10 Da overlap on our theoretical data. In each 

mass bin, we calculate the total number of peptides in our data set with zero up to five sulphur atoms. 

From this information, we obtain the mean number of sulphurs per mass bin, denoted as lambda in 

our analysis. To model the relationship between peptide length and the number of sulphur atoms, we 

use a count process, where lambda represents the mean count per mass bin. We consider several 

distribution options for fitting, including the Poisson, negative binomial, zero-inflated Poisson and 

Conway-Maxwell Poisson distributions.  

Using the likelihood of the data 𝑃((𝑡1, … , 𝑡𝑙−1)|𝑆 = 𝑛) and the prior probability 𝑃(𝑆 = 𝑛), we 

calculate the posterior probabilities 𝑃(𝑆 = 𝑛 |(𝑡1, … , 𝑡𝑙−1) ) for each of the sulphur models, given the 

monoisotopic mass from the observed spectrum. The posterior probability indicates the probability 

that an observed isotope distribution is generated by a peptide that contains 𝑛 sulphur atoms. 

Therefore, the model that produces the highest posterior probability is considered the most likely 

prediction for the number of sulphur atoms (𝑛) in the peptide. 

Results 

Average Isotope Distribution Modelling 
Figure 2A showcases scatterplots depicting the first six isotopes of all peptides present in our 

theoretical data set, encompassing a total of 284,947 peptides. These peptides have monoisotopic 

masses ranging from 350.126 Da to 4999.689 Da. The x-axis represents the monoisotopic mass of the 

peptides, while the y-axis represents their respective probabilities. Each data point is color-coded to 

indicate the number of sulphur atoms in the peptide, ranging from zero to five. The plots clearly 

demonstrate the substantial influence of the sulphur atom count on the isotope distribution of 

peptides. Figure 2B specifically focuses on the scatterplot of the closure term, which sums up the 

probabilities of the first six aggregated isotope probabilities to achieve a total of one. For low mass 

peptides, the closure term is equal to or very close to zero. However, as the mass of the peptides 

increases, the closure term gradually increases as well, reaching a value of up to 0.15 for high mass 

peptides. Figure 2C shows the average theoretical aggregated isotope distributions of molecules 

around 2000 Da and 4000 Da containing 0 to 5 sulphur atoms. This represents a vertical cross section 

of the black lines in the scatterplots in Figure 2A and Figure 2B at a mass of 2000 Da and 4000 Da. Note 

that the masses on the x-axis in Figure 2C were offset by 0.1 Da for each peptide containing an 

increasing number of sulphur atoms to visualize the probabilities more clearly. 



 

Figure 2: (A) Scatterplots showcasing the first six isotope probabilities (y-axis) of all peptides in our theoretical data set in 
relation to the monoisotopic mass (x-axis). (B) Scatterplot showcasing the closure term (y-axis), which sums the probabilities 
of the first six isotopes to one in relation to the monoisotopic mass (x-axis). The data points in all scatterplots are color-coded 
to indicate peptides containing zero to five sulphur atoms. The black lines present the predicted isotope probabilities obtained 
after applying the modified softmax transformation on the ALRs predicted using our penalized spline regression models.  



 (C) The average aggregated isotope distributions for molecules with a monoisotopic mass of 2000 Da and 4000 Da. There is 
a horizontal offset in the mass of 0.1 to show the peaks for molecules containing a different number of sulphur atoms more 
clearly. From this Figure it is clear that the isotope distributions are highly dependent on the number of sulphur atoms in the 
peptide.  

 

Figure 3 illustrates a scatterplot that depicts the relationship between the ALR-transformed isotopes, 

with the monoisotopic variant serving as the reference, and the monoisotopic mass. The ALR CLOSURE, 

derived from the ratio of the closure term and the monoisotopic variant, is also included in the plot. 

Each ALR-transformed isotope is independently modelled using a penalized spline regression model 

specific to each sulphur category. Consequently, a total of 36 models are fitted. The number of knots 

and the order of the penalized spline prediction model are automatically determined using generalized 

cross validation. The black lines depicted in Figure 3 represent the predicted values of the ALR-

transformed isotopes obtained from the spline model. Subsequently, after applying the inverse 

transformation via the modified softmax function, the predicted isotope probabilities are derived. 

These predicted probabilities for the first 6 aggregated isotopes of our theoretical peptides, as well as 

the closure term, are visualized in Figure 2A and Figure 2B, respectively. In both figures, it is evident 

that the predicted values align with the centre of the data cloud. The accuracy of the fit is further 

supported by the residual plot presented in Supplementary Figure S1. For the majority of the ALRs, the 

residuals fall within an error interval ranging from -0.3 to 0.3. These results indicate that approximating 

the theoretical isotope distribution with an average model is justified, as it introduces only a small 

degree of deviation. 

 

 

Figure 3: Scatterplots showcasing the ALR transformed isotopes (y-axis) in relation to the monoisotopic mass (x-axis) based 
on the first six isotope probabilities and the closure term. The monoisotopic mass is taken as the reference isotope for this 
transformation. ALR CLOSURE is the additive log-ratio transformation of the pseudo-isotope. The data points are color-coded 
to indicate peptides containing zero up to five sulphur atoms. The black lines present the predicted ALRs using our penalized 
spline regression models.  

 

To gain a deeper understanding of the error metrics proposed in this study, we present the mean 

squared errors between the ALR-transformed isotopes computed using BRAIN and the penalized spline 



regression model predictions, as well as the mean Pearson chi-squared error between the theoretical 

isotope probability values computed using BRAIN and the softmax-transformed predicted 

probabilities. These error measurements are illustrated in Supplementary Figure S2 and Figure S3, 

respectively. Notably, the size of the errors varies according to the number of sulphur atoms present 

in the peptide, but remains consistent across the entire mass range of the peptides. In addition to 

estimating the probabilities, the model offers a predictive feature for determining the centroid mass 

of the aggregated isotopic variant. This prediction involves calculating the average mass differences 

between each isotope variant and the corresponding monoisotopic variant across the peptides in our 

theoretical database, for each number of sulphurs separately. We present the results of these average 

mass differences in in Table 1. Noteably, there is only a minor discrepancy between the average mass 

differences of peptides with a varying number of sulphur atoms. The values in Table 1 are used to 

compute the centroid masses of the predicted isotope probabilitites by simple addition of these values 

to the observed mass of the monoisotopic variant. 

Table 1: Average mass differences (in Da) between the centroid masses of the aggregated isotope variants and the 
monoisotopic variant for all peptides in the theoretical database, for each number of sulphur atoms separately. Isotope 1 is 
the monoisotopic variant. 

 Isotope 
1 

Isotope  
2 

Isotope  
3 

Isotope  
4 

Isotope  
5 

Isotope  
6 

0 S atoms 0 1.002891678 2.005596818 3.008229827 4.010806086 5.013344473 

1 S atom 0 1.00286816 2.004629099 3.00639507 4.008163627 5.009999388 

2 S atoms 0 1.002843655 2.004123027 3.00558085 4.006825931 5.00814229 

3 S atoms 0 1.00283248 2.004039656 3.005395842 4.006442102 5.007544965 

4 S atoms 0 1.002829018 2.004165477 3.005488558 4.006517479 5.007537239 

5 S atoms 0 1.0028162 2.004183866 3.005451329 4.006430802 5.007365125 

  

Sulphur Distribution Modelling 

The results of our sliding window approach, displaying the mean number of sulphur atoms (lambda) 

as a function of the monoisotopic mass is presented by the scatterplot in Figure 4A. A similar penalized 

spline regression model as described in the previous section is used to model lambda as a function of 

the monoisotopic mass, indicated by the red line in Figure 4A. This model enables us to predict the 

mean number of sulphur atoms for an average peptide given a specific monoisotopic mass. 

Furthermore, our sliding window analysis allows us to determine the probabilities of observing a 

peptide with 𝑛 sulphur atoms, given the monoisotopic mass 𝑃(𝑆 = 𝑛). These probabilities are 

presented in the scatterplots in Figure 4B. To determine the best-fit distribution (Poisson, Negative 

Binomial, Conway-Maxwell Poisson, or zero-inflated Poisson) for these probabilities, we assess the 𝜒2-

error and mean square error approach as described in the Materials and Methods section. The results 

are presented in Supplementary Materials Table S1. The negative binomial distribution exhibits the 

best fit, as indicated by the smallest 𝜒2-error and mean square error. Consequently, we assume that 

the prior probabilities 𝑃(𝑆 = 𝑛), as described in the Materials and Methods section, follow a negative 

binomial distribution. The mean of this distribution is equal to lambda, while the dispersion parameter 

is estimated based on the data. The fit of the binomial distribution is represented by the red lines in 

Figure 4B. 



 

Figure 4: (A) Scatterplot displaying the results of our sliding window approach. The y-axis shows the mean number of sulphur 
atoms as a function of the monoisotopic mass (x-axis). The red line shows the result of a penalized spline regression model 
that uses the monoisotopic mass as input to predict lambda. (B) Scatterplot displaying the probability of observing n sulphur 
atoms (y-axis) in relation to the monoisotopic mass (x-axis). The red lines show the fit of the negative binomial distribution 
using lambda from (A) and a dispersion parameter estimated by the data.   

Since we know the identity of the peptides in our theoretical database, we can use this to gain a deeper 

understanding of the achievable sulphur prediction accuracies. For this purpose, we use all available 

sulphur models to predict the ALRs and isotope probabilities for every peptide in our data set. 

Subsequently, we predict the number of sulphur atoms using the minimal 𝑀𝑆𝐸𝐴𝐿𝑅  and minimal 𝜒2-

error. We compare these predictions to the true sulphur count based on the peptides’ elemental 

composition. Additionally, we predict the number of sulphur atoms using the maximal posterior 

probability approach, which incorporates both the data likelihood and prior information, and compare 

these predictions to the true values. The overall accuracy of sulphur prediction based on the minimal 

𝑀𝑆𝐸𝐴𝐿𝑅 approach is equal to 0.8076, while for the minimal 𝜒2-error approach it is equal to 0.8932. In 

case of the posterior probability approach, the total accuracy is 0.8023. These accuracies represent the 

highest achievable prediction accuracies in a theoretical and thus experimental setting. The overall 

prediction accuracies are quite similar, however, the minimal 𝜒2-error approach displays the best 

overall prediction outcomes. For more detailed information, including confusion matrices, please refer 

to Supplementary Figures S4-S6. 

EXPERIMENTAL VALIDATION 
The final penalized spline models are evaluated using experimental spectral data, as detailed in the 

Materials and Methods section. Our experimental data set comprises 50 peptides with monoisotopic 

mass values ranging from 893.4244 Da to 3577.7645 Da. Within this data set, we have 35 peptides 

without any sulphurs, 10 peptides with one sulphur atom, 3 peptides with two sulphur atoms, and 2 

peptides with three sulphur atoms. We extracted the first five observed isotope peaks for all 50 

peptides. By employing MS-GF+ for peptide identification, we know the elemental composition of the 

peptides, including the number of sulphur atoms. This knowledge allows us to determine the 

appropriate sulphur model in advance.  

Firstly, to assess the potential error caused by instrument variability, we compared the experimental 

data with the theoretical isotope distribution computed by BRAIN. Note that when we refer to 

‘variability in spectral accuracy’, we mean the variability between MS1 scans. In general, it is known 

that higher-order isotope peaks are measured less accurately in a mass spectrometer. Therefore, we 

computed the 𝑀𝑆𝐸𝐴𝐿𝑅 and the mean Pearson 𝜒2-error between the observed isotope distribution and 

the expected isotope distribution using BRAIN, considering the first three, four and five observed 



isotope peaks. Scatterplots displaying the results of this analysis are shown in Supplementary Figure 

S7. Generally, we observed that the 𝑀𝑆𝐸𝐴𝐿𝑅 tends to increase as the number of considered isotope 

peaks increases. Particularly in the lower mass range of our experimental data set, the analysis 

demonstrates that the fifth isotope peak is measured less accurately. However, the observed errors 

(range shown in Table S2) align with those depicted in Figure S2, suggesting that the experimental 

variability in our validation data set is consistent with our expectations. On the other hand, the mean 

Pearson 𝜒2-error shows greater consistency across the different orders of isotope information used 

and is comparable to the expected errors shown in Figure S3 (range shown in Table S2). An important 

remark with respect to the scaling should be made here. As the peptide identity is known, we rescaled 

the extracted peak intensities of each of the 50 experimental peptide spectra such that they sum up 

to the summed probabilities of the first three, four or five peptide isotopes as computed using BRAIN. 

By implementing this scaling, we established direct comparability between the predicted probabilities 

from BRAIN and the observed probabilities in the experimental dataset. Consequently, we are able to 

assess instrument variability and compare it to the theoretically expected values.   

Secondly, we compared the experimental data with the predictions generated by the penalized spline 

regression models to evaluate whether the error introduced by the average model is acceptable in 

comparison to the error originating from instrumental variability. Figure 5 displays scatterplots 

illustrating the results of the error analysis in relation to the monoisotopic mass, while Table 2 presents 

the range of the errors. It is important to note that the observed isotope probabilities were rescaled 

to enable a direct comparison with the errors expected due to instrument variability as depicted in 

Figure S7. We can clearly see that the errors computed between the observed isotope distribution and 

the predicted isotope distribution using the spline models are higher compared to the errors computed 

between the observed isotope distribution and the theoretical isotope distribution using BRAIN. 

However, the mean absolute difference between the theoretical 𝑀𝑆𝐸𝐴𝐿𝑅 and the spline 𝑀𝑆𝐸𝐴𝐿𝑅 is 

minimal, measuring to 0.005, 0.010, and 0.017 when considering three, four, or five isotope peaks, 

respectively. This finding suggests that the error introduced by using the average spline model is small 

compared to the expected error due to instrument variability. Thus, indicating that our penalized spline 

regression models accurately predict the isotope distribution of the peptides.  Similarly, the mean 

absolute difference between the theoretical 𝜒2-error and the spline 𝜒2-error is consistently low, with 

a value of 0.0003 for the analysis involving three up to five isotope peaks. This further supports the 

conclusion that the spline models perform well in predicting the peptide’s isotope distributions. A plot 

illustrating the best observed and the predicted isotope distribution for the best fitting peptide (i.e. 

lowest error) and the worst fitting peptide (i.e. highest error) is provided in Figure S8. 

Table 2: Range of the 𝑀𝑆𝐸𝐴𝐿𝑅 and the mean Pearson 𝜒2-error between the observed isotope distributions and the predicted 
isotope distributions computed using our penalized spline regression approach, considering the first three, four, and five 
observed isotope peaks. 

 

 

 

 

 

  Lower Upper 

Using 3 isotope peaks 
𝑴𝑺𝑬𝑨𝑳𝑹  3.690e-05 4.688e-02 

Mean 𝝌𝟐-error  2.215e-05 3.180e-03 

Using 4 isotope peaks 
𝑴𝑺𝑬𝑨𝑳𝑹  1.396e-04 1.674e-01 

Mean 𝝌𝟐-error  3.145e-05 4.994e-03 

Using 5 isotope peaks 
𝑴𝑺𝑬𝑨𝑳𝑹  8.702e-04 1.004e-00 

Mean 𝝌𝟐-error  5.911e-05 4.566e-03 



Lastly, we assess the accuracy of the prediction of the number of sulphurs atoms in our experimental 

peptides using the minimal MSE, minimal 𝜒2-error and maximal posterior probability approaches. We 

did this exercise using information from the first three, four and five isotope peaks in the observed 

spectra. The detailed results and confusion matrices for the nine different prediction exercises are 

presented in Supplementary Figures S9-S17. In general, the overall prediction accuracy remains 

consistent across the different approaches. sulphur prediction based on the first three or four isotope 

peaks show slightly better performance compared to predictions based on five isotope peaks. 

Moreover, the minimal 𝜒2-error and the maximal posterior probability approaches perform better 

than sulphur prediction based on the minimal mean squared error in ALR space. Overall, for peptides 

containing zero or one sulphur atom, the number of sulphurs can be predicted quite accurately, with 

sensitivities reaching up to 80% and 70% for these respective categories. This is achieved using the 

maximal posterior probability approach on the first three isotope peaks. However, peptides in the 

experimental data set containing two or three sulphur atoms are consistently misclassified as having 

zero or one sulphur atom(s) across all different methods. This discrepancy can be attributed to the 

higher measurement error observed in Figure S7. It is clear that the errors between the observed 

isotope distribution and the expected isotope distribution using BRAIN, especially from the peptides 

containing two sulphur atoms, are higher compared to the other peptides, indicating that these 

peptides were measured less accurately. This can explain the decreased accuracy in predicting the 

correct number of sulphur atoms. Furthermore, the experimental peptides with three sulphur atoms 

are predominantly found in higher mass range. In this mass range, there is more overlap in the 

theoretical isotope distributions, as depicted in Figure 2 and Figure 3. Hence, even slight deviations in 

the measured isotope distribution can affect the prediction of the number of sulphurs. Finally, it is 

worth noting that theoretically there are more peptides containing zero or one sulphur atoms than 

there are peptides containing more sulphur atoms. As a result, the prediction approaches, especially 

the posterior probability method, tend to be skewed towards predicting fewer sulphur atoms, which 

is consistent with the observed trend. 

Figure 5: Scatterplots showing the 𝑀𝑆𝐸𝐴𝐿𝑅 and the mean Pearson 𝜒2-error between the observed isotope distributions and the 
predicted isotope distributions computed using the penalized spline regression models, considering the first three, four, and five 
observed isotope peaks.  The colours indicate the number of sulphur atoms in the peptide.  



Software 
The modelling approach described in this manuscript has been implemented in Shiny (a package in R 

programming language) and deployed at https://dsi-uhasselt.shinyapps.io/pointless4peptides/. The 

user interface is presented in the screenshot in Figure 6.  

 

 

Figure 6: The modelling framework for the prediction of the isotope distribution for an average peptide  based on the 
compositional spline model introduced in this manuscript has been made available to a wider public via an easy-to-use web 
application. 

Firstly, the user has to provide the monoisotopic mass (in Da) of a molecule for which the aggregated 

isotope distribution needs to be calculated. Note that for any specified mass value that exceeds the 

mass range used in the model fitting (5000 Da), the isotope distribution will not be computed and 

warning messages will be shown. In the following step, the number of sulphur atoms needs to be 

specified. Currently, the app does not incorporate the automatic prediction of the number of sulphur 

atoms yet. Once the mass and sulphur number is specified, the "Calculate" button triggers the 

prediction of the isotopic envelope, and the predicted probabilities are directly displayed in the user 

interface as a downloadable table and graph.   

Discussion  
In this paper, we introduce an updated approach for approximating the isotope distribution of average 

peptides based on their given mass. Our method incorporates several advancements, including the 

utilization of the latest protein database and elemental isotope definition. Instead of relying on an 

Averagine model or a set of theoretical peptides, we employ the BRAIN algorithm to accurately 

compute the aggregated isotope distribution for all tryptic peptides in the database. By leveraging this 

extensive data, we can optimally model the isotope probabilities using a state-of-the art statistical 

algorithm that allows us to process the entire protein database to accurately predict the average 

isotope distribution for a peptide of a given mass. 

It is important to note that our proposed method is not a continuation of the model presented in 

2008.[9] The previous model tried to avoid the compositional nature of the data by giving estimates of 

the isotope ratios. Instead, our approach draws inspiration from the method of Gay et al., but 

optimized to deliver actual isotope probabilities rather than relying on more complex algorithms or 

statistical models.[7] We achieve this though the application of a compositional data model that utilizes 

https://dsi-uhasselt.shinyapps.io/pointless4peptides/


an additive log-transformation followed by a penalized spline regression model. Furthermore, our 

model is extended to estimate the first six isotopes, including the monoisotopic variants. The Poisson 

model proposed by Breen also provides an elegant solution to handle the compositional nature of the 

data.[6] However, the Poisson model is not flexible enough to handle sulphur in the data. To overcome 

this limitation, we model the isotope distributions for peptides containing up to five sulphur atoms 

separately. Moreover, by employing a statistical regression approach to model the peptide database, 

we can provide a measure of uncertainty on the predicted isotope probabilities. 

Finally, we proposed different methods to predict the number of sulphur atoms in a peptide, given an 

observed mass spectrum. The proposed methods all rely on the accuracy with which the isotope 

distribution of the experimental peptides is measured. Our findings indicate that the error introduced 

by averaging the isotope distribution is small compared to the error introduced by instrument 

variability. However, it should be noted that the prediction accuracy for the number of sulphur atoms 

is limited by measurement accuracy in our experimental data set. Nevertheless, we utilize a posterior 

probability approach to predict the number of sulphur atoms, providing the probability that a certain 

observed isotope distribution was generated by a peptide containing 𝑛 sulphur atoms (where 𝑛 ranges 

from zero to five). To achieve this, we employ a prior representing the probability that a certain peptide 

has 𝑛 sulphur atoms given a certain monoisotopic mass using the negative binomial distribution. These 

properties present opportunities for further exploration and exploitation in future research. 
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