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Abstract. Gas chromatography – mass spectrometry (GC-MS) is a very important method of chemical analy-
sis. GC-MS can be used for non-target chemical analysis and preliminary screening of completely unknown 
compounds. Electron ionization mass spectrometry is commonly used in GC-MS. Some information can be 
extracted directly from GC-MS data using machine learning methods. There are several previous works in 
which machine learning models extract information about the presence or absence of given substructures in a 
molecule directly from the electron ionization mass spectrum. Rarely, the additional data such as molecular 
weight and retention index are used together with the mass spectrum as input features of such models, however, 
no systematic comparison of how the use of such data increases the accuracy of the prediction was previously 
conducted. In this work, gradient boosting was used for prediction of the presence or absence of given sub-
structures in a molecule. The following substructures were considered: aromatic ring, 5-membered aromatic 
ring, 6-membered aromatic ring without heteroatoms (benzene ring), nitrogen-containing aromatic ring, pri-
mary, secondary, and tertiary amino groups, nitrile, hydroxyl, carbonyl, methoxy, methyl, and carboxyl groups. 
Three types of additional features were used: molecular weight and neutral loss spectra (molecular weight also 
allows for the neutral loss spectra computation), retention index for the non-polar stationary phase, and reten-
tion index for the polar stationary phase. A total of 8 feature sets were considered. In most cases, the molecular 
weight and neutral loss spectrum considerably improve the accuracy. Retention indices also allow for further 
accuracy increase. For polar functional groups such as carbonyl and hydroxyl, the effect of using retention 
indices is maximal. The use of retention indices for two stationary phases allows for the achievement of the 
best accuracy. The best accuracy of prediction was achieved for the benzene ring and aromatic ring, the worst 
(but still high) accuracy was observed for the secondary amino group. The achieved accuracy was compared 
with the previous results. In addition to the classification tasks, the regression tasks were considered. The gra-
dient boosting models that predict the number of aromatic atoms, methyl groups, and benzene rings were de-
veloped. It was observed that the use of additional features considerably improves the accuracy in this case. 
Finally, it should be noted that the regression models underestimate the number of occurrences when the num-
ber is high.  
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Аннотация. Газовая хромато-масс-спектрометрия (ГХ-МС) – очень важный метод химического ана-
лиза. ГХ-МС можно использовать для нецелевого химического анализа и предварительного скрининга 
совершенно неизвестных соединений. В ГХ-МС обычно используется масс-спектрометрия с иониза-
цией электронами. Возможно извлечение информации непосредственно из данных ГХ-МС с использо-
ванием методов машинного обучения. Есть несколько ранее опубликованных работ, в которых модели 
машинного обучения извлекают информацию о наличии или отсутствии заданных подструктур в мо-
лекуле непосредственно из масс-спектра электронной ионизации. Дополнительные данные, такие как 
молекулярная масса и индекс удерживания, изредка используются вместе с масс-спектром в качестве 
входных данных для таких моделей, однако ранее не проводилось систематического сравнения того, 
как использование таких данных повышает точность предсказания. В этой работе для предсказания 
наличия или отсутствия заданных подструктур в молекуле использовался градиентный бустинг. Были 
рассмотрены следующие подструктуры: ароматическое кольцо, 5-членное ароматическое кольцо, 6-
членное ароматическое кольцо без гетероатомов (бензольное кольцо), азотсодержащее ароматическое 
кольцо, первичные, вторичные и третичные аминогруппы, нитрил, гидроксил, карбонил, метокси, ме-
тил и карбоксильные группы. Использовались три типа дополнительных входных данных: молекуляр-
ная масса и спектры нейтральных потерь (молекулярная масса позволяет вычислять спектры нейтраль-
ных потерь), индекс удерживания для неполярной неподвижной фазы и индекс удерживания для по-
лярной неподвижной фазы. Всего было рассмотрено 8 наборов входных данных. В большинстве слу-
чаев молекулярная масса и спектр нейтральных потерь значительно улучшают точность. Индексы 
удерживания также позволяют дополнительно повысить точность. Для полярных функциональных 
групп, таких как карбонил и гидроксил, эффект от использования индексов удерживания максимален. 
Использование индексов удерживания для двух стационарных фаз позволяет добиться наилучшей точ-
ности. Наилучшая точность предсказания достигнута для бензольного и ароматического колец, наихуд-
шая (но все же высокая) – для вторичной аминогруппы. Достигнутая точность была сравнена с резуль-
татами из предыдущей работы. Помимо задач классификации были рассмотрены регрессионные за-
дачи. Были разработаны модели на основе градиентного бустинга, которые предсказывают количество 
ароматических атомов, метильных групп и бензольных колец. Было замечено, что использование до-
полнительных входных данных значительно повышает точность и в этом случае. Наконец, следует от-
метить, что регрессионные модели недооценивают количество вхождений, когда это число велико. 
Ключевые слова: масс-спектрометрия, газовая хроматография, нецелевой анализ, машинное обуче-
ние, градиентный бустинг. 
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Introduction 
Gas chromatography – mass spectrome-

try (GC-MS) is a widely used analytical 
method for both targeted and non-targeted 
analysis of complex mixtures of volatile 
compounds. It is widely used in industry, 
pharmaceutics, environmental analysis [1-
2], and in metabolomics studies [3-4]. The 
most widely used approach for non-target 
GC-MS analysis is the library search in MS 
databases [5], such as the NIST 17 database 
[6]. Unfortunately, the majority of organic 
molecules are absent in all MS databases, 
and standard samples also are not available. 
Qualitative screening of such molecules is a 
complex task [7-8]. Fortunately, there are 

software and machine learning approaches 
that facilitate this task. There are many tools 
for prediction of mass spectra from the struc-
ture of a molecule [8-10]. There are also 
tools for prediction of the presence or ab-
sence of substructures (fragments of a mole-
cule) in a molecule based on the mass spec-
tra [4, 11-16]. There are many such tools 
[17-18]. Some of them predict the so-called 
“molecular fingerprint” (a long vector of 
bits; each bit corresponds to the presence or 
absence of a structural feature) [4, 11, 12]. 
Others predict the presence or absence of 
specific fragments and functional groups 
that are of most interest to the researcher. 

The accuracy of prediction of “molecular 
fingerprint” even by the most modern tools 
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is not very high. For example, in the work 
[11], for approximately half of the bits con-
stituting the fingerprint, the accuracy is less 
than 0.9. Such a molecular fingerprint can be 
used for automated search in the database of 
possible candidates. Many works are de-
voted to prediction of the presence or ab-
sence of common substructures and func-
tional groups. For example, in the work [13], 
the presence or absence of several structural 
features such as a benzene ring, a dimethyl-
amine group, etc., was predicted. The ob-
served classification accuracy lies in the 
range of 76-95 for all considered fragments 
(except trimethylsylil groups). Another sim-
ilar work is the well-known work by Var-
muza et al. [14]. Several classifying models 
of common substructures were developed. 
The majority of such works [13, 14], includ-
ing the MOLGEN-MS software [18], use 
only the mass spectrum as a source of fea-
tures (Figure 1A).  

In the work [17], the model predicts the 
presence or absence for many common func-
tional groups, such as -⁠NH2, -⁠OH, =⁠O. In that 
work, unlike the majority of other works, the 
molecular weight (determined in a mass 
spectral experiment) is used for creation of 
features. In another work [15], the Golm 
Metabolome Database is used for training 
and validation, and the authors predict the 
presence or absence of many functional 
groups with relatively high probability. The 
authors use information about the retention 
index as an additional feature. The vast ma-
jority of these works provide only binary 
classifications: predicting the presence or 
absence of fragments, while determining the 

number of occurrences can be a valuable 
task. 

The aims of this work are (I) to study how 
the additional use of information about re-
tention (on different stationary phases) and 
molecular weight (Figure 1B) together with 
the mass spectrum affect the accuracy of pre-
diction, and (II) to consider not only classi-
fication, but also regression models that pre-
dict not only the presence or absence of a 
given structural feature but also the number 
of such features in a molecule. 

Methods 
The NIST 17 database was used for train-

ing and validation of developed models. 
Molecules containing elements other than H, 
B, C, N, O, F, P, S, Cl, Br, I were excluded 
from the data sets, as well as molecules with 
a molecular weight (MW) of more than 300 
and molecules for which the retention index 
cannot be predicted using a 1D convolu-
tional neural network (CNN) [19]. Spectra 
with peaks with m/z more than 300 and spec-
tra without peaks with m/z less than 50 were 
excluded from the data set. The absence of 
peaks with m/z less than 50 highly likely 
means that the scanning range starts from 
high m/z values. Such spectra are not suita-
ble enough for the considered task. The data 
set contained 132489 spectra. The initial 
data set was split into training, validation, 
and test data sets containing 105871, 13367, 
and 13251 mass spectra, respectively. 

Gradient boosting was used for prediction 
of the number and presence of substructures. 
The models were trained using the XGBoost 
[20] library (version 1.5.1) using our own 

 
Fig. 1. Extraction of information about the structure from the electron ionization mass 

spectrum (A) and from all available GC-MS data (B) 
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program (the Java Programming language 
was used). The used hyperparameters are 
given in Table 1. For regression tasks, the 
early stopping was used: if the accuracy for 
a validation set is not improved for 250 iter-
ations, the training is stopped. The following 
features were used with the gradient boost-
ing model: mass spectrum (scaled to a range 
of 0-1 intensities of peaks for each integer 
m/z in the range 1-300), neutral loss spec-
trum (see below), MW (divided by 1000), re-
tention indices (RI) for polar (RIpolar) and 
non-polar (RInon-polar) stationary phases (SP), 
as well as the difference between RI for po-
lar and non-polar SP (RIpolar – RInon-polar). 
The RI values were divided by 1000. The 
neutral loss spectrum is interrelated with the 
mass spectrum by the following equation: 

𝑁𝑁𝑛𝑛 = �𝐼𝐼𝑀𝑀−𝑛𝑛,𝑛𝑛 < 𝑀𝑀
0,𝑛𝑛 ≥ 𝑀𝑀   (1) 

where In – intensity of mass spectra corre-
sponding to m/z = n; Nn – intensities of the 
neutral loss spectrum, M – MW of a mole-
cule. 

Because NIST 17 contains information 
about RI only for few molecules, RI pre-
dicted using 1D CNN were used as features. 
These RI values are close to the experi-
mental ones [19]. For prediction of RI, 1D 
CNN with the following hyperparameters 
was used: 2 CNN layers with 300 output 
channels; 2 fully connected layers (kernel = 
6) with 600 and 1 output nodes; rectified lin-

ear activation function was used for all lay-
ers except the linear output layer; early stop-
ping using a validation set was used. More 
information about 1D CNN for retention in-
dex prediction is given in our previous work 
[19]. The mean and median absolute errors 
of prediction were 45.5 and 17.2, respec-
tively, for non-polar SP. For polar SP, these 
values were 67.7 and 29.5, respectively. The 
error values are given for test sets. As the in-
itial values of the trainable parameters 
(weights and biases) of the neural network 
for polar SP, the parameters obtained for 
non-polar SP were used. 

The following accuracy measures were 
considered for binary classification tasks: 
True positive rate (TPR or recall) =  TP

TP+FN
 (2) 

Precision =  TP
TP + FP

  (3) 
False positive rate (FPR) =  FP

FP+TN
  (4) 

F1 score (F1) =  2 ⋅ TP
2 ⋅ TP + FN + FP

 (5) 

Accuracy =  TP + TN
TP + FP + TN + FN

 (6) 

𝐶𝐶 = −�1
𝑁𝑁
�∑ 𝑌𝑌𝑖𝑖log(𝑦𝑦𝑖𝑖) +  𝑖𝑖=𝑁𝑁

𝑖𝑖=1   
(1 − 𝑌𝑌𝑖𝑖)log(1 − 𝑦𝑦𝑖𝑖)(7) 

where TN, FN, TP, FP – number of true neg-
ative, false negative, true positive, false pos-
itive predictions; yi, Yi – prediction and cor-
rect answer for the i-th sample; N – number 
of samples, C – binary cross-entropy (CE). 
For computation of TN, FN, TP, FP, the float 
predictions numbers were rounded up to 0 

Table 1. Hyperparameters of the XGBoost library used in this work 
Parameter Value 

Learning rate (eta) 0.01 
Minimum loss reduction required for a split (gamma)  0.01 
L2 regularization term on weights (lambda) 7 
Subsample ratio (subsample) 0.6 
Maximum tree depth (maxDepth) 11 
Minimum sum of weight needed (minChildWeight) 1 
Objective function for classification tasks Logistic regression for binary 

classification (binary:logitraw) 
Objective function for regression tasks Mean squared error (reg:squarederror) 
Number of trees (classification tasks) 6000 
Tree construction algorithm Faster histogram algorithm (hist) 
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 or 1. ROC (Receiver Operating Characteris-
tics) curves were also considered, and the 
area under such curves (ROC-AUC) was 
used as an additional measure. 

For regression tasks, the root mean square 
error (RMSE) was used. RMSE was used for 
early stopping for regression. The validation 
set was used for early stopping, all accuracy 
measures given below were calculated for 
the test set. 

Results and discussion 
In order to study how the use of various 

features (neutral loss spectrum, RI) affects 
the accuracy of prediction of the presence or 
absence of a given substructure in a mole-
cule based on the electron ionization mass 

spectrum, the series of computational exper-
iments were conducted (see Table 2). For 13 
substructures (see Table 3), the gradient 
boosting model was trained with 8 sets of 
features and the accuracy was evaluated. In 
all 8 cases, the intensities corresponding to 
m/z 1-300 in the raw mass spectrum were 
used as features with or without additional 
features. The area under the ROC curve [21] 
was considered as the primary accuracy 
measure. The XGBoost predictor predicts a 
float value in the range [0, 1] instead of a bi-
nary value. This value characterizes the 
probability of the presence or absence of the 
given fragment. The accuracy measures such 
as TPR (recall), precision, FPR (see equa-
tions (2)-(4)) depend on what is considered a 
threshold value above which the XGBoost 

Table 2. Additional features that are used together with the raw mass spectrum 

Additional features 
Feature set 

1 2 3 4 5 6 7 8 
MW and neutral loss spectrum - + - + - + - + 
RInon-polar - - + + - - + + 
RIpolar - - - - + + + + 
RIpolar - RInon-polar - - - - - - + + 
 
Table 3. Area under the receiver operating characteristics curves (ROC-AUC) for various regres-
sion tasks and various sets of features (see Table 2) 

Substructure 
Feature set 

1 2 3 4 5 6 7 8 
-NH- 0.915 0.917 0.919 0.922 0.919 0.921 0.921 0.924 
Aromatic 5-membered ring 0.909 0.913 0.914 0.917 0.913 0.916 0.917 0.920 
-CH3 0.953 0.968 0.958 0.973 0.959 0.973 0.960 0.973 
-NH2 0.932 0.952 0.937 0.958 0.938 0.956 0.940 0.957 
Tertiary sp3 nitrogen atom 0.967 0.968 0.968 0.969 0.968 0.969 0.969 0.970 
Nitrile 0.929 0.957 0.928 0.956 0.934 0.960 0.940 0.963 
Aromatic nitrogen 0.968 0.970 0.971 0.974 0.970 0.972 0.973 0.976 
-O-CH3 0.972 0.982 0.972 0.982 0.973 0.982 0.974 0.982 
-C(=O)-O- (carboxyl, ester, or 
anhydride) 

0.957 0.978 0.959 0.980 0.961 0.980 0.965 0.983 

Aromatic ring 0.993 0.994 0.995 0.995 0.995 0.995 0.995 0.995 
Carbonyl 0.926 0.943 0.929 0.945 0.932 0.948 0.938 0.952 
Hydroxyl 0.903 0.930 0.918 0.942 0.941 0.960 0.960 0.968 
Benzene ring (6-membered 
aromatic ring without 
heteroatoms) 

0.993 0.994 0.995 0.995 0.995 0.995 0.995 0.995 
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prediction is considered as positive. The 
ROC-AUC measure [21] does not depend on 
the threshold value and characterizes such a 
predictor well. The perfect ROC curve 
passes through the points (0,0), (0,1), (1,1). 
The closer the ROC curve passes to the point 
(0,1), the closer it is to the perfect one.  

As an example, Figure 2 shows ROC 
curves for prediction of the presence or ab-
sence of nitrile and carbonyl groups. Note 
that for better readability, the axis range in 
Figure 2 is not [0, 1]. Figure 2 clearly shows 
that the use of the neutral loss spectrum and 
molecular weight as additional features con-
siderably improves the prediction accuracy. 
The use of RInon-polar as an additional feature 
does not greatly improve the accuracy, but 
the use of information about RI for two SP 
causes an additional growth of the accuracy. 
Table 3 demonstrates that for all substruc-
tures, the use of MW and neutral loss spec-
trum considerably improves the accuracy, 
and the use of RI for two SP allows for the 
achievement of the best accuracy. In some 

cases, the use of RI for only one SP gives the 
accuracy growth comparable to the use of RI 
for two SP (for example, -⁠CH3, -⁠NH2, ben-
zene ring), in other cases, the use of RI for 
two SP gives considerably better accuracy 
(for example, -⁠OH, aromatic nitrogen). The 
complete data are given in Table 3. For other 
than ROC-AUC accuracy measures, the sit-
uation is similar. For example, Table 4 
shows various accuracy measures for predic-
tion of the presence or absence of aromatic 
atoms in a molecule using various feature 
sets. The precision is almost constant for 
various feature sets, while the recall in-
creases. It means that the overall accuracy 
improves. Note that for all accuracy 
measures except CE, the value 1.0 corre-
sponds to the perfect model, and for CE, the 
value 0.0 corresponds to the perfect model. 

In addition to the classification task: the 
prediction of the presence or absence of a 
given substructure, the regression task was 
also considered: the prediction of how many 
times a substructure is present in a molecule 

 
Fig. 2. ROC (Receiver Operating Characteristics) curves for classification models that predict 

the presence of nitrile (A) and carbonyl (B) groups. The curves denoted as 1-4 correspond to the 
feature sets (see Table 2) 1, 2, 4, 8, respectively 

 
Table 4. Accuracy of prediction of the presence or absence of aromatic rings in a molecule from 
GC-MS data for different feature sets (see Table 2) 

Accuracy measure Feature set 
1 2 3 4 5 6 7 8 

Recall (TPR) 0.733 0.824 0.748 0.832 0.750 0.830 0.770 0.848 
Precision 0.934 0.931 0.925 0.930 0.929 0.930 0.931 0.933 
F1 score 0.821 0.874 0.827 0.878 0.830 0.877 0.843 0.889 
Accuracy 0.908 0.931 0.909 0.933 0.911 0.933 0.917 0.938 
Binary cross-entropy 0.235 0.172 0.229 0.167 0.226 0.167 0.213 0.154 
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for 3 substructures (see Table 5). In this case, 
the effect of additional features is even larger 
than for classification tasks. Figure 3 shows 
the actual vs predicted plots for prediction of 
the number of aromatic atoms and CH3 
groups in a molecule. The prediction accu-
racy is quite high for a low number of occur-
rences, however, Figure 3 clearly shows that 
in cases when the correct answer is high, this 
value is considerably underestimated. As an 
additional example, the ROC curve for pre-
diction of the presence or absence of a ben-
zene ring (6-membered ring containing only 
carbons) and the actual vs predicted plot for 
the number of benzene rings are shown in 
Figure 4. Figures 3-4 show the data for the 
full set of features.  

We also tried to tune the XGBoost hy-
perparameters for each feature set and task 
separately and to make such comparisons us-
ing various sets of hyperparameters (other 
than given in Table 1). However, the same 
patterns are observed for various sets of hy-
perparameters, and the same hyperparame-
ters are nearly optimal for various sets of 
features and various tasks. Taking this fact 

into account, all comparisons were made us-
ing the same set of hyperparameters. The ac-
curacy of classification was also compared 
with the accuracy given in the work of Stein 
et al. [17]. Because such measures as recall 
and precision depend on the probability 
threshold (and as the threshold increases, the 
precision increases and the recall decreases), 
the comparison was made at the fixed preci-
sion value of 0.9. Table 6 contains such a 
comparison. Since the work [17] does not 
use information about RI, we considered 
only feature sets 1 and 2 (see Table 2) in this 
comparison. It can be concluded that the 
considered classifiers in most cases have the 
same or better accuracy compared with the 
described in the work [17]. The worse accu-
racy was observed only for the worst pre-
dicted substructures: non-aromatic nitro-
gens. However, that work [17] uses a much 
older version of the NIST library, and this 
comparison is not completely correct. The 
correct comparison of the machine learning 
methods should be made using the same data 
set. 

Table 5. Accuracy of prediction of the number of various substructures in a molecule from GC-
MS data using different feature sets (see Table 2) 

Substructure 
Feature set 

1 2 3 4 5 6 7 8 
Aromatic atoms 1.93 1.75 1.70 1.60 1.79 1.67 1.66 1.57 

-CH3 groups 0.84 0.77 0.81 0.71 0.80 0.71 0.78 0.70 
Benzene rings 0.28 0.27 0.26 0.26 0.26 0.26 0.26 0.25 

 

 
Fig. 3. Actual vs predicted plots for prediction of the number of aromatic atoms (A) and CH3 

groups (B) in a molecule. The boxes show the range containing the half of the predictions, 
and the whiskers demonstrate the ranges containing 90% of the predictions 
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The models developed in this work were 
applied to the mass spectra and retention in-
dices of the recently identified transfor-
mation products of unsymmetrical dime-
thylhydrazine (UDMH). These compounds 
are not available in mass spectral databases, 
and elucidating their structure using only 

chromatography and mass spectrometry is a 
very difficult task [22]. Table 7 shows the 
structures of the three UDMH transfor-
mation products and model predictions for 
them. The first compound contains two con-
jugated aromatic rings. Previously, prior to 
the publication of work [22] by our team, 

 
Fig. 4.  ROC (Receiver Operating Characteristics) curve and the actual vs predicted plot 
for prediction of the presence (A) and number (B) of benzene rings in a molecule 

 
Table 6. Comparison of the classification accuracy achieved in this work with the accuracy from 
the work [17]. The values of recall at precision = 0.9 are given 

Substructure 
Feature set (this work) Previous results [17] 

1 (without MW) 2 (with MW) Without MW With MW 
Hydroxyl 0.42 0.56 0.40 0.58 
Carbonyl 0.72 0.79 0.70 0.76 

-C(=O)-O- (carboxyl, ester, or 
anhydride) 0.77 0.86 0.36 0.47 

-NH- 0.13 0.14 0.28 0.28 
-NH2 0.23 0.24 0.25 0.40 

Aromatic ring 0.997 0.998 0.98 0.99 
-O-CH3 0.76 0.84 0.49 0.74 

 
Table 7. Application of models to UDMH transformation products 

Structure Methyl Aromatic ring Number of aromatic rings 

 

Absent Present 2 

 

Present Present 1 

 
Present Absent 0 

 



 

Сорбционные и хроматографические процессы. 2023. Т. 23, № 3. С. 373-383. 
Sorbtsionnye i khromatograficheskie protsessy. 2023. Vol. 23, No 3. pp. 373-383. 
 
ISSN 1680-0613_____________________________________________________________ 

 

 

 
 

381  

similar transformation products of UDMH 
were not known. The models developed in 
this work receive the retention indices for 
two stationary phases and mass spectra as an 
input and make it possible to obtain prelimi-
nary information about the structure and 
limit the number of possible candidates. This 
is an excellent starting point for further elu-
cidation of the structure [22], for which the 
observed experimental data are consistent 
with the results of predicting mass spectra 
and retention indices. The prediction models 
developed in this work will be implemented in 
our previously published free and open-source 
software [22] that can be obtained by the fol-
lowing link: https://github.com/mtshn/svekla 

Conclusions 
A model that allows for the prediction of 

the presence and number of given substruc-
tures in a molecule based on GC-MS data 
was built using the XGBoost library. The use 
of additional data besides the electron ioni-
zation mass spectrum allows for the consid-
erable improvement of the prediction accu-
racy. If the molecular weight is known in ad-
dition to the mass spectrum (for example, it 

can be determined using a chemical ioniza-
tion ion source), the prediction accuracy 
considerably improves. In this case, the neu-
tral loss spectrum can be used as an addi-
tional set of features. The retention index is 
less important, but the use of the retention 
index allows for the considerable improve-
ment of the prediction of the presence or ab-
sence of polar functional groups such as hy-
droxyl and carbonyl. The use of retention in-
dices for two stationary phases allows for the 
greater improvement of the accuracy com-
pared with a single retention index. For re-
gression tasks, when models predict the 
number of occurrences rather than the pres-
ence or absence, the use of additional fea-
tures considerably increases the accuracy. 
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