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An algorithm for processing mass spectra of gases exhaled by patients has been proposed in the paper. 

The mass spectra are recorded on the MS7-200 quadrupole mass spectrometer, with electronic ionization 

and with direct capillary injection of the sample. The algorithm is based on transforming an array of spectra 

(not less than 10) in the space of principal components. The probability of a disease is determined through 

the Euclidean distance of the patient's coordinates from the centroid. Testing of the algorithm was carried 

out on the data of mass spectra of gases exhaled by cancer patients. The proposed procedure has several 

advantages over traditional laboratory methods. The algorithm uses the multidimensional probability 

density of the distribution of the parameters of the exhaled gases of control groups and the patient being 

tested and allows to compile an overall picture of the patient's probable diseases in a short time.
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ДЛЯ ПЕРВИЧНОЙ ДИАГНОСТИКИ ЗАБОЛЕВАНИЙ 
ПО ВЫДЫХАЕМЫМ ГАЗАМ
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В работе предложен алгоритм обработки масс-спектров газов, выдыхаемых пациентами. 

Масс-спектры регистрируются на квадрупольном масс-спектрометре МС7-200 с электронной 

ионизацией и прямым капиллярным вводом пробы. Алгоритм основан на преобразовании мас-

сива спектров (не менее десяти) в пространство главных компонент. Вероятность заболевания 

определяется по евклидову расстоянию координат пациента от центроиды. Тестирование алго-

ритма проведено на данных масс-спектров газов, выдыхаемых больными с онкологическими 

заболеваниями. Предлагаемая процедура имеет ряд преимуществ перед традиционными лабо-

раторными методами; алгоритм использует многомерную плотность вероятности распределения 

параметров выдыхаемых газов контрольных групп и тестируемого пациента; позволяет за корот-

кое время составить общую картину вероятных заболеваний.

Biophysics and medical physics
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Introduction

Exhaled breath analysis is becoming increasingly popular in diagnostics [1, 2]. This technique 

allows identifying a number of serious diseases, including Alzheimer's disease [3], epilepsy [4], kid-

ney disease [5], cancer [6] and others. The algorithms supporting the devices used for such analysis 

are an integral component in this type of diagnostics. Software incorporating the given algorithm 

processes the mass spectra of exhaled gases; the composition of gases is measured using a spectrom-

eter with a quadrupole analyzer. The algorithm is tested by measuring the exhaled gases in cancer 

patients.

The classical approach to mass spectral analysis involves the so-called initial, or preliminary pro-

cessing of mass spectra; in this case, mass spectral peaks are detected and their parameters (position 

on the scale of mass numbers and amplitude, or sometimes area) are assessed. In some cases, initial 

processing of mass spectra means that the resolution of the device is improved mathematically by 

separating the superimposed spectral lines [7].

Initial data processing is followed by secondary processing. The algorithm for processing mass 

spectra described below is run at this stage in offline mode based on the data recorded in computer 

memory as line spectra. The software that runs the algorithm yields a preliminary estimate of how 

likely it is that the subjects tested belong to the class of patients with a specific disease or to the class 

of practically healthy people. 

Thus, the algorithm complements the options for classification offered by discriminant and cluster 

analysis based on multivariate statistical data. Classification of mass spectra of exhaled gases by the 

methods of discriminant and cluster analysis is described in [8].

The main difference between the mass spectra of exhaled gases in patients with diseases from those 

in practically healthy people are additional components, for example, with masses of 71, 64, 59 and 

55 Da. The presence of these lines in the mass spectrum of the gases exhaled by the examined patient 

points towards a high probability of disease. Similar to fingerprints, each mass spectrum of exhaled air 

has its own unique profile (an array of peaks with different intensities), so it can be assumed that dif-

ferent profiles of exhalation ‘fingerprints’ can serve as indicators of a certain disease. After a sufficient 

amount of such data has been collected, it will be possible to diagnose specific diseases with a very 

high efficiency, and either prescribe additional tests or immediately start treating the patient. 

Basic assumptions 

An array of mass spectral data called the ‘healthy’ group forms a matrix. Peak intensities of the 

mass spectra are recorded for all columns of the matrix, except for the first one, at the given mass val-

ues. The first column of the matrix contains the mass spectrum number of exhaled gases of a certain 

patient, and each of its rows contains data about the intensity of individual mass spectral lines. 

We denote such a matrix as XS = [x
ij
], where i, j are the numbers of subjects (patients) and at-

tributes (mass numbers), respectively, i =1,2,…, I, j =1, 2,…, J; x
ij
 is the intensity of the jth spectral

component of the ith healthy subject.
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Similarly, we produce the matrix I
0
 × J for the mass spectra of exhaled gases in diseased subjects.

Each row of this matrix contains the intensities of individual lines of the corresponding mass spec-

trum. We denote this matrix            where i, j, J have the same meaning but i = 1, 2, …, I
0
;

   is the intensity of the jth spectral component of the ith diseased subject. 

Let us combine the matrices of healthy and diseased subjects, obtaining a common data matrix X

of size (I
0
 + I) × J:

We transform this matrix by the algorithm for constructing the space of principal components 

space. We denote this cloud as G, consisting of I × J points, with the centroid at   . Its coordinates

are expressed as as

The subject considered is diseased (or healthy), if the measured vector of parameters of the air they 

exhale takes the form

0
,ijx =  1

XI
0
ijx

[ ]( )1; .=X XS XI

j

2

(PC) and calculate the score matrix T.

Based on clinical examinations of a large number of diseased and healthy subjects, the obtained 

mass spectra are divided into two sets: control and test groups.

Control groups of mass spectra are the data for subjects with a known diagnosis for their disease 

and the data for healthy subjects. The situation is different for processing the mass spectra array for the 

tested group: it is not known whether they belong to healthy or diseased subjects. 

The number of mass spectra the gases exhaled by patients in each of the two groups should be at 

least 30. Each mass spectrum obtained for the breath exhaled by a patient from the control group is 

represented in the multidimensional space as a point. Such points, collected together from all patients 

in the group, form a 'cloud' of initial data. The closer to the center (centroid) of the cloud is the point 

describing the mass spectrum of the breath exhaled by the test patient, the higher the probability that 

the patient suffers from the disease corresponding to the control group. If the patient is healthy, the 

probability of their disease is estimated by the control group of healthy subjects; the farther from the 

center (centroid) of the cloud is the point corresponding to the mass spectrum of the breath exhaled 

by the test patient, the higher the probability that the patient suffers from a disease 

From a mathematical standpoint, the mass spectra of the gases exhaled by subjects from one group 

make up a data space with some known disease. The probability that a tested subject belongs to one of 

these groups is estimated sequentially using the formula for the multivariate probability density. 

The examination described yields a complete probabilistic picture of the disease in the tested sub-

ject. This allows to quickly develop the approaches to further, more thorough examination and sub-

sequent treatment.

Theoretical description of the algorithm 

Let x
ij
 be the jth parameter, in the specific case, the intensity of the spectral line for the data of the 

ith patient from one of the groups, where i = 1, 2, ..., I and j = 1, 2, ..., J, and an array of I patients 
with J recorded spectral lines of exhaled gases is considered. Let us form a matrix of size I × J from 

these data. We call this a training matrix and denote it as X. The columns of this matrix are denoted 

as X
j
: X = [X

1
, …, X

j
, …, X

J
] [9].

The vector X
j
 is a random variable. Suppose that this random variable has a normal distribution 

with the expected value  X   and the variance  σ j . Matrix elements X form a ‘cloud’ in J dimensional

X

1 2, , ..., .jX X X X =  
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X
i,j

 is the parameter in J dimensional space G, i.e., X
d
 ∈ G. This condition is satisfied if the probability

P that the point X
d
 deviates from the centroid    does not exceed a certain threshold α. This proba-

bility is calculated by constructing a multivariate probability distribution of the event belonging to the 

space G, assuming that this distribution obeys the normal law [10]:

where K
X
 is the covariance matrix,                          (E is the symbol for the expected

value); W is the normalizing factor; (…)T is the symbol for matrix transposition.

Obviously, the probability P of this event is equal to unity, if it turns out for the next patient exam-

ined that        . This condition is fulfilled if we assume that W = 1 in Eq. (1). Then the condition

under which the tested patient belongs to the control group takes the form P(X
d
) < α, where the quan-

tity α is selected by the method of expert assessment.

Notably, calculating the required probability P by Eq. (1) carries considerable computational 
difficulties due to a large number of parameters J and correlations between the columns of the 
matrix X. To compress data and reduce the dimension of the space G, we introduce the orthogonal 
transformation of data into a space of principal components (the principal components analysis, 

abbreviated as PCA) [11]. 

We make a transition to the PC space by generating a new matrix consisting of all rows of the ma-

trix X and the row X
d
. We denote this matrix as XI. In the new coordinate system, we obtain

where     are the eigenfunctions of the covariance matrix K
X
; T is called the score matrix and is

expressed as T = [T
1
, T

2
, ..., T

A
], its dimension is I × A; PT is called the load matrix, its dimension

is also I × A; e is the matrix of residuals (noises), its dimension is (I × J); the column vectors T
j
 (j =

= 1, 2, …, A) are called the principal components (A is the number of principal components).

The magnitude of A is much less than the number of variables J. This circumstance means that

almost all primary information about the state of the tested patient is concentrated in the first few 

PCs. The last row of the matrix (2), the vector T
d
, are the coordinates of the patient's parameters in

the PC space:

The mean values of the columns in the matrix T are equal to zero, and the variance is the vector σ2

with the elements is equal to          i.e., the eigenvalues of the covariance matrix. The expansion

in PC is characterized by the variance rapidly decreasing by the fourth PC, while the columns of the 

matrix T are not correlated, i.e.,

In view of this, Eq. (1) takes the following form in the new coordinate system:

,1 ,2 ,, , ..., .d d d jd
X X X X=   

X

( ) ( ) ( )11
exp , ,

2

T

d d X d dP W G− = ∗ − − − ∈ 
 

X X X K X X X (1)

( ) ( )TX
 = Ε − ∗ −
 

K X X X X

d ≡X X

1

P ,
A

T T

j j

j

t
=

= + = +∑XI T e p e (2)TPT

T

jp

,1 ,2 ,, , ..., .d d d d At t t =  T

2 ,j jσ = λ

0, with ,

, with .m n

j

n m

n m

≠
′ = λ =
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and the Euclidean distance from the patient with index d to the centroid of the control group is

equal to

Main steps of the algorithm

The algorithm considered can be divided into two stages, training and diagnostics, executed one 

after the other. 

K matrices Xk (k = 1, 2, …, K) are formed at the first stage (training) based on the results of clinical

examination of a large number of patients, where K is the number of subgroups with the information

about the intensity of spectral lines for the exhaled gases corresponding to each type of disease. Notice 

that the number of rows Ik of each matrix must be greater than the number of columns Jk. Training is

performed once, based on the data accumulated on the spectra of gases exhaled by patients (examined 

in-clinic). 

The spectral components of gases exhaled by the tested patients are measured at the second stage 

of the algorithm (diagnostics), and the probability whether they belong to one of the control groups 

is calculated in several steps.

Step 1. Use the data on the intensities of the spectral components at the given masses to construct 

a row vector    

Step 2. Calculate the matrix               with the size              the last row in this ma-

trix is the vector X
d
.

Step 3. Calculate the normalized values of this matrix. The normalization factor is the maximum 

value of its elements. 

Step 4. Calculate the score matrix Tk and the eigenvalue vector    by the algorithm of the PC

method [12]. 

Step 5. Find the principal components and determine the number A (number of principal com-

ponents) of the matrix Tk in such a way that             . We can assume that ε = (0.001,…, 0.01)

without loss of reliability. The last row of the matrix               are the principal components of 

the parameters characterizing the gases exhaled by the examined patient.

Step 6. Calculate the probability                     by Eq. (3).

Step 7. Go back to step 2 (k = k + 1) to determine the probability that the examined patient belongs

to another group of possible diseases.

Step 8. Analyze the calculated probabilities                     for all K diseases in order to

determine the disease with the highest probability. 

Testing the developed algorithm

The gases exhaled by the examined patients were injected into a quadrupole mass spectrometer, 

which has a detection range of 1 – 200 Da, mass number resolution of 0.5 Da, and detection time of 

up to 15 s for one mass spectrum.

( )
2

,2 '

2
1

1 1
exp exp

2 2

A
d j

d d d

j j

t
P −

=

   = − σ = −   σ    
∑T T T (3)

( ) 2

,

1

.
A

d j

j

D d t
=

= ∑ (4)
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;k k

d
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k k
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1 Data on exhaled gases for this group were provided by the Almazov National Medical Research Centre, St. Pe-

tersburg.
2 Data on exhaled gases for this group were provided by the N.N. Petrov National Medical Research Center of 
Oncology, St. Petersburg.

Fig. 1. Mass spectrum of gases exhaled by the patient with a disease

Exhaled gases were measured in 43 patients diagnosed with cancer1. These patients were divided 

into the control group (36 subjects) and the test group (7 subjects). The intensity of the exhaled gas 

components of the first test patient, for example, coincided with the centroid of the control group. The 

effectiveness of the algorithm was verified with 10 more tested patients2 with other types of diseases. 

Patients from both test groups were assigned serial numbers: d = (1, 2, ..., 7) and d = (1, 2, ..., 10), 
respectively.

The analyzer recorded the mass spectrum of the gases exhaled by each patient in the range from 

50 to 100 Da. Examining a large number of patients and subsequently analyzing the obtained data, 

we found that the exhaled gases contained spectrum components at masses of 53, ..., 69 Da (12 in 

total), which are markers of most diseases. A matrix was constructed from the initial data on the 

control group, containing 12 columns; the intensities of the spectral components serving as 

markers were located along its rows.

Fig. 1 shows an example for a mass spectrum of the exhaled gases from one of 7 test patients. 

The mass of singly charged ions in daltons (Da) is plotted along the horizontal axis. The data on 

exhaled gases of the tested patients were selected sequentially and Steps 1 – 6 of the algorithm were 

performed. Apparently, it is sufficient to assume that A = 6 in the PC space, since   
k
  σ ≅   0.  Eqs. 

(4) and (3) were used to calculate the Euclidean distance to the centroids of the control group and 

the probability of diagnosing cancer in each tested patient. These results are given in Table for all 

tested patients. 

Fig. 2,a shows the space of the first two principal components of the matrix (PC1 and PC2), with 

the plotted coordinates of patients in control group 1 (see Table) (o) and seven tested (+) patients. It 

follows from the data in Table for this group consisting of 7 people that as the coordinates of the mass 

spectrum of exhaled gases move away from the center of the cloud (centroid), the probability of can-

cer in these patients decreases but remains high.

Fig. 2,b shows the coordinates of patients from control group 2 and 10 tested patients in the space 

of the first two PCs (PC1 and PC2). As it turned out, all patients (except for the first one) fell outside 

the cloud of the control group. It is evident from the data for group 2 given in Table that the 

probability of a different type of cancer is negligible for these patients compared to the type of cancer 

in group 1 patients.
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Table

Estimated probabilities of cancer in patients from two control groups

Patient no. Euclidean distance Probability of disease
Group 1

1 0.0116 0.9854

2 0.1076 0.1888

3 0.1499 0.2055

4 0.2044 0.1164

5 0.2554 0.2864

6 0.2892 0.3458

7 0.3247 0.1197

Group 2

1 2.8791 0.0159

4 4.5739 0.0000

3 4.7337 0.0000

2 5.5927 0.0000

5 5.6321 0.0000

8 5.7129 0.0000

9 5.7322 0.0000

6 5.8520 0.0000

10 5.8635 0.0000

7 5.9168 0.0000

Notes. 1. Data for patients from groups 1 and 2 were obtained from different medical institutions (see footnotes 

1 and 2 on page ..., respectively).

2. Patients from group 2 suffered from cancer of a different type compared with patients from group 1.

Fig. 2. Examination results in the space of principal components (PC1 and PC2)  
of the matrix for control groups 1 (a) and 2 (b) (see Table).

The central points (CE) correspond to the Euclidean center, the rest of the points (o) to the coordinates (mass spectral data)  

of patients from the corresponding groups. Dashed lines show Euclidean distances to patients (+)  

who were assigned numbers

a) b)
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for screening patients, for example, during annual checkups.
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