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Multivariate classification and regression analysis of multiple meteorological variables and in-
door radon activity concentration in Ground Level Laboratory in the Institute of Physics Bel-
grade, was performed and discussed. Meteorological variables used in this analysis were from
radon active device, nearby meteorological station and finally from Global Data Assimilation
System. Single variate analysis has identified variables with greatest value of Pearson's corre-
lation coefficient with radon activity concentration and also, variables with greatest separa-
tion of events with increased radon activity concentration of over 200 Bqm-3 and of events
with radon level below this value. This initial analysis is showing the expected behavior of ra-
don concentration with meteorological variables, with emphasis on data periods with or
without air conditioning and with emphasis on indoor water vapor pressure, which was, in
our previous research, identified as important variable in analysis of radon variability. This
single variate analysis, including all data, proved that Global Data Assimilation System data
could be used as a good enough approximate replacement for meteorological data from
nearby meteorological station for multivariate analysis. Variable importance of Boosted Deci-
sion Trees with Gradient boosting multivariate analysis method are shown for all three peri-
ods and most important variables were discussed. Multivariate regression analysis gave good
results, and can be useful to better tune the multivariate analysis methods.
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INTRODUCTION

Primarily, radon problem presents a health haz-
ard [1]. The research of the dynamics of radon in vari-
ous environments, living or working places, is of great
importance in terms of protection against ionizing ra-
diation and in designing of measures for its reduction.
In the Low-Background Laboratory for Nuclear Phys-
ics extensive research on various radon fields has been
done in the past, especially radon monitoring in the
special designed low-background underground and
ground level laboratory, with the aim of investigating
the rare nuclear processes [2]. Besides radon monitor-
ing in the laboratory, we work on several research top-
ics regarding radon: using multivariate classification
and regression methods, as developed for data analysis
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in high-energy physics [3], to study connection of cli-
mate variables and variations of radon concentrations,
modelling of the indoor radon behaviour and national
indoor radon mapping [4], taking interest in similar in-
door radon mapping analysis in Montenegro [5], or by
research of radon variability in a single dwelling [6],
using advanced analysis tools, or performing continu-
ous measurements in multi-store building [7] or labo-
ratory space [8]. Indoor radon variability depends on
many variables. Soil content, and building characteris-
tics are very important. In case of researching of in-
door radon variability, meteorological effects become
the most important ones. With recent experiences with
lowering the limits of indoor radon level, both in
dwellings and working places, and the demand for de-
crease of public radon exposure, the need for more de-
tailed knowledge on radon variability is increasing.
Besides a possibility for improvement of mitigation
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techniques, we could look into creating online warn-
ing pages, like we already have, for example, for UV
radiation. These online warning pages, with informa-
tion on radon concentration variations, could be inter-
esting to people living in dwellings or working spaces
with previously known radon problem, or dwellings
with radon activity concentration close to 200 Bqm™
limit. These online warnings, could indicate a call for
some temporary measures like starting of increased
ventilation or reducing exposure. Local radon warning
pages could be based on local meteorological station,
but for larger regions, meteorological modeled data
like Global Data Assimilation System (GDAS) could
be used. In this paper we were looking into the possi-
bility of using GDAS data in prediction of indoor ra-
don variability, by jointly looking into GDAS and
nearby meteorological station, and compare the re-
sults.

DATA PREPARATION AND SELECTION

The radon continuous monitoring in ground
level laboratory was performed with active device
RadonEye Plus2 with time sampling of one hour. The
device recorded variables: Rn-activity, indoor temper-
ature and indoor humidity. The radon the measure-
ment was done from November 2020 to November
2022. After looking into indoor temperature data, we
decided to do three analysis, one with using all the data
samples (whole period of measurement's), second us-
ing only data when air conditioning (AC) was operat-
ing, and third sample used for analysis was for periods
when air conditioning was OFF (noAC).

Meteorological station located in Institute of
Physics Belgrade yard, and maintained by Environ-
mental Physics Laboratory [8], has being recording
variables at 5 minute interval, and hourly values are
used for this analysis. Variables are named by adding
prefix outside; outside-cloudbase, outside-dew point,
outside-humidity, outside-temp, outside-pressure and
outside-rain.

The US National Centers for Environmental Pre-
diction (NCEP) runs a series of computer analyses and
forecasts operationally. One of the operational systems is
the GDAS. At National Oceanic and Atmospheric Ad-
ministration's (NOAA) Air Resources Laboratory
(ARL), NCEP model output is used for air quality trans-
port and dispersion modeling. The ARL archives GDAS
output which contains basic fields, such as the tempera-
ture, pressure and humidity. Those GDAS data are very
interesting since they are widely used by weather fore-
cast groups worldwide, and our idea is that if we could
use this freely accessed and frequently updated database,
we could improve forecasting of some kind of relative
indoor radon concentrations, and indicate by result of au-
tomatic online M VA regression analysis when to expect
increased indoor radon concentrations based on meteo-

rological variables. Because MVA methods are rather
robust, and we wanted to see which, if any of GDAS
variables are suited for our purpose, we included most of
variables in our analysis. The GDASI data is available
for integer values of latitude and longitude, so, for all
variables', each data point was firstly 2-D linearly inter-
polated using variables' values on four integer latitudes
and longitudes, surrounding latitude and longitude of our
laboratory. The GDASI data is available for every three
hours, so linear interpolation of each variable's data point
was made in order that we can use hourly data. The
GDASI variables used in our analysis can be identified
as ones with prefix GDAS1; GDAS1-CAPE (convective
available potential energy), GDAS1-CINH (convective
inhibition), GDAS1-CPP6 (accumulated convective
precipitation), GDASI1-CRAI (categorical rain),
GDASI1-DSWF (downward short wave radiation flux),
GDASI-HCLD (high cloud cover), GDAS1-LCLD
(low cloud cover), GDAS1-LHTF (latent heat net flux at
surface), GDASI-LIB4 (best 4-layer lifted index),
GDASI1-LISD (standard lifted index), GDAS1-MCLD
(middle cloud cover), GDAS1-PBLH (planetary bound-
ary layer height), GDAS1-PRSS (pressure at surface),
GDASI-RH2M (relative humidity at 2m AGL),
GDASI1-SHGT (geopotential height), GDAS1-SHTF
(sensible heat net flux at surface), GDAS1-SOLM (volu-
metric soil moisture content), GDAS1-T02M (tempera-
ture at 2m AGL), GDASI-TCLD (total cloud cover),
GDASI-TMPS (temperature at surface), GDAS1-TPP6
(accumulated precipitation), GDAS1-mofi-e (momen-
tum flux intensity), GDAS1-mofd-e (momentum flux di-
rection). In this analysis using GDAS data, we also could
indicate if variables measured by local meteorological
station do not differ too much from GDAS modeled and
interpolated ones, that GDAS variables could be used in
this kind of MVA analysis.

We included previously found interesting vari-
able in radon research [6] and that is water vapor pres-
sure in outdoor and indoor air, as well as the difference
of the two. In order to calculate the water vapor pres-
sure in air, we need to calculate the value of the satura-
tion water vapor pressure

17.27T

es(T)=06108-¢ 7+237.3 (1)

In addition, the slope of the relationship between
the saturation water vapor pressure (es [kPa]) and the
air temperature 7 [°C], is given in [9, 10], so including
the slope, we get new formula for the saturation water
vapor pressure

17.27-T
4098-[0.6108~e T+237.3 J
es(T)=

2
(T +2373)° @)

and since the formula used to calculate the relative hu-
midity is
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we get the formula to calculate the vapor pressure in air

3

vapor pressure(7,RH) = RH-
17.27.T

4098:| 0.6108-¢ 7+2373

_ )
(T+237.3)

Using this formula, we calculate four variables: in-
door-vapor-press (vapor pressure from indoor-tempera-
ture and indoor-humidity data), outside-vapor-press (va-
por pressure from outdoor outside-humidity, outside-
temp data), diff-vapor-press (vapor pressure difference
of outdoor and indoor) and gdasl-vapor-press (vapor
pressure from GDASI1-T02M, GDASI-RH2M data).
On the bottom of fig. 1 the vapor pressure difference is
shown, and it can be clearly seen that if the outer vapor
pressure is much higher than the indoor vapor pressure,
the indoor radon activity is lower fig. 1(a).

Out of two years of data taking, after merging all
the data together to form a single hourly event with all
the variables measured at that time, the number of use-
ful hourly events was 12654. Table 1 shows the num-

Date

Table 1. Summary table of number of hourly events used
for specific part of analysis

noAC AC All period
Signal training 1343 912 3428
Signal testing 1343 912 3428
Signal training and testing | 2686 1824 6856
Background training 942 1531 2899
Background testing 942 1531 2899
Background training and 1884 3062 5798

testing

ber of hourly events used for each of the three periods
of analysis, which were split, firstly into signal and
background events, where signal events are those for
which Rn activity is more than 200 Bqm~, and back-
ground is less than that value, and then each set was
split once more, into training and testing sample to be
used in MVA analysis. Table 1 also shows the number
of events used, and split, in periods with air condition
operation on (AC), line pattern area on fig. 2(a), and
air conditioning off (noAC) gray on fig. 2(a).

Before performing the multivariate (MVA) analysis,
we have looked into single variable analysis, and the best
way to see if variables could be useful for analysis is if they
have, firstly, the greatest correlation with radon activity
(concentration), and, secondly, which variable profiles for
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Figure 4. For some variables there is a significant separation of distributions of variables' values for events with low
and events with high radon activity. Variables shown are: temperature at height of 2 m above the ground
(GDAS1-TO2M), outside relative air humidity, measure of lowest visible part of the cloud (cloudbase), latent heat net flux
atthe surface (LHTF), standard lifted index (LISD) and the difference of water vapor pressure from indoor and outdoor

high Rn activity (signal) and low (background) data sam- is turned on, there is a change in correlation, where tempera-
ples, have smallest overlap, meaning that they have greatest ture variables correlations are decreasing, and there is an
separation of high and low Rn activity samples. So, firstly, increase in correlation of humidity variables like indoor-hu-
we are looking into modulus of Pearson's correlation coeffi- midity and indoor-vapor-pressure. We observe this change
cients for each of the variables used in this analysis with ra- since temperature is now holding at approximately the same
don activity, fig. 3. Since the greatest variation of radon ac- level by air conditioning, and any variation of radon activity
tivity should give the best insight into correlation with we see does not come from approximately constant temper-
variables, we are firstly looking into data with air condition ature. We noticed the similarity in modulus of Pearson's
off (noAC). To the variables with greatest modulus of correlation coefficients of outside-T02M and outside-tem-
Pearson's correlation coefficients with Rn activity (noAC) perature with Rn activity of 55.4 % and 51.2 %, respec-
are temperature variables from all three sources of data tively, for noAC data, and 15.3 % and 14.6 %, respectively,
GDAS, radonometar and meteorological station for AC data. Also, outside-humidity and gdas1-RH2M
(GDASI1-T02M, indoor-temperature, outside-temperature, with44.4 % and 41.9 %, respectively, for noAC and 22.7 %
GDASI1-TMPS), than humidity (indoor-humidity, out- and 19.6 % for AC data. When looking into pressure data,
side-humidity), outside-cloudbase, followed with GDAS outside-pressure and GDASI1-PRSS have modulus of
variables: GDASI1-LHTF (latent heat net flux on surface) Pearson's correlation coefficients of 22.4 % and 20.8 %, re-
and GDAS1-DSWF (downward short wave radiation flux) spectively, fornoAC data and 9.6 % and 9.0 % for AC data.

and GDASI-RH2M (relative humidity at height of 2 m), When looking into separation of variables for
followed by indoor-vapor-pressure. When air conditioning signal and background samples, fig. 4 shows selected
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Figure 5. Separation of events with low and high Rn activity by each variable

variables, where separation can be seen with naked
eye, and also, separations of high and low Rn activity
for different variables can be roughly compared. But,
we want to have more precise insight into separation,
and for all three samples AC, noAC and samples of
whole measurement period. This is shown in fig. 5
where we can see that for noAC, temperature variables
have most significant separation values, as was the
case with modulus of Pearson's correlation coeffi-
cients with Rn activity on fig. 3. With air conditioning
turned on, the variables of humidity and vapor pres-
sure gain in separation value, while indoor tempera-
ture is decreasing its separation value. Notice that the
change is not so pronounced as was the case with cor-
relation variables. Again, we noticed the similarity
separation values of outside-T02M and outside-tem-
perature 29.1 % and 24.1 %, respectively, for noAC
data, and 26.0 % and 20.8 %, respectively, for AC data.
Also, outside-humidity and GDASI1-RH2M with
19.8 % and 19.5 %, respectively, for noAC and 8.8 %
and 9.6 % for AC data. When looking into pressure
data, outside-pressure and GDAS1-PRSS have sepa-
ration values of 12.7 % and 9.7 %, respectively, for
noAC data and 5.5 % and 4.6 % for AC data.

MULTIVARIATE
CLASSIFICATION ANALYSIS

Toolkit for multivariate analysis (TMVA) [11]
implemented in ROOT [12] framework for data analy-
sis, has many of multivariate methods and tools imple-
mented, which are frequently used for data analysis, as
in High energy physics, also by data scientists in gen-
eral. We will not get into details of wide spread of
multivariate methods available, which can be found in

TMVA manual [11]. The usage of those multivariate
methods in TMVA is rather standardized. What is ad-
vantageous in using TMVA is that we could compare
many of multivariate methods using the same training
and testing sample. Also, the TMVA was used in many
analyses, and is constantly under development, with
many new methods implemented. The TMVA offers
comparison of methods developed for other frame-
works, like methods developed in programming
langnages Python, or R, or modern methods like Deep
and Convolutional Neural Networks, which is best to
be run in multi-thread mode or on CPU or on GPU
(graphical cards).

In MVA analysis, the data sample consists of
events. Event is composed of data measured/recorded
at the same time for each input variable. We can run
MVA as Classification, Classification with category,
and Regression. The MVA Classification is done when
sample is divided into two samples (classes); signal
and background. The MVA methods are trained to
make the same classification using events they have
not seen before, and their performance in classifica-
tion is measured. Second MVA analysis is done as re-
gression analysis. It is similar to classification, in the
sense that the number of classes into which initial sam-
ple is divided is much bigger, and the value of classi-
fier is not only 1 (signal) and 0 (background) but has
much more values in between. Classification with cat-
egory was not used, as the maximum performance of
Classification is obtained when no other categorical
values besides 1 (signal) and 0 (background) are used.
Future performance tests could include categories
like; very high, high, medium, low and very low radon
concentrations.

When a sample is prepared, MVA classification
needs some time to complete the training process for
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Figure 7. The ROC curve for MVA methods for the time interval where air conditioning was off (noAC)

each of MVA methods selected for comparison. Be-
sides training, the sample of same number of events is
used for evaluation, or testing, where MVA method is
tested on samples not seen before (not used for train-
ing). The performance of some MVA method is ex-
pressed only using testing/evaluation sample.

The fig. 6 shows the response of best performing
MVA methods, in analysis of noAC data, to events
with low and high Rn activity, or signal and back-
ground. We can see, in fig. 7, that by looking into Re-
ceiver Operating Characteristic (ROC) curve compar-
ison of all selected multivariate methods, that several



D. M. Maletié, et al., Multivariate Analysis of Two-Year Radon Continuous ...
Nuclear Technology & Radiation Protection: Year 2023, Vol. 38, No. 4, pp. 273-282 279

0.95
0.9
0.85

Figure 8. Value of the ROC integral
for MVA methods for the selected
time intervals, AC and noAC, and for
whole time interval 08
0.75
0.7
0.65
0.6
0.55

0.5

ROC integral

N
s °

methods have very good performances and also, very
close performances. It is very good to have several
methodologically very different multivariate methods
performing in similar way, since this gives us confi-
dence that classification is applicable. To illustrate this
point, we can say that, very generally speaking, ANN
are based on convolution of selected function to the re-
sulting multivariate functional dependence, while
Boosted Decision Trees are based on multidimen-
sional space (cube) cuts, for approximation of
multivariate functional dependence, and it is very
good that both have very good performances in MVA
classification.

The comparison of ROC curve integrals for best
performing methods, for MVA classification analysis
for all three intervals; noAC, AC and all-period analysis
is shown at fig. 8. For five best performing methods,
DNN-CPU (Deep Neural Network), MLPBNN
(Multi-Layer Perceptron Bayesian regulator Neural
Network), BDTG (Boosted Decision Trees with Gradi-
entboosting), BDT (Boosted Decision Trees), and MLP
(Multi-Layer Perceptron — an ANN), results are very
similar, and also for all the three intervals, which is very
important in sense that while variables' correlation with
Rn activity vary greatly, this is easily overcome in MVA
methods, adding very important property of robustness
in variable selection. We should note that all the men-
tioned methods are ANN or DBT based multivariate
methods.

The resulting trained multivariate methods are
now ready to be included into some web applications, or
used in variables' analysis. In web applications, Radon
alarm could be constructed, when based on input vari-
ables, there is a great probability of increased indoor ra-
don activity. For example, some places where it is known
from previous measurements, like from participation in
large indoor radon survey, that dwelling or working
space has a problem with increased indoor radon concen-
tration, some measures like increased ventilation or lon-
ger brakes from work, could be made. In variables' analy-
sis, the simplification of MVA approximation of

-
3 9
& & 9

ROC integral

H noAC
H AC
All period

L

underlying multivariable function dependence could be
made, not only with classification, but more effectively
with regression methods.

The MVA methods which are trained and tested
using full set of variables and all available data are
ready to be used in some application. But, we can con-
tinue our work and try to modify something in our anal-
ysis chain to see if we can get better performance or
method which uses lower number of input variables,
without big loss in performance. We can make different
selection of training data sets, like truncation of outlier
data, we can change the number of input variables, or
change parameters specific for each MVA method. For
this purpose, it could be very useful to look into variable
importance for specific MVA method, for example for
BDTG in fig. 9, in order to look into the influence of
variables on MVA decision. To show why this is useful
we pay attention on Pearson's correlation coefficients of
input variables and radon concentrations and notice that
there could be several variables with high correlation
coefficient with radon concentration, but highly
inter-correlated with each other, which results in no
gain in MVA method performance if we add several
variables which are inter-correlated. So, we can exclude
variables if their exclusion does not lower the MVA
method performance. We choose to look into impor-
tance of variables on BDTG classification, for all time
intervals. Again, we start with noAC intervals, where
indoor radon activity was highest, and indoor tempera-
ture was not regulated. We start with two GDAS vari-
ables, GDAS1-SHTF (sensible heat net flux at surface)
and GDAS1-SOLM (volumetric soil moisture content),
followed by indoor-humidity and diff-vapor-pressure,
and GDASI1-T02M at position 6, with some other vari-
ables similarly important as gdas momentum flux direc-
tion and gdas cloud cover variables.

When comparing data from meteorological sta-
tion and gdas data, we cannot compare them in, for ex-
ample, multivariate importance, since if one variable
is chosen to be used in MVA training, similar variable
in, for example Pearson's correlation coefficients or
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Figure 9. Variable importance for MVA method BDTG for time intervals, AC and noAC, and for the whole time interval

separation of variable for increased and for low Rn ac-
tivity value, do not have power to make discrimina-
tion. Comparison can only be used when each variable
is observed separately in a single variable analysis.
Also, similar situation can happen with preparation of
variables, where resulting variables are, de-correlated,
and first variable is significant for further analysis but
other, very similar variable before de-correlation, re-
mains with negligible significance for further
analysis.

THE MVA REGRESSION

Regression analysis often fails if there is not a
strong dependence of target variable, in our case Rn ac-
tivity, on input variables. Reasoning is the following:
Classification analysis has only two outputs, either it is
signal (1) or background (0), but in case of regression,

there are many more values between 0 and 1, and much
more dependence, or events is needed to get positive re-
sults here. We ran M VA regression for three time inter-
vals, noAC, AC and all-period. The BDTG and
DNN-CPU show good prediction results after MVA re-
gression training procedure, as a result of RMS of devi-
ations of true and evaluated value of Rn activity are sat-
isfyingly small, as is shown in fig. 10. The fig. 11 shows
this in more detail for BDTG in noAC regression analy-
sis, where the distribution of deviations is shown for
each event in the testing sample.

CONCLUSIONS

Single variate analysis of correlations of each of
meteorological variable with indoor radon activity and
Multivariate classification and regression analysis of all
meteorological variables and radon activity was per-

RMS of deviation of regression from true Rn activity
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Figure 10. The RMS of deviations of
regressions from true value for selected time
intervals, AC and noAC, and for the whole
time interval, for several MVA regression
methods

FDA GA



D. M. Maletié, et al., Multivariate Analysis of Two-Year Radon Continuous ...
Nuclear Technology & Radiation Protection: Year 2023, Vol. 38, No. 4, pp. 273-282

281

Output deviation for method: MVA BDTG (test sample)
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Figure 11. Deviation of regression from true value for noAC period and BDTG MVA method

formed and discussed. Meteorological variables used in
this analysis were from radonometar device, then from
anearby meteorological station and finally from GDAS
data. Single variate analysis has identified variables
with greatest value of modulus of Pearson's correlation
coefficient with Rn activity, and also variables with
greatest separation of events with increased Rn activity
of over 200 Bqm™ and of events with Rn activity below
this value. This initial analysis and looking into vari-
ables were showing the expected behavior of Rn con-
centration with meteorological variables, with empha-
sis on data periods with or without air conditioning, and
also with emphasis on previously found variable of in-
door water vapor pressure. This single variate analysis
and observing all the data proved also useful for conclu-
sion that GDAS data could be used as a good enough
approximate replacement for meteorological data from
the nearby meteorological station for MVA analysis.

The MVA classification analysis found several very
well performing MVA methods which can be used in
web application or for further detailed analysis of spe-
cific input variables. Variable importance of BDTG
MVA method was shown for all three periods, and most
important variables were discussed. Finally, MVA re-
gression analysis gave also good results, and more qual-
ity measurements in this rarely accessed ground level
laboratory would be useful to better tune the MVA
methods, and do more detailed analysis.
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MYJITUBAPUJAHTHA AHAJ/MU3A NBOTIOJMIILEI KOHTUHYAJ/IHOTI
MOHUTOPUHI'A PAJTOHA Y HAA3EMHOJ JABOPATOPUIN Y
NHCTUTYTY 3A ®PU3UKY Y BEOIPATY

ITpuka3ana je MyJTUBapujaHTHa Kjacu(pMKalMOHA W PerpecuoHa aHajiu3a OJHOCa MEeTeo-
pOJIOIIKUX Bapujabiu M KOHIEHTpalyje pajfioHa Yy 3aTBOPEHO] W PETKO NPUCTYNAavyHO] MPHU3EMHO]
naboparopuju MHcrutyTta 3a ¢usuky beorpap. IlogaTke o MeTeOoposolIKMM BapujabjaMa U KOH-
[eHTpanuju pajiona, KopuirtheHe y OBOj aHAIN3H, TOOWjaMO U3 aKTUBHOT ypehaja 3a KpaTKOpoyHa Mepema
KOHIIEHTpallije pajioHa y 3aTBOPCHOM IIPOCTOPY, OO/IKEE METEOPONOIIKE CTaHUIE M U3 MOfaTaKa
['moGanHor cmcremMa acuMwiangje ToAaTaka. JeqHO-BapujaHTHOM aHAalU30M I/II{CHTI/Iq)I/IKOBaHe cy
Bapujabie ca Hajpehom BpepHomThy Moaysa [TupcoHoBOr KoeduijeHTa Kopealyje ca KOHIEHTPalujoM
panoHa, Kao u Bapujabie ca HajsehoM Mohnm pasnBajama gqorabhaja ca moBehaHoM KOHI[EHTPAIIjOM paioHa
suie o1 (200 Bqm™) u orabaja ca HIKOM KOHIEHTpaNKjOM O] OBe BpeaHocTd. OBa MOYETHA aHAM3A U
cariiefjaBarme Bapujaliiy MoKasyjy OUeKuBaHy Be3y KOHIIEHTpallHje pagoHa 1 METeOPOJIOIIKUX Bapujadiu,
ca HarjlackoM Ha aHajM3y IofjlaTaka U3 pa3lIMYUTUX BPEMEHCKHUX MHTepBaja, Kaja je y jslabopaTopuju
pajuiia ¥ Kajia HHUje pajuia KIuMaTu3alyja, Kao U ca HarJackoM Ha Bapuja0ily pas3iuKka yHyTpallmber 1
CIOJbHET MPUTHUCKA BojeHe nape. OBa je[HO-BapMaHTHA aHaNW3a JAOBOMAM /10 3aKJbydyKa fla ce Mojanu
I'moGanHor cucrema acumuanyje NogaTaka MOry KOpUCTUTH Kao JOBOJbHO J00pa NpubIuKHa 3aMeHa 3a
METEOPOJIOLIKE MOfaTKe M3 OOJUXKIEe METEOpONIOLIKE CTAaHMLE 3a MYJITUBApUjaHTHY aHaIHU3y.
MyJ'ITI/IBapI/IjaHTHOM KJIaCI/ICbI/IKaI_II/IOHOM aHaJIU30M HpOHabeHo je HEeKOJNMKO BeoMa NOOpHX MYJITH-
BapHjaHTHUX METOJIa KOje c€ MOTY KOPUCTHUTH y HEKOj BeO aIluIuKaluju WiIn 3a flalby fleTa/bHy aHAU3y
cnenuUUHNX yaa3Hux Bapujabmnu. [Ipuka3aHna je BaxXHOCT Bapujadiu 3a MyHTI/IBapI/IJaHTHI/I MeTof crabia
ofJlyuyuBama 3a cBa TPHU IIEpUOfla Mepema, a pa3MaTpaHe Cy U HajBaxkHuje BapujaGie. KonauHo,
MyJITUBapHjaHTHA perpeCcUOHa aHalln3a je Takobe ajna foope pe3ynrare, IITO MOXKe fia Oy[e KOPUCHO IIpI
ONTUMU3ALUjU KIacu(PUKANOHUX MYJITUBAPUjaHTHUX METOJA.

Kmwyune pequ: KOHIUHYUPAHU PAOOH MOHUTUOPUHZ, MYATUUSAPUJAHITHA aHAAUu3a, [ nob6ainu cucitiem
acumuaayuje Ho0aiaxa, MeiieopoNOUKa CIUaAHULA



