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DATA GROUP ANONYMITY IN MICROFILES

Nowadays, publishing primary data has become an ordinary way of providing infor-
mation for different researches. At the same time the primary data also have to be protected
to prevent unwanted information disclosure and privacy violation. There have been develo-
ped various algorithms and techniques to provide privacy for individual respondents. But,
the problem of providing anonymity for a group of respondents isn't solved yet. In the pa-
per, we consider practical aspects of providing data group anonymity. We propose a formal
definition of the task, discuss its main peculiarities and types, and examine a problem of
preventing data utility loss. In particular, we address the problem of minimizing data dis-
tortion when perturbing microfile data. For that matter, we introduce a special metric and
propose a strategy for its applying to producing optimal microdata distortion.

Keywords: group anonymity, statistical disclosure control, privacy protection, micro-
file, data utility.

1. Introduction

According to the famous Abraham Lincoln's saying, "You can fool some of
the people all the time, and all of the people some of the time, but you cannot fool
all of the people all the time". In terms of data anonymity, this should sound as
"You can hide some of the data all the time, and all the data some of the time, but
you cannot hide all the data all the time". But, although one cannot reach total
anonymity, there are many cases when one needs to hide (or mask) specific private
information on a particular respondent, his intensions and activities. Thus, the legal
system of every state includes requirements to provide published data depersonali-
zation and anonymity (e.g., see the Health Insurance Portability and Accountability
Act of 1996 (HIPAA) [1], and the Patient Safety and Quality Improvement Act of
2005 (PSQIA) [2] concerning health protection data in the US, or Directive on pri-
vacy and electronic communications [3] about electronic commerce in the EU, or
the State Statistics Law [4] about providing confidentiality of the primary statisti-
cal information in Ukraine).

But, what is usually called data anonymity [5] is in fact individual data
anonymity. Individual anonymity methods are used to disable identifying informa-
tion on a particular respondent in the given data set (e.g., in a microfile) which
contains primary and non-aggregated respondent data.

In our previous work [6], we introduced a totally different kind of
anonymity, namely, group anonymity. It lies in protecting important data features,
distributions, and collective patterns which cannot be defined by analyzing individ-
ual data records only.

For instance, given a regional distribution of French power plant workers
(see the microfile [7] with the 1999 population census data), we can almost ideally
determine where French nuclear reactors are located. This is mainly because the
nuclear power is a main source of electricity in France. Figure 1 presents a corres-
ponding regional distribution of the power plant workers (the quantities above the
solid line can reveal the nuclear power plants locations).

Now, let's suppose the French government decides to build a secret nuclear
research center in a region with no nuclear plants registered officially. If the microfi-
le with the census data isn't protected, we might easily track this center using Fig. 1.
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Surely, this example is a bit far-fetched. Nevertheless, the confidential in-
formation of such a kind can also be revealed using various indirect data. For
instance, the site of a military base can be determined if the density of young males
is higher than the density of young females. Or, a relatively big number of respon-
dents with a degree in science working in a region without any prominent educati-
onal or research centers might indicate a hidden scientific lab.

Thus, the task of providing anonymity for specific (vital) value combinati-
ons distribution over determined (parameter) values is important and topical. This
is especially the case when preparing microfiles containing various demographic,
economical and other types of information. In this paper, we address the practical
aspects of providing such data group anonymity.

When publishing primary data, it is necessary to provide anonymity (both
group and individual) taking into consideration the adversarial model. It reflects
which additional information might be known to a potential attacker for violating
privacy in the published data. In this paper, we will suppose that the potential ad-
versary does not possess any additional data except for those ones contained in the
masked microfile.

The rest of the paper goes as follows. In Section 2, we provide a general
survey on the published works in this field. Also, we discuss the existing termino-
logy. Section 3 provides necessary definitions, a formal problem set, and a bunch
of ways to solve it. Different kinds of group anonymity task are discussed in Secti-
on 4. Section 5 is dedicated to the microfile utility preservation. In Section 6, we
address the problem of modifying the microfile with a minimal distortion. In the
last section, we draw conclusions and set the tasks to be solved in the future.

2. Related Work

2.1. Anonymity. Anonymity is derived from the Greek word avovvpio
meaning "without a name" or "namelessness". In a consolidated proposal for termi-
nology [5], anonymity of a subject means that the subject is not identifiable (unig-
uely characterized) within a set of subjects. Then, data anonymity, as we un-
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derstand it in this paper, means that the respondents' records cannot be identified
within a microfile.

Basing on the model of an anonymous message transmission system, there
can be distinguished two anonymity classes, namely, global and individual [5] (or
local [8]) anonymity. Whether the anonymity belongs to a particular class depends
on its purpose. It can be achieved for the users corresponding to the message (sen-
ders or recipients) globally (for all such users), or for each user individually. In
terms of the task under review in this paper, such classes won't be differentiated
[9], and will be considered as the anonymity of individuals or individual data
anonymity (property of being unidentifiable within a group).

We have to pay attention to several other important positions connected
with the term of anonymity.

When the systems for anonymous communication were studied, the term of
the degree of anonymity was introduced [10]. If to apply this term to the field un-
der review in this paper, we can admit that the degree of anonymity provided aga-
inst an attacker can be viewed as a continuum, ranging from complete anonymity
("absolute privacy") (when the attacker cannot perceive the presence of some res-
pondents in the data sample) to no anonymity ("probably exposed") (when the at-
tacker can identify the personal respondent record).

While discussing the term of anonymity, it is important to note that there
exists a set of similar (and sometimes even overlapping) but rather different infor-
mation-hiding requirements [11, 12, 5] such as noninterference, privacy, confiden-
tiality, secrecy, unlinkability etc., but they are not the subject to this paper.

2.2. Individual and group data anonymity. The restrictions required to
provide the data anonymity of individuals are important and comprehensive. That
1s why, they are having been successfully studied for many years now by the rese-
archers in such fields as statistical disclosure control [13], privacy-preserving data
mining [14], distributed privacy, cryptography and adversarial collaboration [15].

Nowadays, the data anonymity is achieved by using perturbative and/or
non-perturbative methods for masking microfile data (as it can be found in [16]).
The perturbative methods modify particular microfile values (for example, consi-
der data swapping [17], microaggregation [18], rounding [16] and others). At the
same time, such methods as generalization, top and bottom coding, and local
suppression described in [13] belong to the non-perturbative ones as they let to
mask some value combinations without altering them.

There have been also determined two main principles for providing indi-
vidual data anonymity, i.e. randomization and k-anonymity. The main idea of the
data randomization (refer to [14, 19, 20], or rather close works on differential pri-
vacy [21]) is to add noise to the data so that records' attribute values are masked.
Another principle discussed in [9, 22] (namely, k-anonymity) means that every
attribute values' combination corresponds to at least k& respondents with the same
combination in the microfile.

Some authors [23] call the situation when it is impossible to find out a spe-
cific individual among a respondent group as group anonymity. But, in our opini-
on, this name is not suitable for this situation because it concerns the individual
respondent anonymity inside a specific group rather than anonymity of a respon-
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dent group itself. In the past few years, methods and tools for publishing useful in-
formation while preserving data privacy are usually viewed as privacy-preserving
data publishing. The work [24] contains a systematized survey of the researches in
this field.

Recently, two novel techniques have been proposed to provide data
anonymity. The first one is based on the structure transformations of the data mat-
rix (it could possibly be the microfile data). Two methods representing such a
technique are singular value decomposition [25] and nonnegative matrix factoriza-
tion [26]. The second technique implies using Fourier transformation [27] or wave-
let transformation [28, 29].

But, all the discussed principles and techniques intend to provide mainly
the data anonymity of individuals. Although, they are completely useless (at least
in their today form) for providing group anonymity. This task was initially introdu-
ced in [30]. In [6], this term was specified. Also, there was proposed a method for
providing data group anonymity using wavelet transform.

3. Group Anonimity Definition and Ways to Provide It

A microfile can be viewed as a matrix M, with each row unambiguously
corresponding to one record. Every row itself can unambiguously be matched with
only one respondent.

We will treat each M column as a set of values corresponding to some res-
pondent attribute. For a person, these attributes could possibly be "age", "name",
"sex" and others.

Usually [31], there are defined two basic groups of attributes.

An identifier 1s an attribute which unambiguously defines (or identifies,
which follows from its name) a certain respondent in a microfile (e.g., "Social Se-
curity Number" or "Full Name"). In fact, the only way to prevent privacy violation
in this case is to completely remove the identifiers.

Another set of attributes called quasi-identifiers consists of those ones
which can be joined with external information to re-identify respondents (with a
sufficiently high probability) [9].

We will additionally name all the other attributes ancillary ones. For
instance, it might probably be "language skills". These attributes do not play any
prominent role when providing group anonymity, but they have to be considered to
guarantee minimal microfile distortion.

Still, this division is appropriate for individual anonymity. But, it's comple-
tely insufficient when hiding, say, regional distribution of some respondents. That's
why we will distinguish among the quasi-identifiers and ancillary attributes those
ones whose distribution has to be hidden (masked) in terms of group anonymity.
We will call such attributes and corresponding value combinations the vital ones.
The values (and appropriate attributes) to distribute over will be called the parame-
ter ones. For example, when masking regional distribution of military officers the
vital attribute would be "Military Status", whereas "Place of Work" would be a pa-
rameter one.

We will call a goal signal a numeric vector 8 =(6,6,...,6,). It consists of

the quantities (possibly, additionally transformed) of microfile records with a spe-
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cific vital value combination and a parameter value. Additionally, we will call a
goal chart a graphical representation of a goal signal (for instance, see Fig. 1).

Depending on a parameter attribute, this chart can be either the cross-secti-
onal data (like a distribution of companies by their product yield) or the time-series
(like respondents' answers to the same questions during a long-running opinion poll).
In some way, these charts resemble the ones considered in technical analysis [32].

Every chart (distribution) is defined by a list of its main features. Their im-
portance for providing group anonymity is presented in Table 1.

Table 1. Main goal chart features from a group anonymity point of view

Main Chart Features Importance for Group Anonymity
extremums almost always this is the most confidential feature

this can be topical when a parameter attribute is numeri-

cal or ordinal; useless when they are nominal

this can be important if the parameter values are numeri-

cal or ordinal, and the trend is somewhat confidential

cycles or periods (both | this is often important when a parameter attribute is tem-
total and partial) poral

this can be necessary if the distribution contains the parts

repeated cyclicall

statistical features

trends

frequency spectrum

Having introduced all the necessary terms, we can provide a formal data
group anonymity definition.

Definition. Let us be given a microfile M with all the identifiers having be-
en eliminated. Among the remaining attributes {Al, A, ..., A,} we will define gro-

ups {G;}, i=1,..,k. Each of them consists of one or several vital attributes
{I/I(i), v, ., V,,(f)} and one parameter attribute P®, PO =y, j=1..m. Then, the

task of providing data group anonymity lies in the following. For each group
{Gi}, i=1,...k, we need to modify a goal signal such way that at least one main fe-

ature of a goal chart changes so that it leads to a needed distribution masking. At
the same time, we have to preserve the goal signal's mean value:

>6=36. ()

In (1) and further on, an asterisk * marks the modified data elements.

Let us consider one example. Suppose we set a task of protecting the regi-
onal distribution of scientific professionals and technicians in the UK. The impor-
tance of the task is clear since maximums in an appropriate goal signal could pos-
sible lead to revealing the locations of restricted scientific centers. We can take
"Region of the UK" as a parameter attribute. Also, we can take "Occupation" as a
vital one. But, since we are concerned with redistributing people of a particular oc-
cupation, we choose only two vital values standing for "Science Professionals" and
"Science and engineering Technicians".

Depending on the goal chart features to be masked, the data group
anonymity task can be solved in different ways (see Table 2).
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Table 2. Different ways to provide group anonymi

Main Chart Features Some Ways to Provide Group Anonymity
transiting extremums;

putting several alleged ones

altering them to receive another statistical signal distri-
bution

changing inclination angle for a linear one;
changing the degree of a trend polynomial
changing a period of a signal (or its part);
changing an amplitude of the repeated signal part;
adding new periodic distribution components
changing a period of a signal (or its part);
frequency spectrum | adding new periodic distribution components;
changing a wavelet approximation of a signal

extremums

statistical features

trends

cycles or periods (both
total and partial)

Of course, in practice, we might use more than one of the ways listed abo-
ve. Besides, one way can sometimes imply changing some signal features. E.g.,
changing a wavelet approximation can also lead to extremum transitions [6] or cre-
ating some new alleged extremums.

It seems unpromising to try to find any common group anonymity measure
for all the methods listed in Table 2. Possibly, the solution should be only qualitative.

4. Different Kinds of Group Anonymity Task

According to Section 1, the confidential information sometimes can be re-
vealed without analyzing the direct data. E.g., appropriate relative ratios or infor-
mation on exceeding a certain threshold can pose a much bigger privacy violation
threat than the absolute quantities.

In such cases, the goal signal has to contain somehow transformed absolute
quantities of records with specific vital value combinations. The easiest form of a
goal signal is obviously a quantity signal consisting of the absolute quantities dis-
cussed above:

q=(q1,92-,qn) - (2)
This type of a goal signal is most sufficient in situations when the very pre-
sence of the records in a data set 1s confidential. For instance, this is the case with
protecting the regional distribution of the military personnel, or the distribution of
people with HIV over different ethnic groups.
In different other cases the confidential information can be contained not in
the absolute data but in the relative ones. To protect such information, we need to
build up a concentration signal:

c=(cl,cz,...,cn)E[ﬂ,ﬂ,...,@j. 3)
P P2 Pn

In (3), p; stands for a number of records with the vital attribute's values
which comprise the vital ones. For example, if a vital value combination is (fema-
le; 30 years old) then the values p; might stand for women of any age, or for all the

people in general.
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Also, the third typical situation arises when the confidential information
can be determined through the comparative data. In this case, we need to define
two different vital value combinations and build two different concentration sig-

nals, ¢@ =(c@,c?,....c) and ¢® =(?,cP),...,c?). Then, the goal signal can be
defined as a concentration difference signal:
5 =(01,02.,00) = (P =@, — 9, D) — (@) 4)

This kind of a goal signal is useful to protect the site of a military base
which can be obtained by analyzing the differences between young males' and fe-
males' concentration in every region.

5. Preserving Masked Microfile Utility

According to Table 2, group anonymity can be achieved by changing diffe-
rent main goal chart features. On the other hand, it is obvious that it is better to
change a chart feature, and preserve some other ones at the same time. Actually,
there have already been developed several techniques to provide group anonymity
which guarantee preserving some goal chart features.

One of them lies in changing chart's extremums with simultaneous preser-
vation of its main statistical features as mean value and standard deviation. This
can be done by normalizing the modified goal signal according to the following
formula [29]:

. o . O
O =0+—pu-—u)—.
O

)

o)

1 & « 1 & 1 & * 1 & o« *
Here) ,u=—29,-,,u=—29,-,0=\/ (Hl-—lL[)Z,J:\/—Z(gi—lu)z,
1

n =1 n = n—1: n-1:5
Another way to provide group anonymity lies in changing chart's extre-
mums with simultaneous preservation of its frequency features. This approach is
thoroughly discussed in [6], and is based on using wavelet transform:

1
o) = Z aki- Qi)+ D, D djiw ;i) (6)

j=k i
Here, ¢x; stands for a shifted and sampled scaling function, whereas v ;;

stands for a shifted and sampled wavelet function.
It was shown [6] that to change approximations we need to modify appro-
ximation coefficients a; ;. At the same time, leaving detail coefficients d;; perma-

nent preserves important signal's frequency features.
Of course, there exist other approaches apart from (5) and (6) that provide
group anonymity and leave main chart's features unchanged.

6. Minimal Distortion as a Criterion for Choosing Particular Micro-

file Perturbing Techniques

When solving a group anonymity task, we are obliged to distort the primary
data. In general, the more distortion is introduced, the highest privacy protection
quality is achieved. But, the data utility loss might also become greater.
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For us, the primary data is modified the best way if the distortion in the
microfile is as little as possible. Thus, we set a following optimization task. We ne-
ed to provide group anonymity by making as few changes to a microfile as can be.

Actually, the aim of modifying the microfile is to adapt it to the modified
goal signal. This procedure can be treated as changing parameter values of a parti-
cular number of records necessary for obtaining the needed distribution defined by
the goal signal.

Also, such parameter value modifications should be carried out simultane-
ously for two different records, so that the number of records with a particular pa-
rameter value persists. In general, we can choose any pair of records for such an
operation (as long as only one of them contains a vital value combination). But, in
this case obtaining new distributions of vital values can spoil the distribution of the
other ones.

We will call the attributes whose distribution is of a big importance for a
data recipient influential attributes (the vital attributes are influential by definiti-
on). Then, under minimal microfile distortion we will understand swapping the pa-
rameter values between two microfile records which are close to each other.

To define how close the records are, we introduce an influential metric:

2
0= S rlp) —r*dy) | R * 2
) lglwp[i’(lp)-l-r*(]p)] +Z7/k(l(r(‘]k)’r (Jk))) |

k=1
Here, I, stands for the p™ ordinal influential attribute (making a total of

(7)

noa )> Ji stands for the k™ nominal influential attribute (making a total of »,,,). Al-
so, () stands for an appropriate attribute value of a record r. The operator y(vi,v,)
equals y; if two values v; and v, fall into one category, and y, in the other case.
The weights @, and y; regulate the importance of each attribute (e.g., for the attri-

butes not to be changed they should be maximal).

Having defined metric (7), we can propose a strategy for constructing a
new microfile which lies in examining all potential record pairs <r,7*> to swap
their parameter values and choosing those ones with the lowest InfM(r,r*) value.

Since such a strategy seems to be NP-hard, there can also be developed dif-
ferent heuristics providing not optimal but quite acceptable solutions. Though, this
is a subject to another discussion.

The mentioned optimization task can be solved either for a standalone gro-
up G;, or simultaneously for several ones. But, in this case the task can be replaced
with the one of not exceeding certain fixed thresholds, and in this situation mini-
mal distortion of each group can be calculated using different weights for different
groups.

7. Conclusions and Future Research

Providing both individual and group anonymity before publishing the mic-
rofile data is a task of a great importance. But, despite the fact that there have been
constructed different methods and systems for protecting individuals, the problem
of providing data group anonymity is only at its primary stage of development.
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In this paper, it is the first time when the term of data group anonymity has
been formally introduced. Also, we've classified different ways of its achieving
through modifying the distributions of value combinations to be protected. We cal-
led them vital value combinations. At the same time, we especially drew attention
to the practical aspects of implementing data group anonymity in microfiles. In
particular, we've introduced an influential metric which can be used to set an opti-
mization task of minimizing the primary microfile data distortion.

We think that it is necessary to continue studying the group anonymity in
two directions:

® finding other, different from mentioned in Section 5, ways of preserving perturbed
microfile utility;

® developing heuristic methods to provide acceptable data distortion while masking
the microfile.
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Yepmoe O.P., Taspos, /len. I'pynoBa aHOHIMHICTb JAHUX B MIKpPO-

dainax

CraHOM Ha ChOTOJHI, ONPWIIOJHEHHS NEPBUHHHUX JAaHUX CTAJIO 3BUYHUM CIOCOOOM
3abe3nedyeHHs 1HQOpMaILi€0 PIZHOMAHITHUX JOCIIIKeHb. BogHodac mepBUHHI JaHi TO-
BUHHI OyTH 3axuIieHi, mo0 nonepeauTn HeOaxaHui BUTIK iHpopmamii Ta mopymeHHs ii
KOoH(Q1aeHIIHHOCTI. Bynu po3po0ieHi pi3HOMaHITHI alTOPUTMHU Ta MiAXOAU 10 3a0e3neyeH-
HSl TIPUBATHOCTI /ISl 1HIWBIyalIbHUX PECIOHACHTIB. AJie 3ajady 3abe3meueHHs] aHOHIM-
HOCTI1 JJI TPYIH PECTOHACHTIB J0CI HE PO3B'si3aHO. Y POOOTI pO3TISHYTO MPAKTHYHI ac-
NEeKTH 3a0e3MedYeHHs IPyNoBOi aHOHIMHOCTI JTaHUX. MU NpornoHyeMo ¢opmaibHe BHU3HA-
YeHHsI TaKoi 3aJadi, aHaIi3yeMO 11 OCHOBHI OCOOJMBOCTI Ta BHJIM, & TAKOXX BHBYAEMO IH-
TaHHS TIEPEIIKO/KAHHS BTPATi KOPUCHOCTI JTaHUX. 30KpeMa, MU 3BEPTAEMOCH JI0 3ajadi
MiHIMi3allil BUKPUBJICHHS aHUX IMiJ 4ac 3MiHU Mikpodaitny. J{7s 1i BUpilleHHS MU BBOIU-
MO CIIELIaJIbHy METPUKY Ta MPOMOHYEMO CTPATEril0 3aCTOCYBAHHS OCTAHHBOI AJIS OTpH-
MaHHS ONITUMAJIILHOTO MAaCKyBaHHS MIKPOJaHHUX.

Knwowuogi cnosa: rpynoBa aHOHIMHICTb, CTATUCTUYHUI KOHTPOJIb 32 PO3KPUTTAM 1H-
¢dopmarii, 3aXUCT MPUBATHOCTI, MIKpO(aiisl, KOPUCHICTh TaHHX.
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Yepmos O.P., Taspoes, /len. I'pynnoBasi aHOHUMHOCTDH JTaHHBIX B MUK-
podaitiax

Ha ceromusimaunii 1eHs 00HApOJOBaHNE EPBUYHBIX JAHHBIX CTAJI0 OOBIYHBIM CIIOCO-
oom obecnieueHust nHpopmanueil pa3HOOOpa3HBIX HCCIeA0BaHUN. B TO ke Bpems mepBuy-
HbIC JIAaHHBIC JJOJDKHBI OBITH 3aIIUIIEHBI, YTOOBI MPEIYNPEAUTh HEKETACMYI0 YTCUKY WH-
dopmanuu 1 HapylieHue ee KOHPHUIESHIMAIbHOCTH. bbuin pa3paboTaHbl pa3ivyHbIE aro-
PHUTMBI M TIOJIXOJBI K OOECIICUCHHIO MPUBATHOCTH ISl MHAWBUIYAIBHBIX PECIIOHICHTOB.
Opnnaxo, 3am1a4a oOecriedeHusl aHOHUMHOCTH JIUIsL TPYTIITBI PECIIOHACHTOB BCE €IIe HE pe-
mieHa. B maHHOM paboTe MBI paccMaTpHBaeM NPAKTUYECKUE aCTEKThl 00ecIieueHHs TPyII-
NIOBOW aHOHMMHOCTHU JaHHBIX. MBI TipeiaraeM (opmaiibHOE OIpeIe]ICHue TaKOM 3aaqH,
aHAIM3UPYEM €€ OCHOBHBIE OCOOCHHOCTH M BHJIBL, @ TAKXK€ M3y4aeM BOIPOCHI IIPEIOTBPa-
IIEHHs YTPaTHl MOJIE3HOCTH JaHHBIX. B wacTHOCTH, MBI OOpamaemcs K 3ajaue MUHUMHU3a-
[IMM NCKa)KCHHS JAaHHBIX BO BpeMs U3MEHEHHS MUKpodaiina. [ ee pereHus: Mbl BBOIUM
CTEeIUATbHYI0 METPUKY U TPEUIaraeM CTPATEeTHIO HCIOIb30BaHMs TOCIIEAHEH I ToTyde-
HHSI ONITUMAJIBHOTO MaCKUPOBaHUSI MHUKPOIaHHBIX.

Kniouegvle cnoga: rpynnopasi aHOHUIMHOCTb, CTATUCTHYECKUN KOHTPOJIb 32 PaCKphI-
THeM MH(OpMaluK, 3aluTa UHGOPMALUU OT HECAaHKIIMOHMPOBAHHOTO JOCTYIa, MUKpPO-
(aiin, moJe3HOCTh JaHHBIX.

VK 681.324 Acnip. Y.B. Moniwyx';
npogh. P.O. Tkauenko, 0-p mexn. nayk — HY "JlIvgiecvka nonimexnixka'

METOIH 1 3ACOBHU HIAIBULIEHHSI EOEKTUBHOCTI
HEUPOMEPEKEBOI'O YIIVIBHEHHSA JTAHUX
HA IMPUKJIAAI 30BPAXKEHD

OnucaHo 0coOMMBOCTI YIIUTBHEHHS Ta BIJHOBIEHHS NaHUX (Ha MpHUKiIaAi 300pa-
JKCHb) 3 BUKOPUCTAaHHSIM aBTOACOLIATHBHUX HEHPOMOAIOHUX CTPYKTYp T€OMETPUYHHX I1e-
PETBOpPEHB JUI peatizalii npoueaypy BUAUICHHS TOJIOBHIUX KOMIIOHEHTIB Ta BiJIHOBJICHHS
MOYaTKOBUX JJAHWX Ha IXHiH ocHOBI. [IpoaHanizoBaHo 0a30BHii aITOPUTM aBTOACOLIATHB-
HUX HEUPOINOAIOHUX CTPYKTYp Yy PEeKHMax Kommpecii-mekommpecii 300paxxeHb Ta BMICT
apXxiBy CKOMIIPECOBaHUX JaHMX. BH3HaueHO BapiaHTU BJOCKOHaJICHHsS 0a30BOr0 Helpome-
PEKEBOro0 METOJy LUIIXOM 3aCTOCYBaHHS JOJATKOBMX 3acO0iB YIIUIbHEHHS, 1[0 MOXYTb
OyTH BUKOpHUCTaHi i (ailsniB 300pakeHb, MOBHHUX TOBIJOMJICHb 1 TEKCTOBHUX JaHUX.

Beryn. Metonu Ta 3aco0u 3MEHIIICHHSI 00CATY "TpoMi3akuX" maHuX, 30K-
peMa CTaTUYHUX PacTPOBUX 300pakeHb, CIIPSIMOBaHI Ha 3a0e3neueHHs e(heKTUBHI-
II0r0 TXHBOTO MPEACTABIICHHS 1] Yac 30epiraHHs y maM'saTi KOMIT'IOTepa 4 mepe-
nadil kaHanamu 3B'sa3Ky. Cepeql 6ararbox METOMAIB YIIUIBHEHHS JaHUX BUAUISIETHCS
MIIX17, SIKUA rependadyae BIIOOpaXKEHHS JaHUX 13 IPOCTOPY BEIMKOI PO3MIPHOCTI
y IPOCTIp 3MEHIIEHOI PO3MIPHOCTI 3a JOMOMOTOI0 JIiHIHOTrO nepeTBopeHHst Kapy-
HeHa-JloeBa, 0a3ucHI (YHKIIII SKOrO € BJACHUMHU BEKTOpaMH KOBapialliHOI Mat-
pHIll BXITHOTO CUTHaNy. Take MepeTBOPEHHS € ONTUMAJIBLHUM 3TITHO 3 KPUTEPiEM
JOCSITHEHHSI IEKOPEJISLii BX1JHOTO CUTHAy, OCKUIbKM Ha Mepuuil 0a3ucHUN BeEK-
TOP, Y CepeaHBOMY, IpHUMaAac HAaHOIbIUN 00csT 1HGOpMAaIIi Mpo 300pakeHHs, Ha
JPYTrUil — MaKCUMYM 13 TOi, 10 3aJUIINIACH, 1 T. 1H., IHIIMMH CJIOBaMU, 3[1HCHIO-
€ThCs JHIMHUN aHami3 roigoBHUX koMmmnoHeHT (I['K). [Ipote, BpaxoBytouu, mo Oa-
3UCHI BeKTOpHU niepeTBopeHHss KapyHena-JloeBa 00UMCTIOIOTHCS HA OCHOBI CTATHC-
TUYHUX BJIACTUBOCTEN 300paK€Hb, 1110 NEPETBOPIOIOTHCS, BUHUKAE HEOOXITHICTDH

1 . . . .
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