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THE THEORY OF INFORMITY: A NOVEL PROBABILITY FRAMEWORK

This paper proposes a novel probability framework, called the theory of informity. We define a mathematical quantity called
"informity” to quantitatively measure the degree of informativeness of a probability distribution (or a probability system). We also
define two other quantities: cross-informity and joint informity. We propose an informity metric that can be used as an alternative
to entropy metric. The informities for twelve continuous distributions are given. Three examples are presented to demonstrate
the practicability of the proposed informity metric.
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Introduction
Shannon (1948) introduced the concepts of "information content" and "information entropy". The Shannon information
content (also called self-information, surprisal, or Shannon information) of an outcome x; with probability P(x;) is defined as

I(x;) := —log,P(x;). (1)

For a discrete random variable X with the probability mass function (PMF) P(x), the entropy (also called Shannon entropy
or information entropy) of X is defined as

N
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where N is the number of outcomes of the probability system {X; P(x)}, and E[-] means taking the "mathematical expectation".
For a continuous random variable Y with the probability density function (PDF) p(y), the entropy of Y is defined as

H(Y) := — [ p(y)log, p(y) dy = E[—log, p(Y)]. (3)

When discussing Shannon information theory, "information" is actually shorthand for "information content," which refers
to the amount of information conveyed by the outcome x; based on its probability P(x;). Since most people may not explicitly
think of "information" as shorthand for "information content," we use "information content" to avoid confusion. Furthermore,
the notion of "information content" does not involve the meaning of information.

Needless to say, Shannon information content and entropy are key concepts in Shannon information theory, which
provides a framework for transmission, storage, compression, and processing of information in communications engineering.
However, the use of Shannon information content and entropy in fields other than communications engineering may not be
consistent with our common sense about information or informativeness. For example, entropy metric is used in machine
learning for splitting decision tree nodes. However, the so-called "information gain" is actually the "Shannon information
content loss" corresponding to the reduction of entropy. Petty (2018) discussed some of the shortcomings of Shannon entropy
as a measure of information content in indirect measurements of continuous variables. They highlighted a number of
significant limitations of Shannon entropy as a basis for quantifying the information content of remote sensing observations.
Based on a historical review of the problems with conceptualization of information content, Schroeder (2004) demonstrated
the need for an alternative to entropy for measuring information content more generally. He stated, "...there is nothing wrong
with entropy as long as we analyze communication systems and are interested in the ‘engineering problem'... The question
is whether we can use entropy equally successfully for measuring information [content] in different contexts. Here | believe
the answer is in the negative."

Shannon information theory links "Shannon information content" with "probability” as shown in Eq. (1). However, "probability” is
a (normalized) relative quantity ranging from 0 to 1 and has no unit, while "Shannon information content" is an absolute quantity
ranging from O to infinity and has units such as "bits". By definition, a relative quantity is expressed as a ratio or percentage compared
to (or normalized to) a reference value, whereas an absolute quantity is a numerical value that does not rely on comparison with
another value. The Appendix explains how the relative quantity "probability" is converted into the absolute quantity "Shannon
information content". Since Shannon information content and entropy are absolute quantities, they can be encoded, transmitted,
compressed, and stored in communications engineering. However, in other fields or in daily life, people are more familiar with and
use the relative quantity "probability”. For example, when talking about the possibility of rain tomorrow, people would say "the
probability of rain tomorrow is 80 %", rather than "the chance of rain tomorrow is 0.32 bits".

The aim of this study is to develop a novel probability framework, called the theory of informity, that is more applicable to
fields other than communications engineering. Unlike Shannon information theory, which deals with absolute information
content and uses log-transformation of probabilities, the proposed informity theory treats probability as relative information
content and does not use log-transformation. The greater the probability of an event, the greater the relative information
content of the event (i. e. the event is more informative). Conversely, the smaller the probability of an event, the smaller the
relative information content of the event (i. e. the event is less informative). We believe this view of probability is intuitive and
consistent with our common sense or perceptual understanding about information or informativeness. The relative information
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content has the opposite meaning from Shannon information content, which is the absolute information content explained in
the Appendix.

In the following sections, Section 2 defines a mathematical quantity called "informity" to quantitively measure the degree
of informativeness of a probability distribution (or a probability system). Section 3 defines cross-informity and joint informity.
Section 4 presents informity metric. Section 5 provides discussion. Section 6 gives three application examples. Section 7
provides conclusions.

1. The definition of informity

We consider the word "informity" to be a technical term meaning "the degree of informativeness". This is similar to the
technical term "uncertainty" in measurement science, which means "degree of uncertainness". The mathematical definition
of informity is different for discrete random variables and continuous random variables.

1.1. Discrete random variables
Definition 1. Let B(X) denote the informity of a discrete random variable X with the PMF P(x). B(X) is given by the
mathematical expectation of P(X)

B(X) == E[P(X)] = XL, [P(x)]>. (4)

In the context of relative information content, g (X) is the average amount of relative information contained in the probability
system {X; P(x)}. Similar to how H(X) is called discrete entropy, B(X) is called discrete informity. 8(X) quantitively measures
the degree of informativeness (or certainty) of the probability system {X; P(x)}. It has the opposite meaning from the discrete
entropy H(X). B(X) ranges between 0 and 1 and is dimensionless.

Consider tossing a coin, which is a two-state probability system: {X;P(x)} = {head,tail; P(head), P(tail)}, where
P(tail) = 1 — P(head). The informity B(X) of this system can be calculated as

B(X) = [P(head)]? + [P(tail)]?. (5)

Figure 1 shows the informity 8(X) as a function of P(head), compared with the corresponding entropy (in bits):

H(X) = —P(head)log,P(head) — P(tail)log, P (tail).
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Fig. 1. Informity of the coin-tossing system as a function of the bias represented
by the probability of heads, compared with the corresponding entropy

As can be seen in Fig. 1, when the coin is fair, i. e. P(head) = P(tail) = 0.5, the informity (X) is the lowest and the
entropy H(X) is the largest, indicating that the system is least informative or has the greatest uncertainty. When a coin is
highly biased towards the tail or head, the informity increases and the entropy decreases. In the most extreme case of
P(tail) = 1 or P(head) = 1, the informity is the highest: B(X) = 1 and the entropy is the lowest: H(X) = 0, indicating that the
system is highest informative or has the greatest certainty.

1.2. Continuous random variables
Definition 2. Let B(Y) denote the informity of a continuous random variable Y with the PDF p(y). B(Y) is given by the
mathematical expectation of p(Y)

BY) :=E[pM] = [[p(]* dy. (6)

Similar to how H(Y) is called continuous entropy, B(Y) is called continuous informity. B(Y) quantitively measures the
degree of informativeness (or certainty) of the probability system {¥; P(y)}. It has the opposite meaning from the continuous
entropy H(Y). Table 1 shows the continuous informities of twelve probability distributions.

The transition from discrete to continuous informity can be justified as follows. The continuous distribution is approximated
by discrete quantization (divided into intervals of size Ay) to form a discrete probability system: {Y; p(¥)Ay}. The discrete
informity of Y, is given by,

By =X [p)Ay])* = Ay T, [p(n)]*Ay. (7)
Normalizing B(Y,) by Ay and then taking the limit of the normalized S(Y,) yields
tim 2% — Jim S [pO)IAy = [P dy = B(Y) . ®)

Ay—0 Ay Ay—0

This procedure shows that while continuous informity is analogous to discrete informity, it is not exactly a limit in the strict
sense, but rather a renormalized version that accounts for the continuous nature of the underlying probability space. Note
that this process is essentially similar to the transition from discrete to continuous (differential) entropy.
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Table 1
Continuous informities of twelve probability distributions
Distribution Probability density function p(y) Informity B(Y) Support
Uniform i i [—a,a]
2a 2a
+a
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Triangular (a—1y) — [-a a]
3
PR 0<y<a a
3 142 3
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4a 1 (a y) } 5a [~a.al
Raised cosine i [1 + cos (Ey)] i [-a a]
2a a 4621
. n n m
Half-cosine Ta cos (% y) Tea [—a,a]
1 1,y —u\2 1
Normal —exp|—% ] —00, 00
o\2m P12 ( a ) 20T ( )
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Exponential Aexp (—1y) 5 [0, )
! 1
Cauch 1 o —00, 00
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Rayleigh P exp (— ﬁ) - [0, 00)
Gamma b y*~texp (—By) 4 527 Ir2a - 1) [0, )
['(a) [F(@)]
1 ly =l
Laplace — - — —00, 00
P 2b P ( b ) 4b ( )
. k y k__2k-1 2k—1
Weibull — k-1 A —277«k [‘( ) 0,00
" y*texp ( /1") 7 % [ )

Just like the continuous entropy H(Y) does not have all the properties of the discrete entropy H(X), the continuous informity
B(Y) does not have all the properties of the discrete informity S(X). Unlike B(X), which is dimensionless, B(Y) is not
dimensionless. B(Y) has dimensions of [y]. If the quantity Y has physical units of length, the inverse of 8(Y) also has units
of length. Sussmann (1997) introduced a quantity called "uncertainty length" in quantum mechanics.

Definition 3. The uncertainty length is given by the reciprocal of the continuous informity (Y)
1 1
8 = B~ JlpO)Pdy’ ©)

For the normal distribution N(u, 02), §(Y) = 20+/m = 3.5450. Therefore, the uncertainty length §(Y) is proportional to the
standard deviation o.

2. The definitions of cross-informity and joint informity
Definition 4. The cross-informity of two discrete random variables X1 and X2 with PMFs P; (x) and P,(x) is given by

B(Xy N Xy) := 2L, Py(x)P,(x;) = Ep [P, (x)] = Ep,[P1 ()], (10)
where Ep [P,(x)] is the expected value of P,(x) with respect to P;(x), and Ep,[P;(x)] is the expected value of P;(x) with
respect to P,(x). Since B(X; N X,) = B(X, N X;), the cross-informity is symmetric.

Definition 5. The cross-informity of two continuous random variables Y1 and Y2 with PDFs p,(y) and p,(y) is given by

B NYy) := [ p1(Mp.(dy = Ep, [0, ()] = Ep, [p1 (], (11)

where E, [p,(y)] is the expected value of p,(y) with respect to p;(y), and E,, [p;(¥)] is the expected value of p;(y) with
respect to p,(y). The symmetry also holds, i.e. B(Y; N Y,) = (Y, nY;).

Definition 6. Like 5(Y), B(Y; N'Y,) has dimensions of [y]'. Thus, similar to the definition of uncertainty length, the discrepancy
length is given by the reciprocal of the cross-informity g(Y; Nn'Y,)

1
SN 1) = 55y = Tromoiay
If the distributions of ¥; and Y, are identical, the discrepancy length §(¥; N Y,) reduces to the uncertainty length §(Y).

Definition 7. The joint informity of two discrete random variables X1 and Xz is given by

N N
BUGX) = D [P(raxz )] (13)

(12)

i=1j=1
where P(x,;,x, ;) is the joint PMF of X1 and X. If X1 and Xz are independent,
2
BX1,X,) = {V=1[P1(xi)]2 Z?I=1[P2(xj)] = B(X)BX). (14)
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Definition 8. The joint informity of two continuous random variables Y1 and Y2 is given by

BV, 1) = ff [p(1, ¥2)1? dy1dy,, (15)
where p(y;,y2) is the joint PDF of Y1 and Y2. If Y4 and Y2 are independent,
BV, Y;) = ff[p1(}’1)]2[272(3’2)]2 dy,dy, = B(YPB(Y2). (16)

The joint informity B (Y, Y,) has dimensions of [y]2. As a two-dimensional analogy to the one-dimensional "uncertainty length",
Sussmann (1997) introduced a quantity called "uncertainty area" for the Wigner quasi-distribution in quantum mechanics.

The justification for the transition from discrete to continuous cross-informity or joint informity is similar to the procedure
of the transition from discrete to continuous informity described in Section 2, so it is not repeated here.

Definition 9. The uncertainty area is given by the reciprocal of the joint informity g(Y;,Y,)
1 1

6(}/1' YZ) = B(YLYs) - [py2)12dy.dy,” (17)
If Y1 and Yz are independent, the uncertainty area is the product of the two uncertainty lengths
(Y, Y) = sommes = 8(1)8 (). (18)

B(11)B(Y2)
3. Informity metric
Informity can be used as a metric to compare statistical distributions (models) or splits (in machine learning). Informity
metric provides an alternative to entropy metric or information criteria based on maximum likelihood, such as Akaike
information criterion (AIC) and Bayesian information criterion (BIC).
Proposition 1. Suppose that among a set of candidate distributions, we want to select one that best fits the given data or
information. Let p, (y) denote the PDF of the k-th candidate distribution and B, (Y) denote the corresponding informity. Then,
the best distribution is the one with the maximum informity. That is,
best distribution = arg}:"nax [BL (], k=1,23..M, (19)

where M is the number of candidate distributions.

We designate Proposition 1 as "the maximum informity criterion”. The maximum informity criterion can be seen as the
counterpart of the minimum entropy criterion proposed by Huang (2024), and in fact it can be derived from the minimum
entropy criterion because informity is inversely proportional to entropy. In principle, the informity and entropy metrics are
compliable. However, the informity metric does not necessarily give exactly the same results as the entropy metric. This is
because the continuous informity is computed in the original probability space, while the continuous entropy is computed in
the log-transformed probability space.

Definition 10. Suppose a set is split into several disjoint subsets. The sum of the elements in the subsets is equal to the
elements in the original set. The informity gain Ag is the difference in informity before and after the split. That is,

AB = Bagter (X) — Boefore (X)), (20)
where Bpefore (X) is the informity before the split and B,se-(X) is the informity after the split. Barer(X) is calculated as the
weighted average of the informities of the subsets.

Proposition 2. When training decision trees in machine learning, consider M candidate splits for a mixed class (the original
set). Let AB,, denote the informity gain of the k-th candidate split. The best split among the M candidate splits is the one with
the maximum informity gain. That is,

best split = argkmax (48], k=1,23..M. (21)

We designate Proposition 2 as "the maximum informity gain criterion". The maximum informity gain criterion can be seen
as the counterpart of the "information gain" criterion based on the maximum entropy reduction (e.g. Zhou, 2019a).

4. Discussion

The continuous informity has the opposite meaning from the continuous entropy. They provide insights into a probability
system from different perspectives.

Figure 2 shows the continuous informity and continuous entropy of the normal distribution as a function of the standard
deviation o (scale).
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Fig. 2. Continuous informity and continuous entropy of normal distribution
as a function of the standard deviation o (scale)
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It can be seen from Fig. 2 that, as the scale parameter o increases, the continuous informity decreases and the continuous
entropy increases. When the continuous informity is very large, the continuous entropy becomes negative.

Remark 1. When the population parameters (e.g. location and scale parameters) are known, the true value of the continuous
informity can be obtained. When the population parameters are unknown and estimated from a sample, the continuous
informity can be calculated based on the estimated parameter values and becomes a statistic. Therefore, using the proposed
informity theory in practice may involve point estimates of population parameters.

Consider a sample (n observations) drawn from the normal distribution of Y with mean p and standard deviation . When
u and o are known, the true value of the informity (Y) is 1/(20v/m). When u and o are unknown, the sample mean ¥ is an
unbiased estimate of u and s/c, ,, is an unbiased estimate of o, where s is the sample standard deviation and c, ,, is the bias-

) .

correction factor; ¢, ,, = fﬁr &) I'(.) stands for Gamma function (Wadsworth, 1989). Accordingly, the estimated informity is
2

. Can

BY) 25 (22)
Remark 2. In this paper, the sum of the squares of PMF YV, P(x;)? is defined as the discrete informity and the integral of
the square of PDF [[p(y)]? dy is defined as the continuous informity. The author found through online search that these two
quantities or their related quantities have different names and uses in some literature. The sum of the squares of PMF is
called "repeat rate" or the Simpson index, which is a measure of concentration with a long history (Rousseau, 2018). The
quantity (1- repeat rate) is called Gini impurity, which measures the disorder or impurity of a dataset. It is also known as
logical entropy, which is interpreted as "the probability that a distinction or dit (elements in different blocks) is obtained in two
independent draws from the underlying set" (Ellerman, 2013; 2022). On the other hand, Lad et al. (2015) defined the negative
half of the integral of the square of PDF as differential extropy, i.e. J(Y) = —%f[p(y)]2 dy. However, this definition of

differential extropy is inconsistent with their definition of discrete extropy: J(X) = —¥¥,[1 — P(x;)]log,[1 — P(x;)]. Note that
if P(x;) is replaced by the density value p(y), the differential extropy would be undefined when p(y) > 1. Lad et al. (2015)

acknowledged this problem and used an approximation: J(X) ~ 1 —% N . P(x;)?. However, we argue that it is questionable

to deduce J(Y) = —%f[p(y)]2 dy from the approximation J(X) =~ 1 —% N . P(x))%. Moreover, puzzlingly, J(Y) is always
negative. This casts doubt about the true meaning of J(Y).

Although these two quantities are not new, their specific perspective as the average amount of information contained in
a probability system is novel and unique. Therefore, the idea of informity is new and the proposed informity theory is a
novel probability framework.

5. Application examples

5.1. Selecting distribution of calibration error

Consider the calibration error of a measuring instrument. The calibration error is confined within the interval [—a, +a], but
has a central tendency. In measurement uncertainty analysis, we want to select the best distribution among a set of candidate
distributions for the calibration error. Huang (2024) considered five candidate distributions: uniform, triangular, quadratic,
raised cosine, and half-cosine. He determined that the raised cosine distribution is the best distribution according to the
minimum entropy criterion.

We evaluate these five candidate distributions using the informity metric. Similar to defining the "unit entropy" by setting
a = 1in Huang (2024), we define "unity informity" by setting a = 1 in the informity expressions of these five distributions shown
in Tab. 1. The results for unit informity are shown in Tab. 2, together with the unit entropy.

Table 2
Unit informities and unit entropies of five candidate distributions
Distribution Unit informity Unit entropy (nats)

Uniform 0.5 0.693
Triangular 0.667 0.5

Quadratic 0.6 0.567
Raised cosine 0.75 0.386
Half-cosine 0.617 0.548

As can be seen from Tab. 2, the raised cosine distribution has the highest unit informity and the lowest unit entropy among
the five candidate distributions. Therefore, it is the best distribution according to the maximum informity criterion and the
minimum entropy criterion. This result is consistent with Castrup's (2004) argument based on physical reality considerations.

Note from Tab. 2 that, as expected, the uniform distribution has the lowest unit informity and the highest unit entropy. It
is the least informative distribution among the five candidate distributions from both the informity and entropy perspectives.

5.2. Evaluating four distributions given a sample drawn from a Weibull distribution

Xie (2011) evaluated four candidate distributions: exponential, Weibull, Gamma, and normal to fit a sample (n=200)
randomly drawn from a Weibull distribution with shape 1.8 and scale 1, using Akaike information criterion (AIC) and Pearson's
Q-statistic. He estimated the parameters using the routine maximum likelihood estimation procedure, which gives:
exponential distribution: rate = 1.167, Weibull distribution: shape = 1.662 and scale = 0.9588, Gamma distribution:
shape = 2.255 and scale = 0.3081, and normal distribution: mean = 0.8570 and standard deviation = 0.5277. Huang (2024)
considered this example using the entropy metric. We consider this example using the informity metric. Table 3 shows the
results obtained using the four different metrics.

As can be seen from Tab. 3, the Weibull distribution is the best distribution according to the AIC (Xie, 2011) or the minimum
entropy criterion (Huang, 2024). The Gamma distribution is the best distribution according to the Q-statistic (Xie, 2011) or

ISSN 1812-5409 (Print), ISSN 2218-2055 (Online)



~ 58 ~ B 1 C H U K KuiBcbkoro HauioHanbHoro yHieepcurety imeHi Tapaca LleBueHka

the maximum informity criterion (this study). Xie (2011) pointed out that the Gamma distribution was also significantly
supported by the data, as evidenced by its low AAIC value 4.7. Xie (2011) also pointed out, "AIC selects a "good" model
which is not necessarily the true model". His argument should also apply to the other three metrics. Therefore, we can say
that the four metrics give consistent results for this example.

Table 3
Evaluation of four candidate distributions using four different metrics
e AlC Q-statistic Entro nats Informit;
Distribution (Xie, 2011) (Xie, 2011) (Huan’g (2024)) (this stuy)
Exponential 340.3 48.1 0.846 0.5835
Weibull 276.6 7.07 0.680 0.5835
Gamma 281.3 6.34 0.694 0.6010
Normal 315.9 27.6 0.780 0.5346

5.3. Informity gain when splitting a mixed class

Zhou (2019a) considered an example of splitting a mixed class (a set) of 5 blues and 5 greens. He split the class into two
branches (two subsets): the left branch had 4 blues and the right branch had 1 blue and 5 greens. He calculated that the
entropy before the split was 1 and after the split was 0.39. The information gain (IG), defined as the difference in entropy
before and after the split, is 0.61 bits.

We consider this example using the informity gain. Before the split, the informity of the mixed class Bpefore (X) = 0.5. After
the split, Baser (X) = 0.8333. Then, the informity gain A = 0.3333.

Zhou (2019b) also considered this example using Gini impurity metric. Gini impurity (denoted by G) can be written as

GUX) = 3N, PG)[1 — PGl = 1 — T, P(x)?. (23)
Gini gain AG is defined as
AG := Gpefore (X) — Gagter (X). (24)

Note that Gini impurity G is related to the discrete informity as G(X) = 1 — 8(X). Therefore, the Gini gain AG is the same
as the informity gain AB. For this example, AG = A = 0.3333.

Discussion and conclusions

The proposed informity theory (a novel probability framework) is established in the original probability space; it does not
involve the log-transformation of probabilities like Shannon information theory and is more applicable to fields other than
communications engineering. The mathematical quantity "informity" provides a quantitative measure of the degree of
informativeness of a probability system. The idea of informity is intuitive and consistent with our common sense or perceptual
understanding about information or informativeness. Informity is an important property of a probability distribution. It is the
counterpart of entropy and provides insights into probability distributions from a different perspective than entropy. We have
derived the informities for twelve continuous distributions. Informities for many more distributions need to be derived.
Furthermore, just as the entropy for a distribution is often included in Wikipedia, the informity for the distribution may also be
included in Wikipedia.

The proposed informity metric can be used as an alternative to entropy metric. For a given set of data or information, the
proposed maximum informity criterion can be used to select the best distribution among a set of candidate distributions. When
training decision trees in machine learning, the proposed maximum informity gain criterion can be used to select the best split among
a set of candidate splits. The three examples presented demonstrate the practicability of the proposed informity metric.

The author envisions that the proposed informity theory will have broad application prospects. Currently, the author has
used the proposed informity theory to develop a new index for measuring the tail-heaviness of a probability distribution (called
the tail-heaviness index), two new indices for measuring the difference between two probability distributions (one called the
"distribution similarity index (DSI)" and the other called the "distribution discrepancy index (DDI)"), and a new index for
measuring the peakedness of a probability distribution (called the peakedness index). The manuscripts describing these
developments have been posted as preprints on ResearchGate. Further research is needed to extend and enhance the
proposed informity theory and its applications.

Appendix

Converting the relative quantity "probability” into the absolute quantity "Shannon information content”
Consider a discrete random variable X with the PMF P(x) that has N possible outcomes. The total amount of information
contained in the probability system {X; P(x)} is normalized to 1, i. . ¥, P(x;) = 1. We view probability P(x;) as the relative

information content of the outcome x;. Let n; denote the reciprocal of P(x;), i.e. n; = % . This means that the outcome x;

has one chance of occurring out of n; possible outcomes. In Shannon information theory, n; is "the number of messages in
the set" and "... this number or any monotonic function of this number can be regarded as a measure of the information
[content] produced when one message is chosen from the set, all choices being equally likely (Shannon, 1948)." Therefore,
either n; or any monotonic function of ni can be regarded as the absolute amount of information conveyed (or held) by the
outcome x;, i. e. the absolute information content of the outcome x;.

The absolute amount of information contained in the probability system {X; P(x)} can be calculated as

S PO = Ziyn = N. (25)
At first glance, this equation seems trivial. However, if we take the logarithm of ni (note: logarithm is a monotonic function),
Eq. (25) becomes the expression for entropy

HO) = XL, P(xp) loga (n,) = — XiL; P(x) log, P(xy). (26)
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It is important to note that the logarithm of a quantity only changes the scale of the quantity; it does not change the nature
or innate character of the quantity. Therefore, both Shannon information content log,(n;) = —log, P(x;) and entropy H(X)
are the absolute quantities.

However, for a continuous random variable Y with the PDF p(y), we cannot define the absolute information content of a
y value. But we can define the absolute information content of a probability interval as the reciprocal of the coverage
probability of the probability interval. For example, for a coverage probability of 0.9, the absolute amount of information
contained in the probability interval is 1/0.9=11.11, or —log, 0.9 = 0.152 bits.
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Tenepnin P IHcTpyMeHTC, Can-[iero, CLUA

TEOPIAA IHOOPMATMBHOCTI: HOBUIA NiAXIA OO TEOPIT UMOBIPHOCTEWN

3anponoHogaHo Hosull Nidxid do meopii timogipHocmel, w0 ompumas Ha3ey meopisi iHgpopmamueHocmi. [Jns KinbKicHO20 8UMipro8aHHs pieHsI
iHgpopmamueHocmi  liMmogipHicHo2o po3nodiny (a6o cucmemu (iMOgipHOCMel) eu3Ha4YeHO MameMamuyHy eeJsluduHy nid Ha3eoro
"iHgpbopmamueHicmb". Takox ecmaHoesieHo 08i iHWi eenu4uUHU: NepexpecHy iHghopmamueHicmb i cninbHy iHgpopMamueHicmb. 3anpornoHoeaHo
Mempuky iHghopmMamueHocmi, SIKy MO)XXHa euKopucmoeyeamu siKk anbmepHamuey Mmempuuyi eumponii. HaeéedeHo 3Ha4YeHHs iHghopmamueHocmi ons
deaHadusimu HenepepeHux po3mnodinie. ModaHo mpu npuknadu, wo OeMOHCMPYOMb MpPaKMuUYyHicCmMb 3anpPornoHO8aHOi MempuKu
iHghopmamueHocmi.

Knio4yoBi cnoBa: iHppopmamusHicmsb, iHghopmayiliHuli KOHmMeHm, liMogipHicmb, po3nodin timogipHocmed.

ABTOp 3asiBNsie Npo BiACYTHICTb KOHMNIKTY iHTepeciB. CnoHcopy He Gpanu yyacTi B po3pobreHHi gocnigxeHHs; y 36opi, aHanisi uu
iHTepnpeTauii AaHWX; Y HanMCaHHI pyKonucy; B pilleHHi Npo nybnikauito pe3ynbTartis.
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