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Abstract. This in the arti?jef’artz]?cial intellect from technologies used without web
document objects clustering p@gre&sive‘ﬁaétric models and algorithms working The
study was published in web of doduments internal Structure , semantic connections and
link networks analysis made, their.each other similarity level metric distance functions
using is determined. PropOSdZ' done approach web documents rating automatic
evaluation, semantic analysfs ‘deepening —and information classification process
optimization opportum;g gives.,’ ]
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The two web document objects arerrespectively represented by two

metrics for measuring similarity in terms of features. g
1s created and its main function 1s-aS follows: .

d = cDist(X3, Xp, metricname, outType, rw)

Here x,,xp— feature vector of two matching objects™; metric,,m.- metric type, -
outTypesimilarity output typesirw- various settings.

The following distance Ee'ﬂcglation functions can be used for metric methods to
calculate the distance betweewéfures of these two obj;ﬁg : 'braycurtis', 'canberra’,
'chebyshev', 'cityblock', 'cbrrelation’, 'cosine', 'dice!, 'euclidean', 'hamming', 'jaccard'
'Jjensenshannon’, 'ku}czy'ﬁski"l‘, 'mahalanobis’, .'match’, 'minkowski', 'rogerstanimoto',

or this, special cDist A library

'russellrao’, 'seuclidean’, 'sokalmichener’, 'sokalsneath',%ﬁclidean', 'yule'.

The results of these metrics are presented in the form of a zoomed-in maritza.

All possible arguments to a metric object as additional parameters to this metric are:

p is the n -normal used for Minkowski , with weighted and unweighted values. The
current value of the parameter is p= 2.

w - Weight vector for indicators that support weights

v - Standard Euclid for dispersion vector . The current value of the parameter

v = var( vstack ( [XA, XB]), axis=0, ddof =1)

v i - Mahalanobis for covariance matrix inverse . The current value of the parameter is :
inv( cov ( vstack ([ XA, XB].T))).T

as aresult M, by M . distance matrix is returned . For each i1 and j, the metric is

calculated,as follows
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dist(u = XAli], v = XBJ[i])

Some features and parameters of the proposed methods for calculating the similarity
between two features of two objects have been developed:

1. Y = cdist(XA, XB, ‘euclidean’) Uses Euclidean distance (2nd norm) as a measure
of distance between features corresponding to a point and calculates the distance between
points m . The points are in the matrix X mxn dimensional row vectors as is taken .

Y = cdist(XA, XB, 'minkowski’,p = 2.)- Calculates distances using the Minkowski
|lu — v, (pjno'rm)( §

o

<
distance, where p >0). ( Note that this is only for quasimetrics,

where 0<p <1). 'Y/ -
2. Y = cdist(XA, XB, 'Citybloﬂf')- Points betweyn cityblock or Manhattan distance
counts . /

3. Y = cdist(XA, XB, 'seu’c];"r)dée’m’, V= N/one)— Standard Euclid distance Two n -
/ >
vectors she is between and standardized Euclid distance :

= Y 2/

V - dispersion R{gqtor ; V[ 1/ }- of peints all i-components according to calculated
dispersion . If not passed If it’is , it is auugmatic. accordingly is considered .
2
2 Buclid distance

. / v
4. Y = cdist(XA, XB, 'sqeuclidean’)- vectors between | H
square counts . S : \\‘

5. Y = cdist(XA, XB, 'cosine’)- she is and v are vectors between cosine calculates :

__wv | Cmy
S el 1ol
. e R 5 . .
6. Y = cdist(XA, XB, ‘correlation’)- she is and v are vectors between correlation
calculates : i :
./'
A7 (u—a)- (v— 1)
N = @)yl - D)l

<

U v is the mean of the vector

7. Y = cdist(XA, XB, 'hamming’) - Normalized Hemming distance or two n - vector
she is and v to each other suitable unreachable vector of elements ratio calculates . In
memory storage matrix X for logical kind of to be possible .

8. Y = cdist(XA, XB, 'jaccard’)- Points Jaccard distance between calculates . Two
vectors given she is and v, Jacquard the distance u[ i ] and v[ 1 ] from each other suitable
unreachable of elements ratio .

9. Y = cdist(XA, XB, 'jensenshannon’)- Calculates the Jensen-Shannon distance
between two probability arrays. Given two probability vectors, p and q, the Jensen-
Shannon distance
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\/D(p | m) + D(q || m)
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Here m is the average of the points p and g, and D is the Kullback-Leiber divergence.

10. Y = cdist(XA, XB, 'chebyshev’)- Calculates the Chebyshev distance between
points. The Chebyshev distance between two n-vectors u and v is the maximum I-norm
distance between their corresponding elements. More precisely, the distance is given by:

. d(u,v) :macx|u1- — ;]

11. Y = cdist(XA, XB, canbé'rra) Caleulates the Canberra distance between points.
It 's two and the distance between\pomt v and CanbeTra

d(u v) Z |

12. Y = cdist(XA, XB, ’bra}kcurtis’) Calculates the Bray-Curtis distance between
points. Two u The,Bray Curtls distance between point a and v is:

s “r /o
‘\
> |
Z- ‘Hz + ’U.,;‘
13. Y = cdist(XA, XB, 'mahala.n.obis = Noni)- \Ealculates the Mahalanobis
distance between points. Two u T\he Mahalanobls distance between point a and v is:

Vw0 (I/V)(u— o) =,
Here v i is the mverse‘ cbyarlance If v i returns a value, v ; ‘is used as the inverse
u-i
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d(u,v) =

covariance matrix. : o

14. Y = cdist(XA, XB, yul/e)@culates the Yule dlstgfc:'e between each pair of
logical vectors.

15. Y= cdlst(XA XB matchmg )- synonym for hammin g metric i

16. Y= cdlst()(A XB, 'dice’)- Calculates the Dice distance between each logical
vector pair.

17. Y = cdist(XA, XB, 'kulczynskil’)- Calculates the kulczynskil distance between
each pair of logical vectors.

18. Y = cdist(XA, XB, 'rogerstanimoto’)- Each logical vector couple between Rogers
-Tanimoto distance counts .

19. Y = cdist(XA, XB, 'rusellrao’)- Each logical vector couple Russell-Rao distance
between counts .

20. Y = cdist(XA, XB, 'sokalmichener’)- Each logical vector couple Sokal-Michener
distance between counts .

21. Y = cdist(XA, XB, 'sokalsneath”)- Each logical vector couple between Sokal-
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22. Y = cdist(XA, XB, ' f)- Calculates the distance between all pairs of
vectors in X using a user-provided function f.

These distance metrics are widely used in extended models. The relationships between
objects in web documents determine their similarity, and it is desirable to define these
metrics in a basic way. It is necessary to combine all these mathematical expressions and
create a tool library.
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