
  

ΥΠΟΛΟΓΙΣΤΙΚΗ ΜΑΘΗΜΑΤΙΚΗ
ΧΗΜΕΙΑ

2ο ΣΕΜΙΝΑΡΙΑΚΟ ΜΑΘΗΜΑ2ο ΣΕΜΙΝΑΡΙΑΚΟ ΜΑΘΗΜΑ

Αναζήτηση της Ομοιότητας σε "αντικείμενα" της Αναζήτηση της Ομοιότητας σε "αντικείμενα" της 
χημείας χημείας 

(αντικείμενα: κβαντοχημικές μέθοδοι,  (αντικείμενα: κβαντοχημικές μέθοδοι,  
φυσικοχημικές μετρήσεις, χημικά μόρια με φυσικοχημικές μετρήσεις, χημικά μόρια με 

συγκεκρίμενες ιδιότητες)συγκεκρίμενες ιδιότητες)
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Εισαγωγή...

Είναι γνωστό ότι στα ερωτήματα <<<είναι 
όμοια;>>> ή <<<με τι μοιάζει>>> η απάντηση 
σπάνια είναι μονοσήμαντη…
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Εισαγωγή...

Είναι επίσης γνωστό, όμως, ότι υπάρχει μια 
αδιάκοπη προσπάθεια στο χώρο της 
επιστημής, προκειμένου να αντικατασταθεί 
ένα <<αντικείμενο>> με ένα άλλο ή μια 
διεργασία με μια άλλη, χωρίς ωστόσο να 
επηρεάζεται δραματικά η ακρίβεια και η 
αποτελεσματικότητα, καθώς και το κόστος.
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Εισαγωγή...

Για τον σκοπό αυτό αναπτύχθηκαν ή 
εισήχθηκαν μαθηματικά εργαλεία ώστε μετά 
από μια επαναληπτική διαδικασία ελέγχου, να 
καταλήγουμε σε ένα <<αντικείμενο>> το 
οποίο ταιριάζει στο ζητούμενο pattern ή 
δείχνει την ίδια συμπεριφορά…

Έτσι προέκυψε ο κλάδος της 

ποσοτικής σχέσης δομής 
δραστικότητας/ιδιότητας (QSA(P)R).
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Εισαγωγή...

● Θα προσπαθήσουμε να περιγράψουμε το 
μαθηματικό υπόβαθρο των διαθέσιμων μεθόδων 
αναζήτησης

● Θα συζητήσουμε την μετατροπή των δεδομένων 
σε πληροφορία και έπειτα σε γνώση

● Θα παρουσιάσουμε δεδομένα από διαφορετικούς 
τομείς της χημείας, π.χ: 

➢ κβαντοχημικές μέθοδοι

➢ Φυσικοχημικές μέθοδοι

➢ Μόρια με συγκεκριμένες ιδιότητες α) 
γλυκαντικές, β) ψυχομιμητικές-ψυχοκινητικές
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Θεωρία...
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Θεωρία...
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Θεωρία...

● Molecular similarity encompasses 

(i) bonding patterns, 

(ii) atomic positions, 

(iii) conformation, 

(iv) shape and 

(v) spatial disposition of molecular properties. 

The reverse of similarity is complementarity. In between 
lays molecular dissimilarity (or diversity). All notions of 
similarity involve perception of patterns and subsequent 
attempts to classify and quantify the patterns. 



9

Θεωρία...

● The similarity research methods can be divided into those 
which are based on 

(i) discrete properties, and those which are founded on (ii) 
continuous properties. 

For example, a pharmacophore may be defined by three or 
more atoms separated by a set of distances; there may be 
some tolerances on the distances but the general pattern is 
discrete. 

A searching algorithm then finds only those structures from a 
database that satisfy the pharmacophore query. In a 
continuous space problem, the user may wish to optimize the 
overlap of a continuous field such as the electrostatic potential 
projected onto defined molecular surfaces. The result can then 
be expressed by a similarity coefficient.
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Θεωρία...

● Similarity searching in large chemical databases 
needs representations of the molecules that are both 
(i) effective, i.e., can differentiate between molecules 
that are different, and (ii) efficient, i.e., quick to 
calculate, in operation. There is a general conflict 
between these two requirements in that the most 
effective methods of representation tend to be the 
least efficient to calculate, and vice versa, so a 
suitable compromise needs to be made. 

● For instance, quantum-mechanical descriptions, such as the electron 
probability density function described by Carbo and Calabuig[2], take too long 
to calculate whereas, at the other extreme, simple atom and bond counts are 
generally too trivial to discriminate between many molecules. In the middle 
lay descriptors based on 2D and 3D substructural fragments or properties
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Θεωρία...

● The descriptors have to be encoded in order to 
enable similarity calculations to be carried out. 
The representation that is overwhelmingly 
used as a basis for similarity calculations in 
large databases is the fingerprint (the fixed-
length bit-string)
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Θεωρία...

● At the center of any similarity search is the measure that is used to quantify the 
degree of resemblance between the reference structure and each of the 
structures in the database (real or virtual) that is being screened. 

● A similarity measure comprises three components: 

➢ the representation that is used to characterize the molecules that are being 
compared; 

➢ the weighting scheme that is used to assign differing degrees of importance to 
the various components of these representations; 

➢ and the coefficient that is used to determine the degree of relatedness between 
two structural representations.
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Θεωρία...

● Some coefficients are measures of the distance, or dis similarity between 
structures (and have a value of 0 for identical structures), while others measure 
similarity directly (and have their maximum value for identical structures). 

● In most cases the values that can be taken by a coefficient lie in the range from 0 
to 1 or can be normalized to that range: this is typically effected by means of a 
function based on the values of the attributes for the two structures that are 
being compared, with the resulting coefficients being referred to as association 
coefficients.
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Θεωρία...

● The most intuitive approach is to identify the overlap between the graphs 
representing a pair of molecules

• Such maximum common subgraph isomorphism methods are very slow

●  Use of 2D fingerprints originally developed for substructure searching as an 
alternative 

• Binary vectors (or bit-strings) encoding chemical substructures (or fragments)

• Currently, the standard way of computing molecular similarity (e.g., similarity 
searching, clustering and diversity analysis)
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Θεωρία...
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Θεωρία...

Tanimoto
● A "similarity ratio" is given over bitmaps, where each bit of a fixed-size array 

represents the presence or absence of a characteristic in the plant being 
modelled. The definition of the ratio is the number of common bits, divided by the 
number of bits set (i.e. nonzero) in either sample.

● Presented in mathematical terms, if samples X and Y are bitmaps,  Xi is the ith bit 
of X, and ∧,∨ are bitwise and, or operators respectively, then the similarity ratio 
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Θεωρία...

Sørensen–Dice
● The Sørensen–Dice index, also known by other names, is a statistic used for 

comparing the similarity of two samples. It was independently developed by the 
botanists Thorvald Sørensen and Lee Raymond Dice,who published in 1948 and 
1945 respectively. The Sørensen–Dice is also known as F1 score or Dice similarity 
coefficient (DSC).

● Sørensen's original formula was intended to be applied to presence/absence data, 
and is

where |X| and |Y| are the numbers of elements in the two samples. Based on what 
is written here,
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Θεωρία...

Sørensen–Dice
● When taken as a string similarity measure, the coefficient may be calculated for two 

strings, x and y using bigrams as follows:

● where nt is the number of character bigrams found in both strings, nx is the number 
of bigrams in string x and ny is the number of bigrams in string y. 

For example, to calculate the similarity between:

{night} and {nacht}

We would find the set of bigrams in each word: {ni,ig,gh,ht}, {na,ac,ch,ht}

Each set has four elements, and the intersection of these two sets has only one 
element: ht.

Inserting these numbers into the formula, we calculate, s = (2 · 1) / (4 + 4) = 0.25.
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Θεωρία...

Tversky index
● The Tversky index, named after Amos Tversky, is an asymmetric similarity 

measure on sets that compares a variant to a prototype. The Tversky index can be 
seen as a generalization of Dice's coefficient and Tanimoto coefficient.

● Here, X-Y denotes the relative complement of Y in X.

● Further,  α,β ≥0  are parameters of the Tversky index. Setting α=β= 1  produces 
the Tanimoto coefficient; α=β= 0.5  produces Dices coefficient.

● If we consider X to be the prototype and Y to be the variant, then α  corresponds 
to the weight of the prototype and β corresponds to the weight of the variant.

● Because of the inherent asymmetry, the Tversky index does not meet the criteria 
for a similarity metric. However, if symmetry is needed a variant of the original 
formulation has been proposed using max and min functions.
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Θεωρία...

Ηamming metric

● In information theory, the Hamming distance between two 
strings of equal length is the number of positions at which 
the corresponding symbols are different. In other words, 
it measures the minimum number of substitutions 
required to change one string into the other, or the 
minimum number of errors that could have transformed 
one string into the other. In a more general context, the 
Hamming distance is one of several string metrics for 
measuring the edit distance between two sequences.

● A major application is in coding theory, more specifically 
to block codes, in which the equal-length strings are 
vectors over a finite field.
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Θεωρία...

Ηamming metric

● The Hamming distance between:

● "karolin" and "kathrin" is 3.

● "karolin" and "kerstin" is 3.

● 1011101 and 1001001 is 2.

● 2173896 and 2233796 is 3.

Metric (mathematics)
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Θεωρία...

Manhattan or Taxicab geometry,

● Considered by Hermann Minkowski in 19th-century Germany, 
is a form of geometry in which the usual distance function of 
metric or Euclidean geometry is replaced by a new metric in 
which the distance between two points is the sum of the 
absolute differences of their Cartesian coordinates.

● The taxicab metric is also known as rectilinear distance, L1 
distance or ℓ1 norm (see Lp space), snake distance, city block 
distance, Manhattan distance or Manhattan length, with 
corresponding variations in the name of the geometry.

● The latter names allude to the grid layout of most streets on 
the island of Manhattan, which causes the shortest path a car 
could take between two intersections in the borough to have 
length equal to the intersections' distance in taxicab 
geometry.

Metric (mathematics)
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Θεωρία...

Manhattan or Taxicab geometry,

● The latter names allude to the grid layout of 
most streets on the island of Manhattan, which 
causes the shortest path a car could take 
between two intersections in the borough to 
have length equal to the intersections' 
distance in taxicab geometry.

Metric (mathematics)

Taxicab: τα μονοπάτια 
κόκκινο, κίτρινο και μπλε έχουν 

όλα μήκος 12.
Στην Ευκλείδια γεωμετρία, η πράσινη 

γραμμή έχει μήκος 6 28.49, και είναι η μοναδική
 σύντομη διαδρομή!
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Θεωρία...

Manhattan or Taxicab geometry,

● The taxicab distance, d1, between two vectors p, 
q in an n-dimensional real vector space with 
fixed Cartesian coordinate system, is the sum of 
the lengths of the projections of the line 
segment between the points onto the coordinate 
axes. More formally,

● For example, in the plane, the taxicab distance 
between p=(p1, p2), q=(q1, q2) is |p1-q1|+|p2-q2|

Metric (mathematics)
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Θεωρία...

Mahalanobis distance,

● The Mahalanobis distance is a measure of the distance 
between a point P and a distribution D, introduced by P. C. 
Mahalanobis in 1936. It is a multi-dimensional generalization 
of the idea of measuring how many standard deviations 
away P is from the mean of D. 

● This distance is zero if P is at the mean of D, and grows as P 
moves away from the mean: along each principal component 
axis, it measures the number of standard deviations from P 
to the mean of D. If each of these axes is rescaled to have 
unit variance, then Mahalanobis distance corresponds to 
standard Euclidean distance in the transformed space. 
Mahalanobis distance is thus unitless and scale-invariant, 
and takes into account the correlations of the data set.

Metric (mathematics)
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Θεωρία...

Mahalanobis distance,

● The Mahalanobis distance of an observation 

 from a set of observations with mean

and covariance matrix S is defined as:

Metric (mathematics)
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Θεωρία...

Mahalanobis distance,

● Consider the problem of estimating the probability that a test point 
in N-dimensional Euclidean space belongs to a set, where we are 
given sample points that definitely belong to that set. Our first step 
would be to find the average or center of mass of the sample points. 
Intuitively, the closer the point in question is to this center of mass, 
the more likely it is to belong to the set.

● However, we also need to know if the set is spread out over a large 
range or a small range, so that we can decide whether a given 
distance from the center is noteworthy or not. The simplistic 
approach is to estimate the standard deviation of the distances of 
the sample points from the center of mass. If the distance between 
the test point and the center of mass is less than one standard 
deviation, then we might conclude that it is highly probable that the 
test point belongs to the set. The further away it is, the more likely 
that the test point should not be classified as belonging to the set.

●

Metric (mathematics)
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Θεωρία...

Mahalanobis distance,
● This intuitive approach can be made quantitative by defining the normalized distance 

between the test point and the set to be 

By plugging this into the normal distribution we can derive the probability of the test point 
belonging to the set.

● The drawback of the above approach was that we assumed that the sample points are 
distributed about the center of mass in a spherical manner. Were the distribution to be 
decidedly non-spherical, for instance ellipsoidal, then we would expect the probability of the 
test point belonging to the set to depend not only on the distance from the center of mass, 
but also on the direction. In those directions where the ellipsoid has a short axis the test 
point must be closer, while in those where the axis is long the test point can be further away 
from the center.

●

● Putting this on a mathematical basis, the ellipsoid that best represents the set's probability 
distribution can be estimated by building the covariance matrix of the samples. The 
Mahalanobis distance is the distance of the test point from the center of mass divided by the 
width of the ellipsoid in the direction of the test point

Metric (mathematics)
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Θεωρία...

Minkowski distance,

●  

Metric (mathematics)
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Θεωρία...

Single-linkage clustering,

●  In statistics, single-linkage clustering is one of several 
methods of hierarchical clustering. It is based on 
grouping clusters in bottom-up fashion (agglomerative 
clustering), at each step combining two clusters that 
contain the closest pair of elements not yet belonging 
to the same cluster as each other.

● A drawback of this method is that it tends to produce 
long thin clusters in which nearby elements of the same 
cluster have small distances, but elements at opposite 
ends of a cluster may be much farther from each other 
than to elements of other clusters. This may lead to 
difficulties in defining classes that could usefully 
subdivide the data.

Clustering
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Θεωρία...

Single-linkage clustering,

● In the beginning of the agglomerative clustering process, each 
element is in a cluster of its own. The clusters are then sequentially 
combined into larger clusters, until all elements end up being in the 
same cluster. At each step, the two clusters separated by the 
shortest distance are combined. The definition of 'shortest distance' 
is what differentiates between the different agglomerative clustering 
methods.

● In single-linkage clustering, the distance between two clusters is 
determined by a single element pair, namely those two elements (one 
in each cluster) that are closest to each other. The shortest of these 
links that remains at any step causes the fusion of the two clusters 
whose elements are involved. The method is also known as nearest 
neighbour clustering. The result of the clustering can be visualized as 
a dendrogram, which shows the sequence of cluster fusion and the 
distance at which each fusion took place.

●

Clustering
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Θεωρία...

Single-linkage clustering,

● Mathematically, the linkage function – the 
distance D(X,Y) between clusters X and Y – is 
described by the expression

where X and Y are any two sets of elements 
considered as clusters, and d(x,y) denotes the 
distance between the two elements x and y.

Clustering
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Θεωρία...

Minimum Spanning Tree,

Προκειμένου να ορίσουμε το MST θα ορίσουμε αρχικά το τι 

είναι γράφος: Γράφος G είναι ένα πεπερασμένο σύνολο από 

αντικείμενα (κορυφές, V) μαζί με ένα σύνολο από ζεύγη (ακμές, 

Ε) κορυφών του G. Το σύνολο των κορυφών είναι το V(G) και 

το σύνολο των ακμών είναι το E(G). Η ακμή e={u,v} ενώνει τις 

κορυφές u, v. Ένας γράφος είναι συνδεδεμένος όταν όλες οι 

κορυφές του είναι συνδεδεμένες σε ένα κοινό μονοπάτι. Ενώ 

ως δένδρο ορίζεται ένας μη κυκλικός συνδεδεμένος γράφος.

Clustering
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Θεωρία...

Minimum Spanning Tree,

Clustering

This figure shows 
there may be more 

than one minimum spanning tree in a graph. 
In the figure, the two trees below the graph 

are two possibilities of minimum 
spanning tree of the given graph.
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Θεωρία...

Prim’s Algorithm,

Ενώ το MST είναι το δένδρο για το οποίο το άθροισμα των 
βαρών (δλδ τα μήκη) των ακμών είναι το ελάχιστο. Για την 
κατασκευή του θα χρησιμοποιήσουμε τον αλγόριθμο του 
Prime.

Ο αλγόριθμος αυτός κατασκευάζει μια κορυφή του δένδρου σε κάθε επανάληψη. Ξεκινά από μια 
οποιαδήποτε κορυφή (έστω Α), και βρίσκει την κορυφή (έστω Β) που απέχει μικρότερη απόσταση 
(μικρότερο κόστος) και είναι ενωμένη με την αρχική κορυφή.

Από την κορυφή Α ή Β, θα βρει την επόμενη κορυφή που απέχει την μικρότερη απόσταση, χωρίς να 
δημιουργείται κύκλος, και έτσι υλοποιείται... Κάποια στιγμή όλες οι κορυφές του γράφου θα έχουν 
συνδεθεί, και θα έχει παραχθεί το MST (δύο οι περισσότερες ακμές μπορεί να έχουν το ίδιο κόστος δλδ 
όμοιες κορυφές, τότε ο αλγόριθμος διαλέγει μία από τις δύο).

Clustering
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Θεωρία...

Prim’s Algorithm,

● Παράδειγμα:

Clustering

https://www.youtube.com/watch?v=cplfcGZmX7I
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Θεωρία... Γενικά

Για  να κατανοήσουμε την αντιστοιχία ή αναλογία της αναγνώρισης προτύπου με τa 

“αντικείμενα” της χημεία παραθέτουμε τον παρακάτω πίνακα
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Παραδείγματα (QSPR)

1o Παράδειγμα από το χώρο της ομοιότητας „γλυκαντικών” ουσιών...
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Παραδείγματα (QSPR)

Adjaceny matrix of Aspartame
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Παραδείγματα (QSPR)

Τιμές για όλα τα μόρια που συμμετείχαν στην μελέτη...
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Παραδείγματα (QSPR)

Πίνακας αποστάσεων για όλες τις ενώσεις...
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Παραδείγματα (QSPR)

Πίνακας αποστάσεων για όλες τις γλυκαντικές ενώσεις...
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Παραδείγματα (QSPR)

Πίνακας ομοιότητας για όλες τις γλυκαντικές ενώσεις...
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Παραδείγματα (QSPR)

Αποτελέσματα

lactitol

sucrose

xylitole
d-fructose
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Παραδείγματα (QSPR)

sucrose
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Παραδείγματα (QSPR)

sucrose
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Παραδείγματα (QSPR)

sucrose
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Παραδείγματα (QSPR)

sucrose

1
2
3
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Παραδείγματα (QSPR)

sucrose

1
2
3
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Παραδείγματα (QSPR)

sucrose

Euclidean MST

Tanimoto MST
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Παραδείγματα (QSPR)

sucrose
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Παραδείγματα (QSPR)

sucrose
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Παραδείγματα (QSPR)

sucrose



54

Παραδείγματα (QSPR)

sucrose
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Παραδείγματα (QSPR)

sucrose
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Παραδείγματα (QSPR)

sucrose
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Παραδείγματα (QSPR)

sucrose
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Παραδείγματα (QSPR)

sucrose
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Παραδείγματα Κβαντοχημικές Μέθοδοι

sucrose
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Παραδείγματα Κβαντοχημικές Μέθοδοι

sucrose
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Παραδείγματα Κβαντοχημικές Μέθοδοι

sucrose
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Παραδείγματα Κβαντοχημικές Μέθοδοι

sucrose
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Παραδείγματα Κβαντοχημικές Μέθοδοι

sucrose
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Παραδείγματα Κβαντοχημικές Μέθοδοι

sucrose
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Παραδείγματα Κβαντοχημικές Μέθοδοι

sucrose
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Παραδείγματα Κβαντοχημικές Μέθοδοι

sucrose
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Παραδείγματα Κβαντοχημικές Μέθοδοι

sucrose
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Παραδείγματα Κβαντοχημικές Μέθοδοι

sucrose
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Παραδείγματα Κβαντοχημικές Μέθοδοι

sucrose

α Δα γ
 SCF          113.66 59.76 63.66 79.03 52.05 56052 14321 16055 11019 4469 10026 27491
 MP2          123.64 59.59 65.70 82.98 61.23 72547 16559 26614 14539 6267 15474 37656
 MP3          119.00 58.37 63.88 80.42 58.08 62600 15184 20326 12599 5171 12417 31697
 DQMP4        118.56 58.08 63.95 80.20 57.76 62774 14801 21043 12349 5217 12534 31763
 SDQMP4       119.10 57.98 64.46 80.51 58.15 65049 14758 23636 12544 5600 13483 33339
 MP4          123.70 58.71 65.64 82.68 61.82 72800 16407 28200 14365 6499 15896 38185
 CCSD         118.98 58.27 64.32 80.52 57.92 63024 15263 22657 12592 5604 13110 32711
 CCSD(T)      121.80 58.68 65.07 81.85 60.18 67570 16336 25586 13760 6207 14658 35748
 BLYP         112.15 58.41 62.56 77.71 51.80 92040 19647 29457 18298 7076 -40782 22066
 BP86         111.33 58.11 61.99 77.14 51.40 84181 15632 32054 16862 7820 16413 42812
 BPW91        110.51 57.52 61.33 76.46 51.19 80285 17207 24567 16024 6074 15642 39508
 B3LYP        108.27 57.61 61.18 75.69 48.97 73332 16529 22550 14659 5692 14308 36346
 B3P86        107.03 57.04 60.40 74.82 48.40 65598 14845 19533 13089 5018 12574 32268
 B3PW91       107.32 57.09 60.43 74.94 48.64 67529 15256 20223 13531 5173 12986 33277
 OLYP         111.67 58.13 61.91 77.24 51.75 92007 18849 29191 17965 7027 17725 45096
 OP86         111.03 57.84 61.51 76.79 51.46 27016 42284 -46853 3714 -12361 -36722 -13659
 OPW91        110.07 57.32 60.69 76.03 51.15 79446 16283 24135 15636 5912 14937 38567
 O3LYP        109.42 57.71 61.23 76.12 50.04 79948 17078 24790 15727 6118 15338 39236
 B98LYP       128.20 67.95 72.69 89.62 58.03 207229 41465 70246 41659 16344 43081 104222
 B98P86       126.76 67.39 71.74 88.63 57.32 196719 37020 59134 37077 13927 51937 99751
 B98PW91      125.47 66.59 70.76 87.61 56.90 172783 35225 56071 35183 13370 35016 86243
 PBE1PBE      107.11 57.36 60.59 75.02 48.22 66750 15179 20050 13364 5192 12810 32942
 PBEPBE       111.32 58.08 61.98 77.13 51.40 84576 18064 26659 16859 6526 16623 41863
 PBEPW91      111.27 58.05 61.96 77.09 51.38 84429 18058 26726 16829 6552 16620 41843
 mPW1PW91     106.72 57.07 60.31 74.70 48.11 65577 15036 19874 13134 5101 12634 32445
 mPW1PBE      106.77 57.11 60.33 74.73 48.13 65771 15109 19890 13231 5168 12688 32589
 B2PLYP       119.35 58.31 64.16 80.61 58.34 92856 19394 34916 18370 7739 20003 47878
  mPW2PLYP     118.68 58.25 64.03 80.32 57.76 91445 19372 34520 18148 7785 19649 47300
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sucrose

Πίνακας 1.Τιμές των ιδιοτήτων με ab initio και Density Functional Theory (DFT) μεθόδων για το  
Si

2
C

2
. 

Πίνακας 2.Τιμές των αποστάσεων με ab initio και Density Functional Theory (DFT) μεθόδων για 
το  Si

2
C

2
. 

SCF     MP2     MP3     DQMP4   SDQMP4  MP4     CCSD    CCSD(T) BP86    BPW91   B3LYP   OPW91   O3LYP   PBEPBE  PBEPW91 
SCF     0 1.74618 0.93368 0.99675 1.21499 1.86623 1.09922 1.53073 2.37147 2.09480 1.72219 1.99304 2.02451 2.32905 2.33150
MP2     1.74618 0 1.14682 1.22883 1.07971 0.38930 1.01526 0.49056 1.51304 1.54699 1.60970 1.66732 1.54348 1.45099 1.45716
MP3     0.93368 1.14682 0 0.17322 0.38036 1.11300 0.24292 0.76746 1.74611 1.44405 1.17971 1.37196 1.41583 1.68801 1.68821
DQMP4   0.99675 1.22883 0.17322 0 0.28446 1.15085 0.24604 0.82523 1.73349 1.45612 1.18132 1.36064 1.42948 1.72482 1.72377
SDQMP4  1.21499 1.07971 0.38036 0.28446 0 0.94132 0.21271 0.66030 1.56945 1.39091 1.18519 1.31948 1.37239 1.62290 1.62120
MP4     1.86623 0.38930 1.11300 1.15085 0.94132 0 0.93169 0.37740 1.35584 1.40463 1.49678 1.51659 1.41919 1.34694 1.34945
CCSD    1.09922 1.01526 0.24292 0.24604 0.21271 0.93169 0 0.59368 1.61038 1.38358 1.16263 1.33450 1.35914 1.59895 1.59812
CCSD(T) 1.53073 0.49056 0.76746 0.82523 0.66030 0.37740 0.59368 0 1.41960 1.32274 1.30143 1.39547 1.32062 1.36179 1.36337
BP86    2.37147 1.51304 1.74611 1.73349 1.56945 1.35584 1.61038 1.41960 0 0.89386 1.14451 0.94855 0.87466 0.82847 0.82204
BPW91   2.09480 1.54699 1.44405 1.45612 1.39091 1.40463 1.38358 1.32274 0.89386 0 0.48985 0.32338 0.13365 0.47439 0.46656
B3LYP   1.72219 1.60970 1.17971 1.18132 1.18519 1.49678 1.16263 1.30143 1.14451 0.48985 0 0.37256 0.41969 0.90441 0.89860
OPW91   1.99304 1.66732 1.37196 1.36064 1.31948 1.51659 1.33450 1.39547 0.94855 0.32338 0.37256 0 0.30616 0.77208 0.76461
O3LYP   2.02451 1.54348 1.41583 1.42948 1.37239 1.41919 1.35914 1.32062 0.87466 0.13365 0.41969 0.30616 0 0.51014 0.50304
PBEPBE  2.32905 1.45099 1.68801 1.72482 1.62290 1.34694 1.59895 1.36179 0.82847 0.47439 0.90441 0.77208 0.51014 0 0.01776
PBEPW91 2.33150 1.45716 1.68821 1.72377 1.62120 1.34945 1.59812 1.36337 0.82204 0.46656 0.89860 0.76461 0.50304 0.01776 0
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Πίνακας 1.Τιμές των ιδιοτήτων με ab initio και Density Functional Theory (DFT) μεθόδων για το  
Si

2
C

2
. 

1     3    0.9337                  1.SCF
3     4    0.1732                   2.MP2
3     7    0.2429                   3.MP3
7     5    0.2127                   4.DQMP4
7     8    0.5937                   5.SDQMP4
8     6    0.3774                   6.MP4
6     2     0.3893                   7.CCSD
7     11    1.1626                   8.CCSD(T)
11   12    0.3725                   9.BP86
12   13    0.3062                   10.BPW91
13   10    0.1336                   11.B3LYP
10   15    0.4666                   12.OPW91
15   14    0.0176                   13.O3LYP
15    9    0.8222                   14PBEPBE
                                            15.PBEPW91
D

T
=0.5: {1},{3,4,5,7},{2,6,8}{10,11,12,13,14}{9}

Γράφημα 1. MST που αντιστοιχεί στον Πίνακα 2.
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Α/Α 
Δείγματος

Δείγμα από 
Πίνακα ΙΙ (XRF)

Κόμβος 
Α

Κόμβος 
Β

Απόσταση 
μεταξύ κόμβων

1 A1 1 12 0.25

2 A2 1 58 0.31

3 A3 58 13 0.22

4 A4 1 52 0.38

5 A5 52 19 0.19

6 A6 19 30 0.23

7 A7 19 23 0.27

8 A8 23 2 0.32

9 A9 30 57 0.33

10 A10 23 39 0.33

11 A11 19 53 0.35

12 A12 53 25 0.32

13 A13 39 54 0.35

14 A14 30 59 0.36

15 A15 59 40 0.39

16 A16 59 5 0.42

17 A17 5 31 0.37

18 A18 12 11 0.43

19 A19 11 26 0.34

20 A20 26 46  0.36

21 A21 46 33 0.21

22 A22 33 48 0.25

23 Β1 46 45 0.27

24 Β2 11 63 0.39

25 Β3 45 62 0.40

26 Β4 62 28 0.38

27 Β5 28 35 0.40

28 Β6 35 9 0.37

29 Β7 28 37 0.40

30 Β8 35 27 0.40

31 Β9 27 15 0.37

32 Β10 35 34 0.40

33 Β11 26 4 0.41

34 Β12 62 24 0.42

35 Β13 37 47 0.42

36 Β14 27 43 0.42

37 Β15 31 64 0.44

38 Β16 64 14 0.34

39 Β17 30 22 0.45

40 Β18 40 10 0.46

41 Β19 10 38 0.42

42 Β20 28 36 0.46

43 C1 36 29 0.40

44 C2 29 49 0.37
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45 C3 29 41 0.38

46 C4 10 56 0.46

47 C5 38 7 0.47

48 C6 7 18 0.35

49 C7 7 6 0.40

50 C8 7 21 0.45

51 C9 38 3 0.48

52 C10 18 16 0.48

53 C11 5 17 0.51

54 C12 53 55 0.56

55 C13 22 8 0.56

56 C14 29 32 0.59

57 C15 32 60 0.52

58 C16 64 51 0.62

59 C17 48 61 0.67

60 C18 4 44 0.67

61 C19 41 42 0.67

62 C20 51 50 0.68

63 C21 8 20 0.76

64 C22      
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