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Rezumat:

Orice cercetare gtiintificd, indiferent de
complexitatea ei, contine cercetari experimentale.
Aceste cercetari experimentale trebuie facute
respectand metodele statisticii matematice. Aceste
metode diferd functie de numdrul de factori de
influenta asupra procesului care se studiaza.
Deoarece nu toti cercetatorii au acces la programe
specializate de prelucrare a datelor experimentale,
sau aceste programe nu sunt concepute pentru
toate etapele de cercetare experimentald, se
prezintd unele metode statistice de experimentare
pentru procese monofactoriale si un program de
aplicatie care contine toate etapele de cercetare
experimentald necesare. In aceasts prima parte a
articolului, se prezinta baza teoretica a programului
de aplicatie realizat in mediul de programare Delphi.

Cuvinte cheie: cercetare experimentald, metode
statistico-matematice, program prelucrare date
experimentale.

INTRODUCERE

Conform spuselor lui Anton Pann, “stiinta este o
usa a carei cheie este cercetarea”. Cercetarea
stiintificd reprezintd un proces continuu de
acumulare de cunostinte asupra unor fenomene,
obiecte, procese etc. (Fig. 1). De obicei, cercetarea
pleaca de la o idee, se stabilesc ipoteze preliminare,
se planifica experimentele, se analizeaza
rezultatele, se stabilesc alte ipoteze mai exacte si se
reia procesul de cercetare.
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Abstract:

Every scientific research, of any complexity, is
based on experimental researches. This researches
must be done in accordance with the methods of
mathematical statistics. These methods can differ
based on the number of the influence factors on the
studied process. Since not all researchers have
direct access to specialized programs for processing
experimental data, or these programs have not been
conceived for all the stages of experimental
researches, the aim of this paper is to describe a few
statistical methods for experimenting with
monofactorial processes, and also an application
covering all the necessary stages of experimental
researches. This first part of the article presents the
theoretical base of a applicative program conceived
in Delphi.

Key words: experimental researches, statistical-
mathematical methods, program for processing
experimental data.

INTRODUCTION

Anton Pann said that “science is a door and
research is the key”. Scientific research is a
continuous process of gathering knowledge about
phenomena, objects, processes etc. (Fig. 1).
Usually, aresearch starts with an idea and goes on to
establish preliminary hypotheses, planning
experiments, analyzing results, establish more
precise hypotheses and resume the process of
research.
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Fig. 1.
Etapele procesului de cercetare stiintifica /
Stages of scientific research.
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Procesul de cercetare stiintifica se desfagoara in
general respectand urmatoarele etape:

Stabilirea problemei de cercetat

*Efectuarea unui studiu bibliografic de
specialitate

*Formularea unoripoteze

*Stabilirea metodologiei de experimentare si
proiectarea experimentelor

*Efectuarea experimentelor si achizitia datelor

*Analiza datelor experimentale

Interpretarea rezultatelor

*Formularea concluziilor

Dupa cum se poate observa din cele prezentate
mai sus, rezulta ca experimentele au o importanta
foarte mare intr-o cercetare stiintifica. In practica, in
multe cazuri experimentele se desfasoara dupa
metode mai mult sau mai putin stiintifice. Eliminarea
arbitrariului din cercetarile experimentale se poate
face prin utilizarea cercetarii statistice. Aceasta
cercetare cuprinde toate operatile de culegere,
sistematizare, grupare, prelucrare, analiza si
interpretare a datelor si informatiilor necesare pentru
cunoasterea fenomenelor si proceselor. Utilizarea
cercetarii statistice, pe langa analiza stiintifica a
datelor experimentale ofera posibilitatea
implementarii metodelor utilizate in programe de
calculator.

OBIECTIVELE CERCETARII

Realizarea cercetarilor experimentale presupune
cunoasterea metodelor de cercetare statistica
experimentala si a mijloacelor (soft-uri) cu care
aceste cercetari pot fi efectuate. Avand in vedere ca
cercetarile experimentale se realizeaza in cadrul
unor procese mono- sau multifactoriale, metodele si
mijloacele de experimentare difera functie de
numarul de factori. Pentru a veni in intampinarea
tinerilor cercetatori, masteranzi si doctoranzi, autorul
si-a propus realizarea unei serii de articole care sa
prezinte atat teoretic cat si practic metodele statistice
de prelucrare a datelor experimentale. Prezentul
articol este dedicat cercetarilor experimentale
monofactoriale si cuprinde Tn prima parte
prezentarea detaliata a metodelor statistico-
matematice specifice, iar in a doua parte un program
de aplicatie care are la bazd aceste metode.
Metodele de cercetare statistica sunt prezentate in
extenso pentru a putea fi utilizate de céatre studenti
sau de catre alti specialisti care doresc sa-gi faca
propriile aplicatii in Excel sau in alte limbaje de
programare.

METODADE LUCRU

Ce este un experiment? O definitie sugestiva ar fi
urmatoarea: "Un experiment (lat.: ex-+-periri,
"despre incercare"), este un set de observatii
desfasurate in contextul rezolvarii unei anumite
probleme sau chestiuni, pentru a sprijini sau falsifica
o ipoteza sau cercetare privitoare la un fenomen”.
(http://ro.wikipedia.org/wiki/Experiment). Deoarece
fenomenele au loc Tn cadrul unor procese rezulta ca
cercetarile experimentale trebuie sa tina cont de
faptul ca asupra proceselor actioneaza unul sau mai
multi factori de influenta. Aceste influente pot fi
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The process of scientific research usually goes
through the following stages:

*Establishing the object of research

*Conducting bibliographic research

*Formulating hypotheses

*Establishing experimental methodology and
planning experiments

*Conducting experiments and gathering data

*Analyzing experimental data

*Evaluating the results

*Formulating the consequences

As can be seen above, experiments are a major
part of scientific research. In practice, experiments
are often conducted through more or less scientific
methods. Randomness can be excluded from
experimental research through the use of statistical
research. This type of research encompasses all
operations necessary for gathering, systemizing,
grouping, processing, analyzing and evaluating the
necessary data and information for understanding
phenomena and processes. Along with the scientific
analysis of experimental data, the use of statistical
analysis enables the implementation of the applied
methods in computer programs.

OBJECTIVES

Experimental research requires prior knowledge
of the methods of experimental statistical research
and of the instruments (software programs) needed
in the process. Given that experimental research is
conducted in mono- or multi-factorial processes, the
experimental methods and means can also differ
based on the number of factors involved. In order to
assist young researchers, Master- and PhD-
students, the author proposed himself to generate a
serie of articles, to present both theoretically and
practically the methods for statistical processing of
the experimental data. This article is dedicated to
mono-factorial experimental research and it
describes in detail within the first part a few specific
statistical-mathematical methods, and within the
second part an applicative program based on these
methods. The methods of statistical research are
featured extensively so as to enable students or
other specialists who wish to develop their own
applications in Excel or other programming
languages.

METHOD

What is an experiment? A suggestive definition
can be found on the internet: "An experiment (lat.:
ex-+-periri, "to try out"), is a set of observations made
to solve certain problems or issues, in order to
corroborate or discard a hypothesis or research
matter regarding a certain phenomenon”
(http://ro.wikipedia.org/wiki/Experiment). Since
phenomena manifest themselves as processes,
experimental research must take into account the
fact that processes are influenced by one or more
factors. These influences can be expressed through
the following formula:
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exprimate prin urmatoarea relatie matematica:
y=f(x,%,%3,.X,) (1)

unde: y — reprezinta variabila de dependenta; x;, x,,

Xs,..., X, — variabilele independente numite si factori

deinfluenta.

Tn practica exista multe cazuri in care se studiaza
influenta unui singur factor asupra procesului, cum
ar fi in cazul studiului preciziei de prelucrare, a
calitatii produselor, a rezistentei imbinarilor etc.

Pentru realizarea experimentelor in aceste cazuri
se parcurg urmatoarele etape:

- planificarea experimentelor;

- culegereadatelor experimentale;

- testareadatelor experimentale;

- interpretarea datelor experimentale.

PLANIFICAREA EXPERIMENTELOR

Planificarea experimentelor se face prin
stabilirea numarului de experiente (marimea
esantionului) si a numarului probei extrase din lotul
(populatia) care se studiaza (Biji1979):

a) Numarul de experiente (marimea
esantionului) se poate calcula pornind de la eroarea
limita maxima admisa (2):

iz - pl-p)

unde: n — numarul de probe din esantion; N —
numarul probelor din lot; t — variabila de testare
Student, pentru o precizie de 5%, t= 1.96 (pentru
alte precizii se poate consulta Mihailescu 1984); p —
proportia componentelor din esantion care poseda
caracteristica cercetata (p = 0,5); A, — eroarea limita
admisa (de exemplu 0,05 =5%);

b) Stabilirea numarului probei care se extrage
din lot se poate face prin mai multe metode printre
care cea mai utilizatd este metoda generarii
numerelor aleatoare. in acest sens se genereazé un
numar aleator cuprins intre 1 si N, unde N reprezinta
numarul de probe dintr-un lot. Tn urma aplicarii
relatiilor matematice (2-6) se genereaza planurile de
experimentare cu o singura experientd sau mai
multe experiente (maxim 5) pentru fiecare proba.
Pentru exemplificare s-a considerat, un lot de N = 30
de probe pentru care numarul de experiente
necesare pentru o precizie de 5% este de n = 28 de
experiente (Tabelul 1 sau 2).

Y =Jf(x, %0, X350 X, (1)

where y — dependent variable; Xx,, X,, Xs,..., X, —
independent variables, also known as factors of
influence.

In practice, it is common to study the influence of
a single factor on the process, such as the study of
processing precision, of product quality, of
compound resistance etc.
In order to carry out experiments in these cases, the
following steps must be followed:

- planning experiments;

- collecting experimental data;

- testing experimental data;

- interpretation the results.

PLANNING EXPERIMENTS

Planning an experiment involves establishing the
number of tests (sample size) and the number of
samples extracted from the analyzed population (Biji
1979):

a) The number of tests (sample size) can be
calculated starting from the limits of permissible
errors (2):

13- p-p)

o, ©

where: n — number of samples extracted from the
population; N — size of population; t — Student test
variable, for a precision of 5%, t = 1.96. For other
precision values consult Table 3.10 from
[Mihailescu, 1984]; p — the proportion of components
of the sample with the same characteristics (p = 0.5);
A, —admissible errorlimit (i. . 0.05 = 5%).

b) The number of samples extracted from the
population can be established through several
methods, the most common being the method of
generating random numbers. This method consists
of generating a random number between 1 and N,
with N being the size of the population. The
application of the corresponding mathematical
formula (2) leads to generating experimental plans
for a single test or for more than one test (maximum
5) for each. To exemplify this, we will consider a
population of N = 30, where the number of tests
calculated with (2) for 5% precision being n = 28
(Table 1 0r2).

Tabelul 1/ Table 1

Planul de experimentare (un singur experiment) / Experimental plan (single test)

Nr.crt. / Numarul probei extrase (valoare aleatoare) / Valoare masurata /
Ref.No. Number of extracted sample (random value) Measured value
1 3
2 12

n 25
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Tabelul 2 / Table 2

Planul de experimentare (experiment repetat) / Experimental plan (repeated tests)

Numarul probei extrase Valori masurate (1 — 5 valori)/ | Media valorilor masurate /
Nr.crt. / (valoare aleatoare)/
Measured values (1 - 5 values) Average of measured
Ref.No. | Number of extracted sample
value
(random value)

1 3

2 12

n 25

Dupa generarea planurilor de experimentare se
trece la etapa urmatoare, respectiv culegerea
datelor experimentale.

CULEGEREADATELOR

Culegerea datelor experimentale se face
conform planurilor de experimentare prezentate in
Tabelul 1 sau 2. Mai intai se extrag probele care vor fi
masurate. Masurarea se face folosind metodele
clasice sau prin inregistrare cu aparate de masura
prevazute cu aceasta facilitate sau pe calculator cu
ajutorul placilor de achizitie de date. Indiferent de
metoda de masurare utilizata se completeaza unul
din planurile de experimentare de mai jos cu valorile
masurate (Tabelul 3 sau 4).

After generating the experimental plan we can
pass on to the next level, ie. collecting the
experimental data.

COLLECTING EXPERIMENTAL DATA
Experimental data can be collected according to
the experimental plan presented in Table 1 or 2. First,
we extract the sample we are about to measure.
Measuring can be carried out with classical methods
or with specially equipped measuring devices or on
computer through data acquisition boards.
Irrespective of the measuring technique you choose
to employ, one of the experimental plan below must
be filled out with the measured values (Table 3 or 4).

Tabelul 3/ Table 3

Planul de experimentare completat cu date experimentale (un singur experiment)/
Experimental plan, filled out with experimental data (single test)

Nr.crt. / | Numarul probei extrase (valoare aleatoare) / | Valoare masurata /
Ref.No. | Number of extracted sample (random value) Measured value
1 3 19.3
2 12 18.8
28 25 18.9

Tabelul 4/ Table 4

Planul de experimentare completat cu date experimentale (cinci experimente) /
Experimental plan, filled out with experimental data (five tests)

Numarul probei extrase . . .
L Media valorilor masurate /
Nr.crt. / (valoare aleatoare)/ Valori masurate / Average of measured
Ref.No.| Number of extracted sample Measured values 9
values
(random value)
1 3 19.3 {19.1] 194 | 18.7 | 18.9 19.08
2 12 18.8 {18.7 19.3| 19.0 | 19.1 18.98
28 25 189 ({18.8| 194 | 193 | 194 19.16

TESTAREA DATELOR EXPERIMENTALE
Dupa culegerea datelor experimentale acestea
sunt prelucrate (http://www.labsmn.pub.ro/acade-
mic), respectiv se calculeaza mediile valorilor
masurate daca este cazul (Tabelul 4), dupa care
acestea sunt supuse unor teste statistice pentru:
sidentificarea valorilor afectate de erori aberante

58

TESTING EXPERIMENTAL DATA

After collecting the experimental data, they must
be processed. Firstly, the average measured values
are calculated, if necessary (Table 4). Secondly, the
data are put through a series of statistical tests in
order to:
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sieliminarea acestora din esantion;

everificarea caracterului aleator al datelor (testul
Young);

everificarea normalitatii distributiei datelor
experimentale.

Dupa eliminarea valorilor aberante, verificarea
caracterului aleator si a normalitatii de repartitie se
poate trece la modelarea datelor experimentale in
vederea obtinerii modelelor matematice care
descriu cat mai bine procesul monofactorial y=f(x).
Modul de obtinere a modelelor matematice
monofactoriale si studiul influentei factorului studiat
asupra procesului vor fi prezentate in partea a doua
articolului.

IDENTIFICAREA DATELOR AFECTATE DE
ERORIABERANTE

Identificarea datelor afectate de erori aberante se
realizeaza cu testul Chauvenet
(http://www.labsmn.pub.ro/academic) sau testul
Romanovski (Mihailescu 1984). Datele afectate de
erori aberante sunt de obicei valorile minime sau
maxime ale sirului de date experimentale. O valoare
este considerata aberanta daca este indeplinita
conditia testului Chauvenet (relatia 3):

|x,-—)?|>Z—G (3) )?Zlixi (4)
nio

unde: x, — reprezinta valoarea afectata de erori

aberante; X — media aritmetica a intregului sir de

valori; z— o valoare calculata cu relatia (5) si (6); o —

abaterea medie standard a datelor experimentale

(relatia 7):

. 0.435-0.862 -a
1-3.604-a+3.213-a°

JL-Z(M«—EY {(7)
n—1 “c
unde: n — numarul de \}allori ale sirului de date
experimentale; x,— sirul de date experimentale: x,, x,,
...; X,; X —media aritmetica.

Dupa testul Romanovski o valoare experimentala
este considerata aberanta daca se indeplineste

conditia (8): < _
Z(xi_x)
o (8) 1 9) s2=t24

1-< _
2 n—1

2-n-1
4-n

;(5)

; (6)

(¢

X, —x|

t>t (10)

2
N

N

—

unde: t — variabila dé testare care se calculeaza cu

relatia (9), (10); ¢ , —variabila critica de testare
1——

Student cu n-1 grade de libertate; x, — valoare

afectata de erori aberante. Dupa depistarea valorilor

aberante acestea se elimina din sir.

VERIFICAREA CARACTERULUI ALEATOR AL
DATELOR

Verificarea caracterului aleator al datelor
experimentale se poate face cu ajutorul testului
Young. Un sir de date experimentale are un caracter
aleator daca este indeplinita urmatoare conditie:
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sidentify values affected by aberrant errors and
eliminate them from the sample. Systematical errors
can only be eliminated by replacing the measuring
system and re-conducting the experiments;

everify aleatory of data (Young test);

everify the normality of the distribution of
experimental data.

After eliminating aberrant values, verifying
aleatory of data and normality of the distribution, we
can model the experimental data in order to obtain
those mathematical models which best describe the
monofactorial process y=f(x). Obtaining
monofactorial mathematical models and studying
the influence of the researched factor on the process
will be presented in the up-following part of the
article.

IDENTIFYING DATA AFFECTED BY ABERRANT
ERRORS

Identifying data affected by aberrant errors can
be accomplished by applying the Chauvenet test
(http://www.labsmn.pub.ro/academic) or the
Romanovski test (Mihailescu 1984). Affected data
are usually the minimal or maximal values in an array
of experimental data. A value is considered to be
affected if the Chauvenet condition (3) is true:

v, —x|>z 0 (3) )_c=%ixi (4)
i=1

where: x, — value affected by aberrant errors; X —
arithmetic average of the entire array of values; z —
value calculated with the formula (5) and (6); c —
mean standard deviation of experimental data (7):
~0.435-0.862-a 2-n-1
1-3.604-a+3213-a>©® 4.0 6

0=Jﬁg&i—fc)2 {7)

where: n — number of values in the array of
experimental data; x,— array of experimental data: x,,
X,, ---» X,; X —arithmetic average.

After Romanovski test, an experimental data is
considered affected by aberrant errors when the
condition (8) is fulfilled: Z(xi _)_C)
|xe_)_c| 2 _ =l

9) s =—1(10)

n—

a =

n

t>t1_ﬁ (8) 1=

2 S -n

n—1
where: t — the test variable is calculated with the
formula (9) and (10); t1 « —Studentcritical test
2
variable with n-1 degree of freedom; x, — value
affected by aberrant errors. After detecting aberrant

values, they are rejected from the experimental data.

VERIFYING THE ALEATORY CHARACTER OF
DATA

The aleatory character of experimental data can
be verified with the Young test. An string of
experimental data is aleatory if the following
conditionis true:
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vci<m<vcs (11)
unde: vci — valoare critica inferioara (12); m -
coeficient testare (14); vcs - valoare critica
superioara care se calculeaza cu relatia (13)

0.491+0.081-7 —0.003- n?, pentru —o. = 0.95

VCi=1192.883+1.269 - n ¥ (12)
411.427 +n*3¢

, pentru —o. = 0.99

3317 -1.057.¢ 10" , pentru—o. = 0.95

ves = a7 (13)
3.484-0.882-¢ 77" | pentru—a = 0.99
52 1 &
m==5 (14) 8 =——3 (., -x) (15)
© =g

o2 =3 -5} (16)
n—1 =

unde: n — numarul de valori ale sirului de date
experimentale; x,— sirul de date experimentale: x,, X,,

..., X,; o —dispersia datelor experimentale; x — media
aritmetica; a—nivelul de incredere.

VERIFICAREA NORMALITATII DISTRIBUTIEI
DATELOR EXPERIMENTALE

Verificarea normalitatii repartizarii datelor
experimentale se poate face cu testele Kolmogorov-
Smirno, Shapiro-Wilk si Lillefors (Statistica 2009).
Dupa Biji (1979) si Mihailescu (1984) verificarea se
face prin:

a) reprezentarea datelor experimentale sub
forma de histograma;

b) verificarea diferentei dintre media esan-
tionului si valoarea mediana;

¢) verificarea marmii coeficientului de boltire si a excesului;

d) verificarea marimii coeficientului de asimetrie.

a) Reprezentarea datelor experimentale sub
forma de histograma. O repartitie este considerata
normald daca histograma valorilor experimentale
are un singur varf (punct de maxim).

Reprezentarea datelor experimentale sub forma
de histograma presupune:

- mpartirea datelor experimentale in clase.
Numarul de clase k se calculeaza cu:

k=1+3222-1gn  (17)
unde: n — numarul de date experimentale. Se
recomanda ca numarul de clase sa indeplineasca
conditia: 10 <k <25(18)

- stabilirea amplitudinii unei clase cu relatia:

5=2

max__ Fmin

(19)

unde: x,, — valoarea minima a sirului de valori
experimentale; X, — valoarea maxima a sirului de
valori experimentale; k—numarul de clase

- stabilirea valorilor inferioare x;,, $i superioare

X.op ale claselor:  Xjine =X; , Xigup = X; +6,i=1,n-1(20)

- determinarea valorilor centrale ale claselor
isup ~ “Viinf (21)

iinf

Xc

i
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vCi<m<vcs (11)
where: vci — critical inferior value (12); m — testing
coefficient (14); vcs — critical superior value,
calculated with the formula (13)

0.491+0.081-1n —0.003- n?, pentru —o. = 0.95

VCIi=1192.883+1.269 - n > (12)
411.427 + n*33¢

, pentru—o. = 0.99

3317 -1.057.¢ 107" , pentru—o = 0.95

ves = ns7a (13)
3.484-0.882-¢ 77" | pentru—a = 0.99
52 RS
m==5 (14) 87 =——> (. -x) (15)
o n=g

o2 =3 -5} (16)
n—1 =

where: n — number of values in the array of
experimental data; x,— array of experimental data: x,,

X,, .-, X,; o — dispersion of experimental data; x —
arithmetic average; a—trustlevel.

VERIFYING THE NORMALITY OF THE
EXPERIMENTAL DATADISTRIBUTION

The normality of the experimental data
distribution can be verified with the Kolmogorov-
Smirnov test, the Shapiro-Wilk test and the Lillefors
test (Statistica 2009). After Biji (1979) and Mihailescu
(1984) the normality is verified through:

a) representing experimental
histogram;

b) verifying the difference between the sample
average and the mean value;

c) verifying the value of the kurtosis coefficient;

d) verifying the value of the skewness coefficient.

data as a

a) Representing experimental data as a
histogram. A distribution is considered normal if the
histogram of experimental values shows a single
peak (maximum point). Representing experimental
data as ahistogram requires:

- dividing the experimental data into several
classes. The number of classes can be calculated
with the formula:

k=1+3.222-1gn (17)
where: n — number of experimental data. It is
recommendable that the number of classes fulfils the
following condition: 10 <k <25 (18)

- establishing the amplitude of a class with the
formula:
-t (19)

S = X max min

where: x,, — lowest value of the experimental data;
X..x — highest value of the experimental data; k —
number of classes.

- establishing the inferior x; . and superior values
X, Of the classes: X;i¢ =X, X;sup =%; +9,i=1,n-1(20)

isup
- defining the central values of the classes
X: X (21 )

isup ~ “Viinf
xc; = 3
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b) Verificarea diferentei dintre media
esantionului si valoarea mediana. O repartitie este
consideratd normala daca diferenta dintre media
esantionului X si valoarea mediana Me a acestuia
este nula: ¥ — Me = 0. Valoarea medianei si a mediei
se determinata cu relatiile:

n n
—+1
2

x2 +x

,pentru n_ par
Me = P ~n_p

(22)
n+l

x 2 ,pentru _n__impar

n
-1
X=—) x;
o

unde: n — numarul de valori a sirului de date
experimentale.

c) Verificarea marimii coeficientului de
boltire. O repartitie este considerata normala daca
coeficientul de boltire  (24) are valoarea 3 si excesul
E (27) are valoarea0:

(23)

-3 (20
(o)

unde: [4 reprezintd momentul centrat de ordinul 4,
determinat cu relatia:

Ro=o 20 -7) @)

o - abaterea standard care este determinata de
aceasta data curelatia:

1 Y v — _
c= ;-;(xi—x)z (26) E=B-3=0 (27)

d) Verificarea marimii coeficientului de
asimetrie. O repartitie este simetrica daca
coeficientul de asimetrie As = 0. Coeficientul de
asimetrie se calculeaza cu:

_H
-3

As =0 (28)
unde: p; reprezinta momentul centrat de ordinul 3,

determinat cu relatia:
_ 1 n _
m=—2 (-3 (29
i=1

Daca cu testele prezentate mai sus nu se verifica
normalitatea repartitiei datelor experimentale se
apeleaza la testul Massey (a) sau y* (b). Alegerea
tipului de test se face functie de volumul esantionului
de date experimentale. Astfel pentru esantioane cu 8
— 50 date experimentale se alege testul Massey si
pentru esantioane mai mari de 50 date
experimentale se alege testul y °.

a) Testul Massey. Conform testului Massay o
repartitie este normala daca se respecta conditia:
D < o (30)

unde d,,, — reprezinta valoarea maxima a sirului de
valorid, (31); d.;;.—se calculeaza cu relatiile (36);

critic

d;=|F; =@, -0.5}i =1,n (31)
unde: - frecventele relative cumulate:
F =—;i=1Ln (32); n, — numarul de valori
n

61

b) Verifying the difference between the
sample average and the mean value. Adistribution
is considered normal if the difference between the
sample average X andthe mean value Meis zero:

X —Me = 0. The mean value Me and the average value
X aredetermined with the formula:

n n
— —+1

x% +x2

,pentru _n ar
Me = p -n-p

(22)
n+l

x 2 ,pentru _n_impar

Z ; (23)

where: n—number of experimental data.

n

c) Verifying the value of the kurtosis
coefficient. Adistribution is considered normal if the
kurtosis coefficient B (24) is 3 and the excess E (27)
is O: —
p=ti=3 (29

(e}

where: 14 represents the centered moment of fourth
order, determined with the formula:

n=136-5) @
i=l

o - standard deviation, determined with the formula:

1 « _ Al
o = /;.;(xi_x)z(%) E=Pp-3=0(27)

d) Verif;ing the value of the skewness
coefficient. A distribution is considered
symmetrically if skewness coefficient As (28) is 0.
The skewness coefficient is calculated with:

n
As = —33 =0 (28)
(e}
where: 11; represents the centered moment of third
order, determined with the formula:

m=s> -5 @)
i=1

If the tests presented above do not verify the
normal distribution of experimental data, then either
the Massey Test (a) or the y” Test (b) must be taken.
Choosing which test is used depending on the size of
the samples of experimental data. The Massey test
is designed for samples of 8 — 50 experimental data,
while the y” test should be used for samples of more
than 50 experimental data.

a) The Massey Test. According to the Massey test, a
distribution is normal if the condition (28) is true:

D < o (30)
where d,,,— maximum value of array d, (29); d,,. — iS
calculated with (36);
. =|F; =0, -0.5}i =1,n (31)

where: F—cumulated relative frequencies:

1,n

n; .
F, =7;l (32); n,—number of experimental
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experimentale din fiecare clasa; ¢ — valorile densitatii
derepartitie:
y

1
9 =3 \/_ 0.1202-12 +0.9373-£ )i =1,n(33)
X, —X
V= ;i=1..,n (34)
()
t 1 =1 35
| =1 =1,n
" 14033261y, (35)

0.1851-0.01064- n+0.000785- n* ; pentru —o. =0.95
crmc_ (36)

" 0.1408 +0.00714- n—0.000769 - n> ; pentru —a. = 0.90

unde: a - nivel de incredere.

b) Testul y*. Conform testului ¥* o repartitie este
normala daca se respecta testul:

X >Xcrztlc (37)

unde y *— variabila test care se calculeaza cu:

v+l

y2= ;n,n—”plpz (37)
—a(;)-o,_ )i=1¢ +1) (38)
<I>(t)— J_ ) (39)
“1r03326.¢ 40 O+ 0)=0.5 (41)

O(-1)=-00) (42) 1 =ST i1 +1)(43)

1

unde: t — valoare calculata pentru fiecare clasa; v -
numarul gradelor de libertate =k—1; k—numarul de
clase, k=1+3.222-1gn ; x,— valoarea superioara a
fiecarei clase; xfrm.c - variabila criticd care se
calculeaza cu:

Loviie=a+b-v+c-v Zid v’ (44)
_0.2046-0.2032-a
1-1.9562-0 +0.9563 -a. 2 (45)
0.685-0.6819-a
C1-1.6662-0 +0.6673 -2 (46)
—0.1507 +0.1508 -
= @7
10-17.1239-a. +7.122 o
0.07773-0.07928 -a. (48)

B 100-165.0049- 0. +64.2821-a.2

INTERPRETAREA REZULTATELOR PRELU-
CRARILOR STATISTICE

In urma prelucrarii datelor experimentale
monofactoriale cu metodele statistice prezentate
mai sus se interpreteaza rezultatele astfel:

- datele experimentale aberante influenteaza
negativ rezultatele experimentelor si se elimina din
sirul de date. Numarul acestora indica existenta
unor factori perturbatori in procesul de masurare. In
cazul in care se observa erori sistematice, acestea
nu pot fi eliminate decat prin inlocuirea sistemului de
masurare sirefacerea experimentelor.

- datele experimentale trebuie sa aiba un

62

values in each class; ¢, — values of distribution
density: v?

! 0.1202-12 +0.9373 -2 Ji= L n(33)

¢ =7 J_
X, —X .
y, == ;i=L..,n (34)
(e
t. = ! si=ln 3
T1403326-y, " (35)

0.1851—0.01064- n+0.000785- n* ; pentru —o. = 0.95
crmc_ (36)

" 01408 +0.00714- 72— 0.000769 - n> ; pentru —o. = 0.90

where: a - trust level

b) The ¥’ Test. According to the ¥’ test, a distribution
is normal if the condition (35) is true:

X ’ > XCrmc (37)
where y’—testvariable, calculated with:
v+l
2 nl- —n -pl—
=T (37)
; n-p;
;=0 )-06, )i=16+1)  (38)
)= (39)
0-3-7=¢ )
"oz 40 O(x)=05 (@)

X; =

Zii=16 +1) (43)
where: t — value calculated for every class; v -
number of degrees of freedom =k—1; k—number of
classes, k= 1+3 222-1gn ; x, — superior value of
every class XU,,,L -cr|t|calvar|able calculated with:
—a+bvtcevi+dv’ (44)
0.2046—-0.2032-a

O(-t)=—D(F) (42) ¢,=

X critic

T 1-1.9562-a +0.9563 0.2 (45)
__ 0.685-0.6819-a (46)
1-1.6662-0 +0.6673-a.>
___ —0.1507+0.1508 - (47)
10-17.1239-0 + 7.122-0.>
0.07773-0.07928 -o. (48)

©100-165.0049- o + 64.2821 01>

INTERPRETING THE RESULTS OF STATIS-
TICALPROCESSING

After processing the monofactorial experimental
data with the statistical methods presents above the
results are interpreted so:

- the aberrant experimental data influence
negative the results of experiments and they are
rejected from the data string. The number of these
indicate the existence of perturbation factors in the
measuring process. Systematical errors can only be
eliminated if the measuring system is replaced and
the experiments are repeated.

- the experimental data must have an aleatory
character. If the data are not aleatory then the
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caracter aleator. In cazul in care datele nu sunt
aleatoare se reface experimentul.

- repartitia datelor experimentale trebuie sa fie
cat mai apropiata de repartitia normala. Aceasta se
poate observa prin:

a) reprezentarea histogramei care trebuie sa
aiba un singur varf;

b) prin compararea graficelor celor doua functii
de repartitie. Functia de repartitie a datelor reale
trebuie sa fie cat mai apropiatd de functia de
repartitie normala.

C) prin compararea abaterii medii patratice a
datelor reale cu abaterea medie patratica a
repartitiei normale care are valoarea c=1.

d) prin analiza marimii intervalului de imprastiere
adatelorinjurul mediei X *3c.Cu céatacestinterval
este mai mic cu atat datele sunt mai grupate in jurul
mediei.

e) prin analiza coeficientul de boltire B care
exprima ascutimea curbei de repartitie si care
trebuie sa fie Tn jurul valorii de 3. Daca 8 > 3 atunci
curba este mai ascutita si datele sunt concentrate in
jurul valorii medii.

f) prin analiza coeficientul de asimetrie As care
exprima simetria curbei de repartitie si care trebuie
sa fie in jurul valorii de 0. Daca As<>0 atunci curba
este asimetrica, deplasata spre stanga sau spre
dreapta fata de curba de repartitie normala. in acest
caz se verifica cauzele care au determinat asimetria
curbei de repartitie.

CONCLuUzIl

Cercetarile experimentale reprezintd o parte
importanta in orice cercetare stiintifica. Prin aceste
cercetari se pot studia influentele unuia sau mai
multor factori asupra unui proces. In functie de
numarul de factori de influenta se utilizeaza anumite
metode matematico-statistice pentru prelucrarea
datelor experimentale. Aceste metode permit
realizarea unor analize si interpretari statistice
exacte si tragerea unor concluzii corecte. Avand in
vedere importanta cercetarilor experimentale se vor
publica in serial metodele statistice de prelucrarea
datelor experimentale mono- si multifactoriale. Tn
aceasta lucrare sunt prezentate doar metodele
pentru prelucrarea statistica a datelor experimentale
monofactoriale. Acestea constituie baza teoretica si
algoritmul pentru un program de prelucrare statistica
a datelor experimentale in Delphi care va fi prezentat
in numarul urmator al revistei PRO LIGNO. De
asemenea, se vor prezenta pe baza unor exemple
practice, etapele de planificare, culegere si testare a
datelor experimentale si interpretarea rezultatelor
obtinute in urma prelucrarilor statistice.
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experiment must be repeated.

- the distribution of the experimental data must
be closely with the normal distribution. This can be
observed by:

a) representing the histogram which must have a
single peak;

b) comparing the graphics of both distribution
functions. The distribution function of the real data
be closely with the normal distribution.

¢) comparing the standard deviation of the real
data with the standard deviation of the normal
distribution where o =1.

d) analyzing the spreading interval of the data
around the mean value x*3c . A closer interval
means that the data are grouped around the mean.

e) analyzing the kurtosis coefficient § which
express the sharpness of the distribution curve and
whose value must be around 3. If § > 3 then the
curve is more sharpen and the data are concentrate
around the mean value.

f) analyzing the skewness coefficient As which
express the symmetry of the distribution curve and
whose value must be around 0. If As <> 0 then the
curve is asymmetrical, placed left or right against the
normal distribution. In this case the causes which
determine the asymmetry of the distribution curve.

CONCLUSIONS

Experimental researches are an important part of
any scientific research. Among other things, this type
of research studies the influence of various factors
on a process. Based on the number of these factors,
certain mathematical-statistical methods are
employed in order to process experimental data,
thus enabling us to make exact analyses and
interpretations and obtain right conclusions.
Considering the importance of experimental
researches several papers will be published in this
journal where theoretical and practical statistic
methods for mono- and multifactorial data
processing will be presented. In this order, in this
paper are presented only the methods for statistical
processing of mono factorial experimental data. This
method constitutes the theoretical base and the
algorithm of a program in Delphi for statistical
processing of experimental data which will be
published in the up-following number of PRO LIGNO
journal. Also there will be presented, on base of a
practical example, the stages of planning, collecting
and testing of experimental data and the
interpretation of the results obtained by statistical
processing.
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