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*  Statystyka - nauka zajmujgca sie sposobami pozyskiwania i prezentowania, a przede wszystkiS\a@Ii_zW |
danych opisujgcych zjawiska, w tym zjawiska masowe.

Duza cze$¢ nauki zajmuje sie obserwacjg otaczajgcego swiata lub wykorzystuje eksperyment do

potwierdzania swoich teorii. Badania takie zazwyczaj przebiegajg wedtug schematu: zbieranie danych, ich
analiza i interpretacja.

Badania statystyczne zwykle podgazajg za wzorcem

analiza danych

interpretacja

k Badacz potrzebuje zestawu narzedzi — sprawdzonych metod, ktére pozwolg mu operowaé na duzych zbiorach /

danych. Statystyka zajmuje sie tworzeniem i rozwijaniem takich przydatnych narzedzi.
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 (Gdzie i do czego wykorzystywane sg metody statystyczne?

W badaniach naukowych

*poznac prawidtowosci zjawisk masowych — gdzie badane sg problemy demograficzne, ekonomiczne,
socjologiczne

*do opisu zjawisk masowych ( te zbiory danych majg postac tabel, z ktdrych mozna wyliczy¢ procent danego
zjawiska

*okresli¢ zmiennos¢ zjawisk masowych, tendencje ich przemian w czasie

Na koniec rysuje sie wykresy ilustrujgce krzywga rozwoju danego zjawiska lub jakg czes¢ wiekszej catosci ono
stanowi.

* Jaki jest cel stosowania metod statystycznych?
+ Celem analizy statystycznej jest wydobycie jak najwiekszej wiedzy z uzyskanych danych
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Metody statystyczne

* Co nalezy zrobic, aby zbior danych byt dobrg podstawg do
analizy statystyczne|?
1. Uzgodnij, jakg wiedze o badanym zjawisku majg dostarczy¢ dane

2. Zaplanuj badanie

3. Podsumuj zestaw danych obserwacyjnych, podkre$lajac trendy, ale rezygnujac

k ze szczegotow
Co-funded by the
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Opls pojedynczego zbioru danych aBIG

Cel: Przeprowadz analize opisowg dla nastepujgcego przyktadu. K I"ld
Przykiad. Dzieki poczcie pantoflowej i dobrej reklamie sie¢ spotecznosciowa DataSciencesterrozrosta si
kilkudziesieciu uzytkownikow, a dyrektor ds. pozyskiwania funduszy prosi o przeanalizowanie, ilu znajomych
majg uzytkownicy sieci, aby mogt uwzglednic te dane w swoim ,,wyciggu na boisku”.

mw danych cha-rakteryzuje siesam:_ o
#liczba przyjaciot
nurn friends [100, 49, 41, 40, 25,
# ... Oraz inne
Aby umiesci¢ liczbe przyjaciot w histogramie, uzyj stownika zaliczen i metod plt .bar.

friend_counts = Counter(num_friends)

xs range ( 101) # maximum equals 100

ys = (friend_counts(x] for x in xs] # height is number of friends
plt.bar(xs, ys)

plt.axis([O, 101, O, 25))

Numer of people

plt. title ("Histogram of the number of friends™) Number of friends
plt.xlabel("Number of Friends")

plt.ylabel("Number of Friends” Number of friends

&=
8-

plt.show ()

Numer of friends
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/ Opis pojedynczego zbioru danych. Generowanie c. Bl G

statystyk. (ere

Najprostsza statystyka — liczba punktow danych

Przejdzmy do generowania statystyk. Najprostsza statystyka to liczba punktéw
danych:

num_points len(num_ friends) # liczba punktow to 204

Interesujgce mogg byC rowniez wartosci najwieksze i najmniejsze; biggest value =
max(num_friends) # najwieksza wartosc¢ to 100

smallest_value = min(hum_friends) # najmniejsza wartosc to 1

ktore sg szczegolnymi przypadkami, w ktorych chcemy poznac¢ wartosci na okreslonych
pozycjach:

sorted values = sorted(num_friends)

smallest_value = sorted_values|O]

second_smallest_value = sorted_values|l]

second_largest value = sorted_values[-2]
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Terminy i przyktady uzywane w statystykach

Opis pojedynczego zbioru danych

Tendencje centralne
a) Srednia warto$é
b) Mediana
c) Kwantyl
d) Zmiennosc¢
c) Wariancja

\_
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Tendencje centralne. Srednia warto$¢

: e L
liczba roznych liczba wystgpien
wartosci cechy I wartosci xi

o —

# srednia wartosc¢
dsf mean(xs: List[float]) -> float:

return sum(x) / len(x)
\ mean(num_friends) # 7.333333

Dla dwoch punktow srednia to punkt lezgcy pomiedzy nimi.
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Tendencje centralne. Mediana (vere

 Czasami interesuje nas rowniez Napiszemy rézne funkcje dla parzystych i nieparzystych przypadkéw i potgczymy

mediana, ktora jest najblizej srodka & . . _

e sy g , ) # Podkreslenia wskazuja, ze te funkcje sg

(jesli liczba punktéw danych jest # "prywatne”, poniewaz maja sie nazywacé

nieparzysta) lub $rednia arytmetyczna, # od naszej funkcj, o |

) ] , # a nie korzystac z dostepnej biblioteki statycznej

przyjmowana jako potowa sumy dwoch def _median_odd(xs: List[float]) -> float:
wartosci najblizszych centrum (jesli

. . If len(xs) is odd,
liczba punktow JeSt parZySta) then the median is the middle element™"

retuzn sorted(xs) [len(xs) // 2]
def _median_even(xs: List[float]) -> float:

Zwroc¢ uwage, ze mediana-w If len(xs) is even, then it is the average of
przeciwienstwie do $redniej — jest gg:[‘eed“’)v(‘; r_”f:r'ti g(')e(g)‘e“ts""

niezalezna od zadnej wartos¢ w zbiorze hi_midpoint = len(xs) // 2 #e.g. length 4 => hi_midpoint 2

d anych. return (sorted_xs[hi_midpoint - 1] + sorted_xs[hi_midpoint]) / 2

def median(v: List[float]) -> float:

""" Finds the 'closest to the middle' value of v*"

return _median_even(v) if len(v) % 2 == O else median_odd(v)
assert median( (1, 10, 2,9, 5]) 5

assert median([l, 9, 2, 10)) == (2+9) /2

And now we can calculate the median of the number of friends:
print(median(num_friends)) # 6
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Tendencje centralne. Kwantyl -

def quantile(xs: List[float], p: float) -> float:

Uogodlnieniem mediany jest Kwantyl, ktory "'Returns the value of the fifth percentile in xs"'.
reprezentuje warto$¢ ponizej ktérego znajduje sie p_index = int(p * len(x)) #converts% to list index
pewien percentyl danych (mediana reprezentuje ;zt:;rt' Zﬁgﬁgl(ex()n[&;mﬁizﬂds’ 0 .10) 1

wartos¢ ponizej ktorej lezy 50% danych). assert quantile(num_friends, 0.25) 3 # Lower quantile

assertile(num_friends, O .75) 9 # Upper quantile
assert quantile(num_friends, O. 90) 13

Less frequently, you may want to use mode, which is the
value or values that occur most frequently:

def mode(x: List[float]) -> List[float]:

""" Returns a list, since there may be more than one mod.""
counts = counter(x)

max_count = max(counts.values())

retuzn [x_i for x_i, count in counts.items()

if count == max_count]

assert set(mode(num_friends)) == {1, 6}

\ More often, however, we will simply use the average value. /
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Tendencje centralne. Zmiennosc ———

Wariancja stuzy jako miara zmiennosci naszych danych.
Z reguty sg to wskazniki statystyczne, gdzie wartosci bliskie zeru oznaczajg brak zmiennosci, a duze
wartosci (cokolwiek to znaczy) bardzo duzg zmiennosSc.

Na przyktad najprostszym wskaznikiem jest zakres, ktory jest zdefiniowany jako réznica miedzy
maksymalng i minimalng wartoscig danych:

# Stowo kluczowe ,range" w Pythonie ma

# juz ma swoje znaczenie, wiec uzywamy innego
def data_range(xs: List[float]) -> float:

retuzn max(x) - min(x)

assert data_range(num_friends) == 99

Zakres wynosi zero, gdy max i min sg rownowazne, co zdarza sie tylko gdy wszystkie

elementy x sg rowne, a zatem rozproszenie danych jest nieobecne. | odwrotnie, gdy zakres

jest szeroki, maksimum jest znacznie wieksze niz minimum, a rozrzut danych jest duzy.

Podobnie jak mediana, rozrzut nie jest szczegolnie zalezny od catego zestawu danych. /
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Doktadniejszg miarg zmiennosci jest wariancja obliczona jako :
from scratch.linear_algebra i.mport surn_of squares

clef de_mean(xs: List[float]) -> List[float]:
""Translate xs by subtracting its mean
(the result has zero mean)™

X_bar = mean(xs)

return [X - X_bar for x in xs]

""clef variance(xs: List[float]) -> float:

" "xs: "almost mean(xs)

assert len(xs) >= 2, "variance requires at least two
elements”

n = len(xs)

variance = de_mean(xs)

return surn_of squares(variance)/ (n - 1)
assert 81.54 < variance(nurn_friends) < 81.55

\_ _/
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Metody analizy danych statystycznych

Analiza wariancji
ANOVA

Metody analizy danych
statystycznych

Analiza serii
danych

Analiza
czynnikow

iBigWorld:2020-1-PL01-KA203-082197

Co-funded by the
Erasmus+ Programme
of the European Union




\

g

. BIG )
Analiza warianc]l ol

( @rva

Analiza wariancji, ANOVA (z analizy wariancji) — metoda statystyczna stuzgca do
badania obserwacji zaleznych od jednego lub wiekszej liczby jednoczesnie dziatajgcych
czynnikow. Metoda wyjasnia, z jakim prawdopodobienstwem wyodrebnione czynniki
mogg powodowac roznice miedzy obserwowanymi srednimi grupowymi

Analize modeli wariancji mozna
podzieli¢ na:

wielowymiarowa analiza
wariancji
(wptyw réznych czynnikdow jest

k rozpatrywany tacznie)
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* Regresja liniowa - w modelowaniu statystycznym metody oparte na liniowych kombinacjach zmiennych i
parametrow dopasowujgcych model do danych. Dopasowana linia lub krzywa regresji reprezentuje
szacowang oczekiwang wartos¢ zmiennej {displaystyle y} y przy okreslonych wartosciach innej zmiennej
lub zmiennych {displaystyle x}x.

Analiza regresji

* W najprostszym przypadku dopasowywana jest stata lub funkcja liniowa, zmienna y jest tradycyjnie
nazywana zmienng objasniajgcg lub zalezng. Zmienne x nazywane sg zmiennymi objasniajgcymi lub
zmiennymi niezaleznymi. Zaréwno zmienne objasniajace, jak i objasniajgce mogg by¢ wielkosciami
skalarnymi lub wektorami.

* Generalnie regresja jest warunkowym problemem szacowania wartosci oczekiwanej. Regresje liniowg
nazywamy liniowg, poniewaz zatozonym modelem relacji miedzy zmienng zalezng i niezalezng jest
przeksztatcenie liniowe (afiniczne) wzgledem parametréw reprezentowanych w przypadku

k wielowymiarowym przez macierz. /
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artykut

An Introduction to Logistic Regression
Analysis and Reporting

CHAO-YING JOANNE PENG
KUK LIDA LEE

GARY M. INGERSOLL
Indiana University-Bloomington

& Kravitz, 1994; Tolman & Weisz, 1995) and in education-

ABSTRACT The purpose of this article is to provid,
researchers, editors, and readers with a set of guidelines for
what to expect in an article using logistic regression tech-
niques. Tables, figures, and charts that should be included to
comprehensively assess the results and assumptions to be ver-
ified are discussed. This article demonstrates the preferred
pattern for the application of logistic methods with an illustra-
tion of logisllc regmsion lpplled to a data set in testing a
research h i are also offered for
appropnate reporting formats of logistic regression results
and the mini observation-to-predictor ratio. The authors
evaluated the use and interpretn(ion of logistic regressmn pre-
sented in 8 articles published in The Je l of E

Research between 1990 and 2000. They found that all 8 studies
met or exceeded recommended criteria.

Key words: binary dnln lnnlylis. categorical variables,
dich i deling, logistic regression

M any educational research problems call for the
analysis and prediction of a dichotomous outcome:

alr h—especially in higher education (Austin, Yaffee,
& Hinkle, 1992; Cabrera, 1994; Peng & So, 2002a; Peng,
So, Stage, & St. John, 2002. With the wide availability of
sophisticated statistical software for high-speed computers,
the use of logistic regression is increasing. This expanded
use demands that researchers, editors, and readers be
attuned to what to expect in an article that uses logistic
regression techniques. What tables, figures, or charts should
be included to comprehensibly assess the results? What
assumptions should be verified? In this article, we address
these questions with an illustration of logistic regression
applied to a data set in testing a research hypothesis. Rec-
ommendations are also offered for appropriate reporting
formats of logistic regression results and the minimum
observation-to-predictor ratio. The remainder of this article
is divided into five sections: (1) Logistic Regression Mod-
els, (2) Ilustration of Logistic Regression Analysis and
Reporting, (3) Guidelines and R dations, (4) Eval-
uations of Eight Articles Using Logistic Regression, and (5)

Curncanens

a boy's odds of being recommended for remedial reading
instruction relative to a girl’s odds. The result is an odds ratio
of 2.33, which suggests that boys are 2.33 times more like-
ly, than not, to be recommended for remedial reading class-
es compared with girls. The odds ratio is derived from two
odds (73/23 for boys and 15/11 for girls); its natural loga-
rithm [i.c., In(2.33)] 1s a logit, which equals 0.85. The value
of 0.85 would be the regression cocfficient of the gender pre-
dictor if logistic regression were used to model the two out-
comes of a remedial recommendation as it relates to gender.

Generally, logistic regression is well suited for describing
and testing hypotheses about relationships between a cate-
gorical outcome variable and one or more categonical or con-
tinuous predictor variables. In the simplest case of lincar

The Journal of Educational Research

but curved at the ends (Figure 1, the S-shaped curve). Such a
shape, often referred to as sigmoidal or S-shaped., is difficult
to describe with a lincar equation for two reasons. First, the
extremes do not follow a lincar trend. Second, the errors are
neither normally distributed nor constant across the entire
range of data (Peng, Manz, & Keck, 2001). Logistic regres-
sion solves these problems by applying the logit transforma-
tion to the dependent variable. In essence, the logistic model
predicts the logit of ¥ from Y. As stated carlicr, the logit is the
natural loganthm (In) of odds of ¥, and odds arc ratios of
probabilities (1) of ¥ happening (i.c., a student is recom-
mended for remedial reading instruction) to probabilities (1 -
) of ¥ not happening (i.c., a student is not recommended for
remedial rcadmg lmtm:uon) Although logistic regression
can that are pol

in this amclc we focus on dichotomous uutcomcs only. The

for onc dictor X (a child’s reading
score on a standardized test) md one dichotomous outcome
variable ¥ (the child being ded for hial read- ill

ing classes), the plot of such data results in two parallel lines,

d in this article can be extended casily to
polylmmus \unablcs wuh ordered (Le., ordinal-scaled) or

cach corresponding to a value of the dich
(Figure 1). Because the two parallel lines are difficult to be
described with an ordinary least squarcs regression equation
duc to the dichotomy of outcomes, onc may instead create
gories for the predictor and compute the mean of the out-
come variable for the respective categonies. The resultant plot
of categories’ means will appear lincar in the middle, much
like what one would expect to sec on an ordinary scatter plot,

Table 1.—Sample Dats for Gender and Recommendation for
Remedial Reading Instruction

CGender
Remedial reading instruction Boys  Guls  Total
Recommended (coded as 1) ki) 15 N
Not recommended (coded as 0) pal 1" M
Total 96 26 12

Figare 1. Relationship of & Dichotomous Outcame Variable,
¥ (1 = Remedial Reading Recommended, 0 = Remedial Read-
ing Not Recommended) With o Continuous Predictor, Reading
Scores

1o B — -

RS I —

dered (i.c., led)

The simple logistic model has the form
logit(Y) = natural log( odds) = Il{ ﬁ ) =a+fX. (1)

For the data in Table 1, the regression coefficient (B) is the
logit (0.85) previously cxplained. Taking the antilog of
Equation | on both sides, one derives an cquation to predict

bability of the of the of interest
as follows:

& = Probabilit(Y = outcome of interest | X' = x,
T aef
e 3 C— 2

a specific value of X) T 2)

where % is the probability of the outcome of mterest or
“event,” such as a child’s referral for remedial r:admg class-

es, ais the ¥ cept, P is the reg and
e = 2.71828 is the base of the system of natural logarithms,
X can bc categorical or continuous, but ¥ is always categor-
ical, ding to Eq 1, the rel hip between

Iogn ()’) and \ is lincar. Yet, according to Equation 2, the
p between the probability of ¥ and X is nonl

o ™2 ™S
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Extending the logic of the simple logistic regression to
multiple predictors (say X, = reading score and X, = gender),
one can construct a cmlplcx logistic regression for ¥ (rec-
ommendation for remedial reading programs) as follows:

3 -
Iugn(h:l»{:]:aoﬂ,.h+B_,.\’:. @3)
Therefore, &

&= Probability (1= outcome of interest | X, =x,, X, = x,
. 2Ptk @
R

where 1t is once again the probability of the event, @ is the
¥ intercept, fis are regression cocfficients, and Xs arc a set
of predictors. ¢t and Ps arc typically estimated by the max-
imum likelihood (ML) method, which is preferred over the
weighted least squares approach by several authors, such as
Haberman (1978) and Schlessclman (1982). The ML
method is designed to maximize the likelihood of reproduc-
ing the data given the parameter estimates. Data are entered
into the analysis as 0 or | coding for the dichotomous out-
come, continuous values for continuous predictors, and
dummy codings (c.g., 0 or 1) for categorical predictors.
The null hypothesis underlying the overall model states
that all fs cqual zero. A rejection of this null hypothesis
implics that at least onc B does not equal zero in the popu-
lation, which means that the logistic regression equation
predicts the probability of the outcome better than the mean

5

remedial reading instruction (1 = yes, 0 = no), and the two
predictors were students’ reading score on a standardized
test (X, = the reading variable) and gender (Y, = gender). The
reading scores ranged from 40 to 125 points, with  mean of
64.91 points and standard deviation of 15.29 points (Table
2). The gender predictor was coded as 1 = boy and 0 = girl.
The gender distribution was nearly cven with 49.21% (n =
93) boys and 50.7%% (n = 96) girls.

Logistic Regression Analysis

A two-predictor logistic model was fitted to the data to
test the rescarch hypothesis regarding the relationship
between the likelihood that an inner city child is recom-
mended for remedial reading instruction and his or her read-
ing scorc and gender. The logistic regression analysis was
carried out by the Logistic procedure in SAS® version §
(SAS Institute Inc., 1999) in the Windows 2000 caviron-
ment (SAS programming codes arc found in Table 3). The
result showed that

Predicted logit of (REMEDIAL) = 0.5340
+(~0.0261)*READING + (0.6477)*GENDER.  (5)

According to the model, the log of the odds of a child
being recommended for remedial reading instruction was
negatively related to reading scores (p < .05) and positively
related to gender (p < .05; Table 3). In other words, the high-
er the reading score, the less likely it is that a child would be

ded for remedial reading classes. Given the same

of the dependent variable ¥, The of results is
rendered using the odds ratio for both categorical and con-
tinuous predictors.

Iustration of Logistic Regression Analysis
and Reporting
For the sake of illustration, we constructed a hypothetical
data st to which logistic regression was applied, and we
interpreted its results. The hypothetical data consisted of
reading scores and genders of 189 inner city school children
(Appendix A). Of these children, 59 (31.22%) were recom-
mended for remedial reading classes and 130 (68.78%)
were not. A legitimate rescarch hypothesis posed to the data
was that “the likelihood that an inner city school child is
ded for remedial reading mstruction is related to

For this rcnmn the mmml log tnuufomwmn of the odds in
Equation | is necessary to make the relationship between a
categonical outcome variable and its predictor(s) lincar.
The value of the coeffi B d the di of
the relationship between X and the logit of ¥. When f s
greater than zero, larger (or smaller) X' values are associsted
with larger (or smaller) logits of ¥ Conversely, if  is less
than zero, larger (or smaller) X' values are associated with
smaller (or larger) logits of ¥ Within the framework of infer-
ential statistics, the null llypulhuu states l!uu B cqual: zer0,
or there is no lincar rel n the pop
such a null hypothesis implics lh.l a lincar relationship cxnm
between X and the logit of Y. If a predictor is binary, as in the
Table | example, then the odds ratio is equal to ¢, the natural
! hm base. raised to the exnonent of the slone B ()

both his/her reading score and gender” Thus, the outcome
variable, remedial, was students being recommended for

Table 2.—Description of & Hypothetical Data Set for Loghtie
Regression

Remedsal Toul

reading umple  Boy  Girh  Resding wore
recommended” (V) () (my ] o
Yeu L B TR BT B F )
No 100 8T N 6665 15K
Summary W9 % 69l 159

reading score, boys were more likely to be recommended
for remedial reading classes than girls because boys were
coded to be | and girls 0. In fuct, the odds of a boy being
recommended for remedial reading programs were 19111
(= €57, Table 3) times greater than the odds for a girl.

The differences between boys and girls are depicted in
Figure 2, in which predicted probabilities of recommenda-
tions are plotted for cach gender group against various read-
ing scores, From this figure, it may be inferred that for a
given score on the reading test (c.g., 60 points), the proba-
bility of a boy being recommended for remedial reading
programs is higher than that of a girl, This statement is also
confirmed by the positive coefficient (0.6477) associated
with the gender predictor.

Evaluations of the Logistic Regression Model

How effcctive is the model expressed in Equation §7
How can an educational rescarcher assess the soundness of
a logistic regression model? To answer these questions, one
must attend to (a) overall model evaluation, (b) statistical
tests of individual predictors, (¢) goodness-of-fit statistics,
and (d) validations of predicted probabilitics. These evalua-
tions are illustrated below for the model based on Equation
5, alxo referred to as Model 5.

Overall model evaluation. A logistic model is said to pro-
vide a better fit to the data if it demonstrates an improvement
over the intercept-only model (also called the null model). An
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