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SaZetak

Statisticka snaga testa je mjera vjerojatnosti da e istraZivac u uzorku naci
statisticku znacajnost, ako ucinak postoji u cijelokupnoj populaciji. Snaga tes-
ta je funkcija ovisna o tri primarna i jednom sekundarnom ¢imbeniku: velicini
uzorka, velicini ucinka, razini znacajnosti i snazi koriStenog statistickog testa.
Najcesci razlog provodenja analize snage testa jest odredivanje veliine uzor-
ka potrebnog za odredeno istraZivanje. No, analiza snage testa moZe se izra-
Cunati i nakon zavrSetka istraZivanja kako bi se odredilo je li nedovoljna snaga
bila razlog statisticki neznacajnog ucinka. Opcenito, ne preporuca se post hoc
analiza snage testa; ona bi se trebala provesti prije pocetka istraZivanja. Njom
se istrazuje utjecaj velicine ucinka, znacajnosti, veli¢ine uzorka i snage statis-
tickih testova.

Kljucne rijeci: snaga testa; znacajnost; velicina ucinka; veli¢ina uzorka; sta-
tisticka snaga testa
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Abstract

Statistical power is a measure of the likelihood that a researcher will find
statistical significance in a sample if the effect exists in the full population.
Power is a function of three primary factors and one secondary factor: sam-
ple size, effect size, significance level, and the power of the statistic used. The
most common reason to conduct a power analysis is to determine the sample
size needed for a particular study. However, power analysis may also be used
after a study has been completed to determine if the reason an effect was
not significant was insufficient power. Generally, however, post hoc power
analysis is not suggested; that work should be done prior to beginning a stu-
dy. The influence of effect size, significance, sample size, and the power of
the statistic are explored.
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Uvod

Snaga testa je vrlo vazan koncept za istrazivace, bududi
da je ona stup na koji se naslanjaju postignuca statisticke
znacajnosti. Statisticka znacajnost je ¢imbenik istraZivanja
koji istrazivaci rabe kako bi odredili je li intervencija pro-
mijenila rezultat. To se ne moze postici testom nedovolj-
ne snage. S druge strane, iznimno jaka snaga testa moze
utjecati na istrazivaca da pridoda mnogo vece znacenje
statistickom rezultatu nego sto to opravdava klinicka si-
tuacija. Svrha ovoga ¢lanka jest dati pregled temelja sta-
tisticke snage testa te informacije o tome kako se ona rabi
u svrhu povecanja vjerojatnosti dobivanja pouzdanih in-
formacija iz istrazivanja.

Accepted: August 6, 2008

Introduction

Power is a critically important concept for researchers
because it is the hub around which the achievement of
statistical significance revolves. Statistical significance is
the research factor that researchers use to determine if
an intervention changes an outcome. That determination
cannot be achieved with insufficient power. On the other
hand, extremely high power might influence a researcher
to give more weight to a statistical result than the clinical
situation warrants. The purpose of this paper is to review
the foundations of statistical power, and to provide in-
formation on how it is used to increase the probability of
obtaining reliable information from research studies.
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Znacenje snage testa

U kontekstu istrazivanja, snaga se odnosi na vjerojatnost
da ce istraziva¢ naci znacajan rezultat (u¢inak) u uzorku
ako takav ucinak postoji u populaciji koju ispituje (1). Upo-
rabom nul-hipoteze istrazivac postavlja pitanje o znacaj-
nom rezultatu. Nul-hipoteza uvijek iznosi hipotezu da ne
postoji razlika izmedu eksperimentalne i kontrolne sku-
pine za varijable koje se ispituju. Nul-hipoteza je ono 5to
sve inferencijske statistike testiraju.

Vrijednosti koje snaga moze podnijeti sezu od 0,0 do 1,0.
Te se vrijednosti ne mogu tumaciti izravno. Medutim, vje-
rojatnost pogreske tipa Il. raCuna se kao 1 — snaga. Stoga
vrijedi da, Sto je veca snaga, to je vjerojatnije da Ce se ot-
kriti znacajan ucinak. Kada je snaga manja, nije vjerojatno
da ce istrazivac naci ucinak i time odbaciti nul-hipotezu,
Cak i kada postoji stvarna razlika izmedu eksperimental-
ne i kontrolne skupine. U¢inak koji istrazivac¢ zeli nadi jest
alternativna hipoteza - $to zapravo predstavlja hipotezu
istrazivanja. To se obi¢no izrazava ovim rije¢ima: ,Posto-
ji razlika izmedu eksperimentalne i kontrolne skupine”.
Opisana na drugi nacin, snaga je vjerojatnost da ¢e laz-
na nul-hipoteza (odnosno, postoji ucinak u cjelokupnoj
populaciji) biti odbacena (Tablica 1.). Kada se odbaci nul-hi-
poteza, prihvaca se ona alternativna. Neizravno to znaci da
je snaga klju¢ni ¢imbenik sposobnosti istrazivaca da izvuce
tocan zakljucak iz podataka koje mu daje uzorak.

Problemi sa snagom mogu dovesti do razli¢itih pogreSaka
u tumaceniju statistickih rezultata. Mogu navesti istraziva-
¢a na zaklju¢ak da eksperimentalno lijecenje nije polucilo
ucinak, a taj uc¢inak zapravo postoji u populaciji. Mogu ga
navesti na netocan zakljucak kako postoji znacajan uci-
nak, koji doista i postoji, no toliko je malen da je beznaca-
jan. Stoga je vazno da svaki istrazivac shvati znacenje sna-
ge testa i Cimbenika koji utjecu na statisticku snagu testa,
kako bi statisticki zakljucci bili to¢niji i pouzdaniji.

Temelji statisticke snage testa

Statisticka snaga testa je funkcija ovisna o tri ¢imbenika
(Slika 1.) i jednom dodatnom ¢imbeniku. Primarni su ¢im-

TaBLicA 1. Pogreske tipa I i Il.

Power analysis

Meaning of power

In the context of research, power refers to the likelihood
that a researcher will find a significant result (an effect)
in a sample if such an effect exists in the population bei-
ng studied (1). The way a researcher poses the question
about a significant result is through use of the null hypot-
hesis. The null hypothesis always proposes the hypothe-
sis that there is no difference between the experimental
and control groups for the variable being tested. The null
hypothesis is what all inferential statistics test.

The values that Power can take range from 0.0 to 1.0.
These values cannot be interpreted directly. However,
the probability of a Type Il error is calculated as 1-Power.
Therefore, the higher the power, the more likely one is to
detect a significant effect. When power is low, it is unlike-
ly that the researcher will find an effect, and thus reject
the null hypothesis, even when there is a real difference
between the experimental and control groups. The effect
the researcher is trying to find is the alternate hypothesis
— which is, of course, the study hypothesis. That is typi-
cally worded in a fashion similar to this statement: “The-
re is a difference between the experimental and control
groups”. Described in a different way, power is the likeli-
hood that a false null hypothesis (that is, there is an effect
in the full population), will be rejected (Table 1). When a
null hypothesis is rejected, the alternate hypothesis is ac-
cepted. Indirectly, this means that power is a key factor
in the researcher being able to draw correct conclusions
from sample data.

Problems with power can lead to a variety of errors in
interpretation of statistical results. They might lead the
researcher to conclude there is no effect from an experi-
mental treatment when in fact an effect does exist in the
population. They might lead the researcher to incorrectly
conclude that there is an important effect when the fact
is that there is an effect, but it is so small as to be incon-
sequential. Therefore, it is important for every researcher
to understand the meaning of power and the factors that
affect statistical power so that statistical conclusions are
more accurate and reliable.

TaBLE 1. Type | and type Il errors

Null hypothesis is true

Null hypothesis is false

Researcher accepts the null hypothesis

Correct decision

Researcher rejects the null hypothesis Type | error

alpha (a) or p-level

Type Il error
1 - power

(1-p

Correct decision

(usually P < 0.05)
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Statistic

Power

/

Sample size

\

P-level

Effect size

SLIKA 1. Tri komponente snage testa.

benici veli¢ina ucinka i uzorka te razina znacajnosti koja
se rabi u istrazivanju. Sekundarni ¢imbenik je snaga pri-
mijenjenih statistickih testova. Kada su poznata bilo koja
dva primarna ¢imbenika iz njih se moze izraCunati tre¢i, a
kada su poznata sva tri primarna ¢imbenika moze se izra-
cunati snaga statistickog rezultata. Jednako vazno je da
se, kad su poznati snaga i samo jedan primarni ¢imbenik
- veli¢ina ucinka, mozZe izracunati veli¢ina uzorka potreb-
na za postizanje statisticke znacajnosti.

Velicina uzorka

Prvi ¢cimbenik - i ¢imbenik koji je pod najizravnijom kon-
trolom istraZivaca — jest veli¢ina uzorka. Veli¢ina uzorka je
zapravo jedini ¢imbenik koji istraZiva¢ zaista moze kon-
trolirati. Ona vrlo izravno i snazno utjece na statisticku
snagu testa u svakom istrazivanju. Jednostavno receno,
$to je vedi uzorak, to je veca statisticka snaga. Suprotno
tome, kada je uzorak malen, statisticka snaga je slaba. To
je logicki istinito jer znamo da bi istraziva¢, kad bi mogao
ispitati Citavu, cjelokupnu populaciju, imao potpunu mo¢
nadi bilo koji uc¢inak koji postoji u populaciji za mjerene
varijable. Zapravo bi tada inferencijska statistika bila ne-
potrebna. Inferencijska statistika dozvoljava istrazivacu
da iz uzorka izvede zakljucak (procijeni) o velicini uc¢inka u
populaciji. Kad bi se ispitivala cijela populacija, ne bi bilo
potrebno procjenjivati ucinak, bududi da bi njegova veli-
¢ina bila odmah poznata. Drugim rijecima, ako istrazivac
ispituje cjelokupnu populaciju, snaga statistickog testa je
100%, jer je tada svaki ucinak otkriven.

Nadalje, ako istrazivac ispituje cjelokupnu populaciju ne-
ma opasnosti da uzorak bude slaba procjena populacije.
lako uzorkovanje nije tema ovoga ¢lanka, vazno je nagla-
siti da je inferencijska statistika to¢na u onolikoj mjeri u
kojoj uzorak predstavlja populaciju. Stoga, niti jedna teo-
rija koja podupire istraZivanje uzorka ne vrijedi ako istraZi-
vac sakupi pristran uzorak (odnosno uzorak koji ne pred-
stavlja populaciju). Kod istrazivanja koje rabi cjelokupnu
populaciju ne postoji opasnost od nereprezentativhog
rezultata.

FiGURE 1. The three components of power.

Foundations of statistical power

Statistical power is primarily a function of three factors
(Figure 1), and secondarily of one additional factor. The
primary factors are sample size, effect size and level of
significance used in the study.

The secondary factor is the power of the statistic used.
When any two of the primary factors are known, the third
can be calculated from the other two. And when all three
factors are known, the power of a statistical result can be
calculated. Equally important, when power and just one
of the primary factors - effect size — are known, the sam-
ple size needed to achieve statistical significance can be
calculated.

Sample size

The first factor — and the factor most directly under the
control of the researcher - is sample size. In fact, sample
size is often the only factor that the researcher can realis-
tically control. Sample size has a very direct and very stro-
ng effect on statistical power in any study. Simply put,
the larger the sample, the greater the statistical power.
Conversely, when sample size is small, power is weak.
This is logically true because we know that if the resear-
cher could measure an entire, large population, then the
researcher would have complete power to find any ef-
fects that might exist in the population for the variables
measured. In fact, inferential statistics would be unneces-
sary. Inferential statistics allow the researcher to infer (es-
timate) the effect size in the population from a sample. If
the entire population were measured, there would be no
need to estimate the effect because the effect size would
be directly known. In other words, if a researcher mea-
sures the entire population, the power is 100% because
any effect will be detected. Furthermore, if the researcher
measures the entire population, there is no danger of the
sample being a poor estimate of the population. Althou-
gh sampling is not the topic of this paper, it is necessary
to note that inferential statistics are only as accurate as
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Obrnuto, dobro je poznato da su vrlo mali uzorci nepouz-
dani procjenjivaci nekog populacijskog parametra. Niti
jedan savjestan istraziva¢ nece niti pokusati predvidjeti
djelovanje novog lijeka na milijunsku populaciju uzimaju-
¢i samo jednu osobu kao uzorak. Visoka vjerojatnost pog-
re$nog zakljucka ako je ,N = 1" je toliko dobro poznata da
je postala klise. Veli¢ina uzorka od 5 ispitanika bi isto tako
bila losa za testiranje djelovanja novog lijeka. Taj je uzo-
rak premalen da bi mogao predstavljati Siroku populaciju.
Zapravo, ¢esto rabljeno nepisano pravilo u istraZivanjima
kaze kako se uzorci manji od 30 ispitanika smatraju mali-
ma i da bi se trebali rabiti samo u probnim istraZivanjima.
Tada se namece pitanje: ,Koja je veli¢ina uzorka potrebna
istrazivacu kako bi otkrio ucinak ako doti¢ni postoji u po-
pulaciji?” Tipi¢ni nacin pronalaska odgovora na to pitanje
zove se analiza statisticke snage testa (engl. power ana-
lysis) i uklju€uje izvodenje matematickih izracuna kako bi
se odredilo koja je veli¢ina uzorka potrebna za otkrivanje
ucinka odredene veli¢ine. Kako bi izracunao potrebnu ve-
licinu uzorka istraziva¢ mora znati veli¢inu ucinka. Treba
takoder naglasiti da ponekad istrazivac otkrije kako umje-
rena veli¢ina ucinka nije statisticki vazna. U tom se sluca-
ju moze provesti analiza statisticke snage, ako je problem
statisticke znacajnosti bio nedovoljno snazan zbog ne-
dostatne veli¢ine uzorka.

Postoje razni programi dostupni na internetu koji pomazu
istrazivacu brzo odrediti veli¢inu uzorka. Jedan od najko-
risnijih moZe se naci na mreznoj stranici Sveucilista u lowi:
http://www.stat.uiowa.edu/~rlenth/Power/index.html (2).
Korisnik prepoznaje statisticki test koji rabi, unosi podatke
o velic¢ini ucinka i program ¢e izracunati potrebnu veli¢inu
uzorka te odredenu razinu statisticke snage. Na primjer,
pretpostavimo da istrazivac planira provesti istraZivanje
na dva slu¢ajno odabrana uzorka od kojih je jedan bio na
eksperimentalnom lijec¢enju, a drugi nije. Tipi¢ni test za is-
pitivanje razlika izmedu skupina je t-test. PoCetna stranica
nudi izbornik s razli¢itim statistickim testovima. Kad ko-
risnik dvostrukim pritiskom na lijevu tipku misa odabere
jedan od tih testova, na zaslonu se pojavi grafi¢cko koris-
nicko sucelje (engl. graphical user interface, GUI) s kalku-
latorom (Slika 2.). Treba obratiti pozornost na to da je na
slici 2. veli¢ina ucinka 0,50, ali je snaga tek 0,41. Te razine
rezultiraju potrebnom veli¢inom uzorka od samo 25 ispi-
tanika u svakoj skupini (ukupno N = 50). Medutim, ta je
snaga preslaba za istrazivanje, pa je na slici 3. snaga pos-
tavljena na 0,80, tako da se misem klikne i povuce alatna
traka u odjeljku Power. Zanimljivo je da je veli¢ina uzorka
po skupini potrebna za pronalaZenje ucinka veli¢ine 0,50
i snage 0,80 narasla na N = 63. Pretpostavimo kako istra-
zivac Zeli snagu od 0,80, ali sumnja da ce veli¢ina ucinka
biti samo 0,35. Slika 4. pokazuje da je veli¢ina uzorka pot-
rebna za pronalazenje tog ucinka porasla na 129 ispitani-
ka po skupini. Na taj nacin istraziva¢ moze rabiti mreznu
stranicu Sveucilista u lowi u odredivanju veli¢ine uzorka
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the sample is representative of the population. Therefore,
none of the theories that support sample research apply
if the researcher obtains a biased sample (that is, a sam-
ple that is not representative of the population). With a
study that uses the entire population, there is no danger
of an unrepresentative result.

Conversely, it is well known that very small sample sizes
are unreliable estimators of a population parameter. No
sensible researcher would try to predict the effect of a
new drug on a population of millions by sampling one
individual. The high likelihood of an erroneous conclu-
sion with an “N of one” is so well known as to constitute
a cliché. A sample size of 5 individuals would be almost
as bad for testing the effects of a new drug. That sample
size is too small to fully represent a large population. In
fact, a heuristic often used in research is that samples of
less than 30 are considered small sample sizes and shou-
Id be used only for pilot studies.

The question then arises, “What sample size does a re-
searcher need to detect an effect if it exists in the popula-
tion?” The typical way to find the answer to that question
is called “power analysis” and it involves performing mat-
hematical calculations to determine what sample size is
needed to detect an effect of a certain size. In order to
calculate the sample size needed, the researcher needs
to know the effect size. It must also be noted that some-
times a researcher discovers that a moderate effect size is
not found to be statistically significant. A power analysis
might be performed in this case to discover if the prob-
lem with statistical significance was insufficient power
due to an inadequate sample size.

There are a variety of programs available via the Internet
to assist the researcher to quickly determine sample size.
One of the most useful can be found on the University
of lowa web site (2): http://www.stat.uiowa.edu/~rlenth/
Power/index.html. The user identifies the statistic to be
used, and inputs information about effect size and the
program will calculate the sample size required for a par-
ticular power level. For example, suppose the researcher
plans to run a study on two randomly assigned samples,
one of which has received an experimental treatment
and the other has not. The typical test used to test group
differences is the t-test. The home screen offers a screen
menu on the site with a variety of statistical tests. When
the user double clicks on one of the statistics in that me-
nu, the graphical user interface (GUI) calculator comes up
on the screen (Figure 2).

Note on Figure 2 that effect size is 0.50 but power is only
0.41. Those levels result in a needed sample size of on-
ly 25 in each study group (total N = 50). However, that
power is too weak to use in a research study, so in Figure
3, the power has been reset to 0.80 by simply clicking and
dragging on the bar in the Power box. Notice that the
per-group sample size required to find an effect size of
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SLIKA 2. Kalkulator snage testa s mrezne stranice Sveudilista u
lowi - t-test kalkulator.
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FIGURE 2. University of lowa online power calculator - test cal-
culator.
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SLIKA 3. Potrebna veli¢ina uzorka kada je snaga povecana na
0,80.

FiGure 3. Sample size needed with power changed to 0.80.
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SLIKA 4. Promjena veli¢ine uzorka zbog veli¢ine u¢inka.

koji ce biti potreban za postizanje znacajnosti za odrede-
nu veli¢inu ucinka i razinu snage. Upute za uporabu kal-
kulatora snage mogu se naci na mreznoj stranici: http://
hschealth.uchsc.edu/son/pdf3/PowerCalculatorsHowTo.
pdf. Druga stranica s dodatnim izra¢unima snage i velic¢i-
ne uzorka mogu se naci na mreznim stranicama Sveucilis-
ta Harvard: http://hedwig.mgh.harvard.edu/sample_size/
size.html.

Velicina uc¢inka

Veli¢ina ucinka predstavlja veli¢inu razlike izmedu lijece-
ne i nelijeCene skupine u istrazivanju, odnosno predstav-
lja magnitudu ucinka lijecenja (3). Istrazivaci provode ek-
sperimentalna istrazivanja kako bi testirali veli¢inu ucinka.
Odnsno, tipi¢no je da istrazivadi teze otkriti ima li lijecenje
ucinak kod eksperimentalnih ispitanika, i ako je tako, koju
veli¢inu ucinka je ono proizvelo? Ljudi ¢esto misle na ko-
relaciju kada govore o veli¢ini u¢inka. To je normalna po-
java bududi da su korelacije mjere veli¢ine uc¢inka. Medu-
tim, statisticki testovi za ispitivanje razlika kao Sto su t-te-
st i ANOVA takoder imaju svoju veli¢inu ucinka. Zapravo,
mjera velicine ucinka za t-test je point-biserijski koeficijent
korelacije, aza ANOVU Eta-square statistika.

Svi statisticki testovi koji se upotrebljavaju za mjerenje
uc¢inka lijecenja - dakle, ¢itava inferencijska statistika —
imaju odgovarajucu mjeru za veli¢inu ucinka. Niti jedan
istrazivac ne bi trebao objavljivati znac¢ajnost, a da pritom

Biochemia Medica 2008;18(3):263-74

FiGURE 4. Sample size change due to change in effect size.

0.50 at 0.80 power has increased to N = 63. Now suppose
the researcher wants a power of 0.80 but suspects the ef-
fect size will be only 0.35. Figure 4 shows the sample size
required to find that effect has raised to 129 per group. In
this way, the researcher can use the

University of lowa site to determine the sample size nee-
ded to achieve significance for a particular effect size and
power level. The reader should note that there is a set of
directions for using the University of lowa power calcu-
lator at the following web site: http://hschealth.uchsc.
edu/son/pdf3/PowerCalculatorsHowTo.pdf. Another site
with additional power and sample size calculations can
be found at Harvard University’s site: http://hedwig.mgh.
harvard.edu/sample_size/size.html

Effect size

Effect size represents the size of the difference between
the treated and untreated groups in a research study,
that is, it represents the magnitude of the treatment ef-
fect (3). It is to test for effect size that researchers perform
experimental studies. That is, researchers typically seek
to discover if a treatment produces an effect in the expe-
rimental subjects, and if so, what size of an effect did the
treatment produce? People often think of correlation
when they think of effect size. This is natural because cor-
relations are measures of effect size. However, difference
statistics such as the t-test and ANOVA also have an effect
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SLIKA 5. Promjena veli¢ine uzorka zbog promijene u znacajnos-
ti

ne objavi i veli¢inu ucinka. lako sofisticiran i statistickim
znanjima i vjeStinama potkovan Ccitatelj moze iz veli¢ine
uzorka i razine znacajnosti sam procijeniti veli¢inu ucinka,
nema potrebe da on sam izvodi izracune. Odgovornost je
istrazivaca pruziti Citatelju podatke potrebne za ispravno
vrednovanje istrazivanja.

Kao $to je prethodno spomenuto, podatak o razini zna-
¢ajnosti i veli¢ini uzorka moZe navesti Citatelja na krivi
zakljucak. To je zbog toga sto ce vrlo velik uzorak, dakle
1000 ili vise ispitanika, dati znacajan rezultat ¢ak i za vrlo
mali uc¢inak. Pogledajmo 5to to znaci na primjeru izvjesta-
vanja o znacajnoj korelaciji izmedu primjene nekog bilj-
nog pripravka i kraceg tijeka neke poznate bolesti, recimo
obi¢ne prehlade. Citatelji bi iz zna¢ajnog rezultata mog-
li pretpostaviti da ¢e im se stanje znatno brze poboljsa-
ti ako samo taj biljni pripravak uzmu u trenutku kada im
zapocne prehlada. Medutim, da je uzorak bio 2500 ispi-
tanika i da je trajanje prehlade u skupini koja je dobila tu
biljku kao lijek bilo samo 5 minuta dulje, taj bi rezultat bio
statisti¢ki znacajan dok klinicki ne bi bio znacajan. Bitno
je da istrazivac razumije kako ¢e ekstremno visoka razina
snage dati statisticki znacajne rezultate, ¢ak i za krajnje
male uzorke.

Postoji bitna razlika izmedu statisticke i klinicke znacaj-
nosti. Za prosje¢nu ¢italacku publiku ova vrst razlike mo-
Ze izgledati vrlo slozena. Medutim, istrazivaci bi trebali
biti svjesni ¢injenice da veliki uzorci vrlo dobro polucuju

FIGURE 5. Sample size change due to change in alpha level.

size. In fact, the effect size measure for the t-test is the
point biserial correlation coefficient, and the eta-squared
statistic is the effect size measure for ANOVA.

All statistics used to measure treatment effects — that is,
all inferential statistics — have an associated effect size
measure. No researcher should ever report significance
without also reporting the effect size. While the statisti-
cally sophisticated reader can estimate effect size from
the sample size and significance level, there should never
be the need for a reader to perform that calculation. It is
the responsibility of the researcher to provide the reader
with the information the reader needs to properly eva-
luate the study.

As mentioned earlier, a significance level and sample size
report can result in a misled reader. This is because a very
large sample size, that is, 1,000 or more subjects, will pro-
duce significant results even for very small effect sizes.
Suppose, for example, the researcher reports a significant
correlation between the use of some herb and a shorter
course of a common illness, such as common cold. Rea-
ders might assume from the significant result that if they
only take the herb when they come down with a cold,
they will get well much faster. However, if the sample size
was 2,500 and the duration of the cold in the herb group
only 5 minutes shorter, that result would be statistically
significant. It would not be clinically significant. It is im-
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pouzdane rezultate, no oni takoder daju znacajne rezul-
tate za gotovo sve veli¢ine ucinka. Kada su lijekovi, biljni
pripravci i ostala kemijski aktivna sredstva predmet ispiti-
vanja, bitno je ne uzimati u obzir samo statisti¢ku znacaj-
nost. Veli¢ina ucinka se takoder mora uzeti u obzir. Jako
mali ucinci (oni od 0,30 ili manje) trebali bi se uzeti u obzir
s oprezom. Oni bi se prije mogli smatrati slu¢ajnim nego
pouzdanim ucincima u Sirokoj populaciji. Oni kazuju ka-
ko je lijecenje izazvalo mali uc¢inak na zavisnoj varijabli. Ta
bi se veli¢ina ucinka trebala kvadrirati kako bi se ocijenio
postotak varijance u zavisnoj varijabli koji je proizvela ne-
zavisna varijabla. Stoga, ucinak veli¢ine 0,30 znaci da je li-
jecenje objasnilo samo 9% razlike u zavisnoj varijabli; 91%
ucinka na zavisnoj varijabli nije objasnjeno nezavisnom
varijablom. Stoga se moze zakljuciti kako je ucinak lijece-
nja bio premalen da bi se ljudima preporucilo da odvoje
novac za lijecenje — narocito stoga sto ce ta terapija (lijek
ili biljni pripravak) gotovo sigurno imati i nezeljene nus-
pojave kod nekih ljudi. Rizik od nuspojava nije vrijedan
male moguce koristi.

U slucaju da istraziva¢ mozda ne zna koliki uc¢inak treba
ocekivati od lijecenja, kako onda moze rabiti izracune za
odredivanje potrebne veli¢ine uzorka? Postoje dva nacina
na koja istraziva¢ moze odrediti veli¢inu ucinka: prijasnja
istrazivanja i minimalna veli¢ina ucinka od interesa.

Ako su provedena prethodna istraZivanja, njihova veli¢ina
ucinka moze posluZiti istrazivacu kao najbolja procjena
veli¢ine ucinka kojim bi lijecenje moglo rezultirati. Kad su
takva istrazivanja dostupna, njihova bi se veli¢ina ucinka
trebala uzeti u obzir. Medutim, uobicajenija je situacija da
ne postoje prethodna istrazivanja za izvorno istraZivanje
ili se ta prethodna istraZivanja previse razlikuju od onog
izvornog. Moguce je da su prethodna istraZivanja bila
provedena na zivotinjskim vrstama razli¢itima od onih ko-
je predlozeno istraZivanje planira rabiti.

Za minimalnu veli¢inu u¢inka nema prihvaéenog standar-
da. Ona moze varirati ovisno o situacijama. Na primjer, ako
postoji ozbiljna bolest bez ucinkovite terapije, minimalna
veli¢ina uc¢inka moze biti relativho mala. Ako novi lijek uz-
rokuje samo 10% poboljsanja u rezultatima, to bi moglo
biti korisno za bolesnike. Kako bi se postiglo tih 10% ve-
licina u¢inka mora biti 0,32, a to znaci da se 32% promje-
ne u zavisnoj varijabli moze pripisati lije¢enju. Medutim,
ako postoji prihvaceno lije¢enje s poznatim uc¢inkom, mi-
nimalna veli¢ina ucinka bi trebala, u vedini slucajeva, biti
veca za jednu cijelu veli¢inu uc¢inka od ucinka poznatog
lijecenja. Na primjer, ako poznato lije¢enje pokaze ucinak
veli¢ine 0,45, novi lijek bi morao imati uc¢inak od barem
0,55. Ili mozda veli¢ina ucinka novog lijeka iznosi samo
0,45, ali on ima znatno manje nuspojava (ili su manje oz-
biljne). Kao $to se moze vidjeti, odabir minimalne veli¢ine
ucinka je rezultat istrazivaceva poznavanja srodnih istra-
Zivanja i njegove dobre procjene.
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portant for the researcher to understand that extremely
high power levels will produce statistically significant re-
sults, even for minuscule effect sizes.

There is an important difference between statistical signi-
ficance and clinical significance. It can be difficult for the
average member of the public to understand that kind of
a difference. However, researchers should be cognizant
of the fact that while large sample sizes are very good for
producing reliable results, they also produce significant
results for almost every effect size. When drugs, herbal
remedies, and other chemically active agents are the
subject of research studies, it is important to consider
not only statistical significance. Effect size must be con-
sidered as well. Very small effect sizes (effect sizes of 0.30
or less) should be viewed with skepticism. They may be
random rather than reliable effects in a large population.
And they mean that the treatment produced a small ef-
fect on the dependent variable. The effect size should be
squared to evaluate the percentage of variance in the de-
pendent variable produced by the independent variable.
Thus, an effect size of 0.30 means that the treatment ac-
counted for only 9% of the difference in the dependent
variable. Ninety-one percent of the effect on the depen-
dent variable was not accounted for by the independent
variable. Therefore, the treatment effect was too small to
recommend that people spend money on the treatme-
nt — especially since the treatment (drug or herb remedy)
will almost certainly have deleterious side effects in some
people. The risk of side effects is not worth the small po-
tential benefit.

Given that the researcher may not know what effect size
to expect from a treatment, how then shall the calculato-
rs be used to determine sample size needed? There are
two ways that the researcher may select an effect size:
prior studies and minimal effect size of interest.

If prior studies have been performed, the effect size re-
ported may be the researcher’s best estimate of the ef-
fect size likely to be caused by the treatment. When such
studies are available, prior reports of the effect size shou-
Id be considered. However, the more common situation
for original research is that either there are no prior stu-
dies of the treatment effect, or the prior studies were too
dissimilar to the proposed study. Or perhaps prior studies
were performed in an animal species different from that
the proposed study intends to use.

The minimal effect size has no accepted standard. It may
differ among situations. For example, if there is a serious
disease with no effective treatment, the minimal effect
size may be relatively small. If the new drug accounts for
only 10% of the improvement in outcomes, that may be
worthwhile to patients. To achieve that 10%, the effect si-
ze must be 0.32 and this means that 32% of the change
in the dependent variable can be attributed to the treat-
ment. However, if there is an accepted treatment with a
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U klini¢kim istrazivanjima istraziva¢ odreduje najmanju
veli¢inu ucinka koja bi bila klinicki vazna. Ako su rezultati
zbog velikog uzorka statisticki znacajni, a klinicki u¢inak u
ljudskoj populaciji beznacajan, tada rezultati nisu klinicki
znacajni. To je drugaciji standard od standarda za statis-
ticku znacajnost.

Kao primjer uzmimo da medicinski istraziva¢ proucava
sepsu koja nije uzrokovana na meticilin rezistentnim zlat-
nim stafilokokom (engl. non-MRSA). Standardni lijek ko-
ji je u upotrebi ima stopu prezivljenja od 60%. Novi lijek
nudi stopu prezivljenja od 62% u uzorku od 2204 ispita-
nika. Veli¢ine ucinka su 0,77 za standardni i 0,79 za novi
lijek (iznosi su zaokruzeni). Opcenito, novi e lijek biti pu-
no skuplji. Je li 2% poboljsanja rezultata vrijedno milijuna
dolara godisnje vise za troskove lije¢enja? Ako troskovi li-
jecenja ostanu isti, jesu li nuspojave drugacije? Koju bi ve-
licinu ucinka istrazivac zahtijevao u ovom tipu istrazivanja
lijeka, ako se dogodi da ili troskovi novog lijeka budu pu-
no visi ili ako novi lijek ima neugodne ili opasne nuspoja-
ve? Ovo su pitanja koja istraziva¢ mora uzeti u obzir kada
odabire minimalnu veli¢inu ucinka.

Kada jednom odredi potrebnu veli¢inu ucinka, istrazivac
ju jednostavno unese u kalkulator s minimalnom velici-
nom ucinka i kalkulator odredi veli¢inu uzorka potrebnu
za odredivanje veli¢ine ucinka. Ako ucinak postoji, ali je
manji od minimalne veli¢ine uc¢inka za istraZivanje, ne-
e posti¢i znacajnost. Ako postoji ucinak veli¢cinom isti ili
vedi od minimalnog ucinka od interesa, rezultat ce biti
znacajan. Na taj nadin istraziva¢ moze planirati probno is-
trazivanje koje nec¢e samo pomagati preliminarnim testi-
ranjem instrumenata i postupaka prikupljanja podataka,
nego ce isto tako poboljsati vjerojatnost isplativosti pro-
vodenja glavnog istraZivanja.

Razina znacajnosti

Razina znacajnosti istraZivanja, takoder zvana i P-razi-
nom, obi¢no se postavlja znanstvenom konvencijom. Na
primjer, u vedini drustveno znanstvenih istrazivanja ra-
zina znacajnosti trebala bi biti 0,50 ili manja. U nekim is-
trazivanjima lijekova P-razina mora biti niza od 0,50 zbog
nadzornih drzavnih propisa za djelotvornost i sigurnost.
Znacajnost predstavlja vjerojatnost pojave pogreske tipa
I. To znaci kako postoji vjerojatnost da e istrazivac krivo
tvrditi kako je postigao znacajan ucinak kad u populaciji
nije bilo u¢inka (Tablica 1.).

S vrlo malim uzorkom, ili uzorkom koji je slabo zastup-
lijen u populaciji, uvijek je visoka vjerojatnost da nece biti
ucinka ili suprotno, da bilo koji u¢inak pronaden u uzor-
ku nece biti prisutan u cjelokupnoj populaciji. Stoga, ka-
da se provode probna istrazivanja s malim uzorkom, uo-
bicajeno je da istraziva¢ postavi razinu znacajnosti vise
nego obi¢no kako bi nadoknadio mali uzorak. Zato kada
je konvencionalna razina znacajnosti P < 0,50, u probnom
bi se istrazivanju mogla rabiti P-razina od 0,10 ili ¢ak 0,20.

Power analysis

known effect, the minimum effect size should, in most
cases, be an effect greater than the effect of the known
treatment. For example, if the known treatment exhibits
an effect size of 0.45, the new drug should have an effect
of at least 0.55. Or perhaps its effect size is only 0.45 but
the new drug produces substantially fewer (or less severe)
side effects. As can be seen, the selection of a minimum
effect size is a product of the researcher’s knowledge of
related research and good judgment.

In human clinical research, the researcher determines the
smallest effect size that would be clinically important. If
the results are statistically significant due to a large sam-
ple size, but the clinical effect in the human population
is negligible, then the results are not clinically significant.
This is a different standard than for statistical significan-
ce.

As an example, consider that a medical researcher is
studying sepsis caused by non-MRSA Staphylococcus au-
reus. The standard drug used produces a survival rate of
60%. A new drug produces a survival rate of 62% and in
a sample of 2,204 subjects the effect sizes are 0.77 and
0.79 respectively (rounded). Generally, the new drug will
be much more expensive. Is a 2% change in the outcome
worth millions of dollars a year more in treatment costs?
If the treatment costs are the same, are the side effects
different? What effect size would the researcher dema-
nd in this type of drug study if either the cost of the new
drug were much higher or if it produced unpleasant or
dangerous side effects? These are the kinds of questions
that must be considered when the researcher selects a
minimum effect size.

Once the requisite effect size has been determined, the
researcher simply sets the effect size in the calculator to
that minimal effect size and the calculator determines the
sample size needed to detect that effect size. If an effect
exists but the effect is less than the minimal effect size
of interest, it will not achieve significance. If there is an
effect at or larger than the minimal effect size of interest,
the result will be significant. In this way, the researcher is
able to plan a pilot study that will not only assist with pre-
testing instruments and data collection procedures, but
will also improve the likelihood that the full study will be
worth performing.

Significance level

The significance level, also called the P-level, of a study
is typically set by scientific convention. For example, in
most social science studies the significance level should
be 0.05 or less. In some drug studies, the P-level must be
much lower than 0.05 because of governmental review
requirements for effectiveness and safety. Significance
represents the likelihood of a Type | error. That is, it is the
likelihood that the researcher will falsely claim a signifi-
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Svrha vise razine znacajnosti u probnom istraZivanju jest
izbjegavanje odbacivanja onoga $to bi ina¢e moglo biti
obecavajuci ishod istraZivanja temeljem probnog istrazi-
vanja u kojem nije naden ucinak lije¢enja. Zbog trenutne
sklonosti urednika da objavljuju ¢lanke o probnim istrazi-
vanjima, Citatelji bi uvijek trebali imati na umu ¢injenicu
da se istrazivanja koja o ucinaku izvjesStavaju na razini P <
0,10 ili vi3oj ne bi trebala primjenjivati na bolesnickoj po-
pulaciji, ili bi se na ljudskoj populaciji trebala primjenjivati
uz najvisi nadzor i oprez. Kod takvih je istrazivanja vjero-
jatno da se ucinci nadeni u uzorku jako razlikuju od onih
u populaciji.

Takoder treba naglasiti, da kada istrazivac objavi ¢lanak o
probnom istraZivanju uz primjenu povecane a-razine, ve-
licina uzorka moze biti dosta manja kako bi se sac¢uvala
znacajnost na istoj razini statisticke snage i veli¢ine ucin-
ka. Na slici 5. se vidi da je kod snage 0,80 i veli¢ine ucinka
od 0,35, potreban uzorak od samo 74 ispitanika u svakoj
skupini kako bi se sacuvala ,znacajnost” kad je P-razina
postavljena na 0,20. S P-razinom od 0,05 u istom je istraZi-
vanju potrebno 129 ispitanika u svakoj skupini kako bi se
postigla znacajnost (vidi sliku 4.).

Manje je vjerojatno da e se otkriti pogreska tipa Il. nego
ona tipa I. Razlog tome je to $to kada se dogodi pogres-
ka tipa Il., izvodi se zaklju¢ak da ucinak ne postoji. Stoga
se smjer istrazivanja moze napustiti. S pogreskom tipa I.
vrlo je vjerojatno da ¢e drugi istrazivaci testirati u¢inak o
kojem se izvjestavalo. Kada velik broj njih ne uspije do-
biti u¢inak, priznat ¢e se orginalna pogreska tipa I. Dakle,
vjerojatnost pogreske tipa |. jednaka je razini znacajnosti
istrazivanja. Nakon toga dolazi vjerojatnost pogreske tipa
IIl. Ta se vjerojatnost ra¢una kao 1-f. Bududi da se statis-
ticka snaga vrlo ¢esto postavlja na 0,80, uobicajena vje-
rojatnost pogreske tipa Il. je 1-0,80 ili 0,20. Dakle, dok je
uobicajena vjerojatnost pogreske tipa I. 5%, tipi¢na vjero-
jatnost pogreske tipa Il. je 20%.

Statisticki testovi

Sekundarni ¢imbenik koji utje¢e na statisticku snagu je
statisticki test koji se rabi. Svaki test ima svoju razinu sna-
ge. Parametrijski testovi su sami po sebi jaci od nepara-
metrijskih, no to vrijedi samo ako se ispravno provode.
Neparametrijski testovi su sami po sebi manje snazni od
parametrijskih, no to vrijedi samo ako podaci i metoda is-
trazivanja primijenjeni za dobivanje podataka podupiru
upotrebu parametrijskih testova.

Parametrijski testovi povezani su s nizom pretpostavka o
podacima. Kada se te pretpostavke prekrse, parametrij-
ski testovi postaju nestabilni te mogu dati rezultate koji
navode na krivi trag. Pretpostavke parametrijskih testova
sadrzavaju najcesce slijedece: intervalna ili odnosna (om-
jerna) razina mjerenja barem zavisne varijable, slu¢ajno
rasporedivanje ispitanika u skupine, slu¢ajno uzorkovanje
ciline populacije, jednake varijance medu skupinama za
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cant effect has been found when there is no effect in the
population (Table 1).

With a very small sample size or a sample that poorly rep-
resents the population, there is always a high probability
that no effect will be found, or conversely, that any effect
found in the sample will not exist in the full population.
Therefore, when performing pilot studies with small
sample sizes, it is common for a researcher to set the sig-
nificance level higher that usual in order to compensate
for the small sample size. Thus, when the conventional
significance level is P < 0.05, a pilot study might use a
P-level of 0.10 or even 0.20. The purpose of the higher
significance level in a pilot study is to avoid abandoning
what might otherwise be a promising line of research
on the basis of a pilot study that finds no effect for the
treatment. Given the current tendency of editors to pub-
lish reports of pilot studies, readers should always keep
in mind that studies reporting an effect at the P < 0.10 or
higher levels should not be applied to patient populatio-
ns, or should be applied to human populations only with
the utmost oversight and care. Such studies are likely to
result in population effects very different from the effects
seen in the study sample.

It should also be noted that when the researcher publis-
hes a report of a pilot study using an inflated alpha level,
the sample size may be quite a bit smaller to obtain sig-
nificance at the same power level and effect size. Note in
Figure 5 that at a power of 0.80 and an effect size of 0.35,
a sample of only 74 in each group was needed to obtain
“significance” when the P-level was set to 0.20. With a
p-level of 0.05, the same study requires a sample size of
129 in each group to achieve significance (see Figure 4).
A Type Il error is less likely to be discovered than a Type
| error. This is because when a Type Il error is made, the
conclusion is that there is no effect. Therefore, the line of
research may be abandoned. With a Type | error, it is quite
likely that other researchers will test the effect reported.
When a number of them fail to find an effect, the original
Type | error will be recognized. As noted, the probability
of a Type | error is equal to the significance level of the
study. What then, is the probability of a Type Il error? That
probability is calculated as 1-f. Since power is most often
set at 0.80, the usual probability of a Type Il error is 1-
0.80 or 0.20. Thus, while there is usually only a 5% chance
of a Type | error, there is typically a 20% probability of a
Type Il error.

The statistic

The secondary factor that affects power is the statistic
used. Each statistic has an associated power level. Para-
metric statistics are inherently more powerful than non-
parametric statistics, but this is true only when they are
used correctly. Non-parametric statistics are inherently
less powerful than parametric statistics, but that is true
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zavisnu varijablu i ostale slicne pretpostavke. Te se pret-
postavke temelje na cinjenici da se parametrijski testovi
obi¢no zasnivaju na metodi najmanjih kvadrata (linearna
regresija), koja rabi srednju vrijednost kao temelj za ra-
¢unanje. U sluc¢aju kada srednja vrijednost nije prikladna
mjera centralne tendencije podataka, treba posegnuti za
neparametrijskim testovima (ili testovima neovisnim o
distribuciji podataka) za testiranje hipoteza. Neparamet-
rijski testovi obi¢no rabe medijan ili raspon podataka kao
temelj svojih kalkulacija. Oni stoga imaju puno manje
pretpostavaka nego parametrijski testovi.

Kada istraziva¢ neprikladno upotrebljava parametrijske
testove kako bi ispitao podatke koji nisu prilagodeni pa-
rametrijskoj statistici, tada se snaga rezultata dovodi u
pitanje. Autorica je osobno vidjela niz slucajeva u koji-
ma parametrijski testovi primijenjeni na podacima koji
se odnose na skupu s ordinalnim varijablama (engl. ordi-
nal data) nisu uspjeli nadi znacajan ucinak, za razliku od
neparametrijskih koji su ga pronasli. Moguce je takoder i
suprotno. Ispravno primijenjen parametrijski test, bududi
da je snazniji, pronasao je znacajan ucinak lije¢enja koje
analogni neparametrijski test nije pronasao. Kako bi sna-
ga u istrazivanju bila primjerena, bitno je da istrazivac ra-
bi statisticke testove sukladno podacima za testiranje hi-
poteze.

Zakljucak

Snaga je primarno funkcija veli¢ine uzorka, velicine ucinka
i razine znacajnosti (engl. alpha-level, p-level) i sekundar-
no primijenjenog statistickog testa za ispitivanje razlika
izmedu uzoraka. Cimbenik kojim istraziva¢i najspremnije
i najlakse barataju jest veli¢ina uzorka. Primarna funkcija
analize snage testa jest odredivanje veli¢ine uzorka pot-
rebne za postizanje statisticke znacajnosti u istrazivanju.
Medutim, snaga se rabi i u probnim istrazivanjima, kako
bi se utvrdili u¢inci lije¢enja koji su preslabi da bi bili vri-
jedni istrazivanja te da se odrede idealne razine znacaj-
nosti koje ¢e se primijeniti u glavnom istrazivanju. Postoji
niz kalkulacija analize snage koje su dostupne na interne-
tu i uporaba istih moze biti korisna pomo¢ istrazivacima u
planiranju istrazivanja. Trebalo bi im uéi u naviku utvrditi
potrebnu veli¢inu uzorka prije pocetka istrazivanja. Moze
se naici na niz problema kod tumacenja rezultata ispitiva-
nja ako istraziva¢ ne shvati statisticku snagu te nacin na
koji se ona postize. To ukljucuje i krivo tumacenje razulta-
ta zbog ili vrlo niske ili vrlo visoke snage te zbog neprik-
ladnog odabira statistickog testa za testiranje hipoteze.
Medutim, kada je snaga odgovarajuca i kada se ispravno
rabe statisticki testovi, tada se vjerojatnost ispravnog zak-
ljucka znatno povecava.

Power analysis

only if the data and research methods used to acquire
the data support the use of parametric statistics.
Parametric statistics are associated with a number of as-
sumptions about the data. When those assumptions are
violated, the parametric statistics become unstable and
may provide misleading results. Assumptions of para-
metric statistics most commonly include the following:
interval or ratio level of measurement of at least the
dependent variable, random assignment of subjects to
study group, random sampling from the population of
interest, equal variances among the study groups for the
dependent variable, and other related assumptions. The-
se assumptions are based on the fact that parametric sta-
tistics are usually founded in the least squares formula,
which uses the mean as the basis for calculation. When
the mean is not an appropriate measure of central ten-
dency for the data, non-parametric (or distribution-free)
statistics should be used to test the hypotheses. Non-pa-
rametric statistics usually use the median or rank order of
the data as the basis of their calculation. They therefore
have far fewer assumptions than parametric statistics.
When the researcher inappropriately uses parametric
statistics to test data which are not appropriate for pa-
rametric statistics, the power of the results is called into
question. The author has personally seen a number of
cases in which parametric statistics used on ordinal data
failed to find a significant effect but the non-parametric
statistic did find a significant effect. The converse is also
true. An appropriately applied parametric statistic, bei-
ng more powerful, found a significant treatment effect
that the analogous non-parametric statistic did not find.
For power to be adequate in a study, it is essential that
the researchers use statistics appropriate to the data for
hypothesis testing.

Conclusions

Power is primarily a function of sample size, effect size
and alpha-level, and secondarily of the statistic used to
test sample differences. The factor most readily manipu-
lated by the researcher is the sample size. Power analysis
has as its primary function the determination of the sam-
ple size necessary to achieve statistical significance in a
study. However, power can also be used in pilot tests to
identify treatment effects too weak to be worth further
pursuit, and to identify the ideal significance level to be
used in the main study. There are a number of power ana-
lysis calculators available on the Internet and the use of
these calculators can provide a useful tool to researchers
planning studies. They should always be used to identify
the necessary sample size prior to beginning a study. A
number of problems with interpretation of research re-
sults can be encountered if the researcher does not un-
derstand statistical power and how it is achieved. These
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Power analysis

include wrong interpretation of results due to either very
low or very high power, and to inappropriate selection of
a statistic to test the hypotheses. However, when power
is adequate and the statistics are appropriately applied in
hypothesis testing, the likelihood of correct conclusions
is greatly improved.
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