Medikal Arastirmalarda Hata
Kaynaklari ve Bas Etme Yollar:;
(Tip I hata, karigtirici fakiorler,
taraf tutma-yan\:ik)

HUTF Halk Saghigi AD
Epidemivoléji Konferans Serisi: 9

Prof. Banu Cakir, MD, MPH, PhD




Bu yansi seti sadece HUTF Halk Saghgi Anabilim
Dali Epidemiyoloji Konferanslar: serisi egitimlerinde
kullanilmak iizere hazirlanmis olup, izin almadan
kismen ya da jtimdyle kullanilmasi ve/veya
paylasiimasi uygun degildir.
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http://www.romatoloji.org/yayin/kitap

ROMATOLOJiIDE
KLINiK ARASTIRMALAR Ay ey .
VE NESNEL TIP y ,&g'&eger'llllk, Tlp I ve
HASAN YAZICI S ,\/ Tip II ha-l-a ve

karistirici faktorler”

HANER DIRESKENELI
AHMET GUL
VEDAT HAMURY
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http://halksagligiokulu.org/anasayfa/components/com_booklibrary/
ejournals/tjphvol2nol.pdf
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Do not get confilses by the confounders: identification and control of confounders
in medicalblesearch
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Tirkiye Klinikleri Tip Bilimleri Dergisi
http://www.turkiyeklinikleri.com/article/tr-saglik-arastirmalarinda-bias-yanlilik-taraf -
tutma-tipleri-siniflandirilmasi-nedenleri-onleme-yontemleri-ii-7316_.html

Saglik Arastirmalarinda "Bias"
(Yanlilik, Taraf Tutma):
Tipleri, Siniflandiriimasi,
Nedenleri, Onleme
Yontemleri-I

BIAS IN MEDICAL
RESEARCH: TYPES,
CLASSIFICATION.
SOURCES AND CONTROL
MEASURES: REVIEW (1)

Banu CAKIR

Turkiye Klinikleri J Med Sci
2005;25(1):100-10

Saglik Arastirmalarinda.Bias"
(Yanlilik, Taraf Tutma):
Tipleri, Siniflandirilmasi,
Nedenleri.“Onleme
Yontemleri-IT

BIAS IN MEDICAL
RESEARCH: TYPES,
CLASSIFICATION,
SOURCES AND CONTROL
MEASURES: REVIEW (2)

Banu CAKIR

Turkiye Klinikleri J Med Sci
2005;25(2):280-8
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Sunum Plani:

> Medikal ¢calismalarda olasithata
kaynaklari ve bas etme
yontemleri

> Tip I hata, p. aegeri,
alternatifier

> Tarat-Tutma (Bias)
=“Lnformation bias

(misclassification)

> Selection bias

> Karigtirici faktorler... ya
etkilesim varsa?

> Sorulariniz, katkilariniz
Prof. Dr. Banu Cakir, 5 Mart 2015



Gercek DEGER

1. Biyolojik degiskenlik
2. Rastgele hata (sans)
3. Olcimde kullanilan cihaz/yonteme ait hatalar
4. Olcumi yapan'kisiye ait hatalar
5. Olciimu yapilan kisilerden kaynaklanan hatalar
6. Sonuclannkaydinda ortaya cikan hatalar
7. Bulgularin analizinde/degerlendirilmesindeki hatalar

i
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Gercek DEGER

1. Biyo degiskenlik
2. Rast hata (saris)
3. Olcimde kullanil haz/\ianteme ait hatalar
4. Olcimuy kisiye ait hatalar

den kaynaklanan hatalar
a ortaya cikan hatalar
erlendirilmesindeki hatalar

5. Olcimu yapilan ki
6. Sonuclannkay
7. Bulgularin &énalizind
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CALISMALARDA HATA KAYNAKLARI

2 RASGELE HATA/SANS (TiP | HATA)
0 KARISTIRICI FAKTORLER
0 SISTEMATIK HATA (BIAS)
Bilgi toplamaya/siniflamaya bagl hatalar
(Information Bias/Misclassification)
Secime bagli hatalar
(Selection Bias)

{ Ekarte edilebiliyorsa.......cocoeeevevenene. ILISKI GERCEK OLABILIR!
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Calisma Hipotezleri:

Ho: gruplardan elde edilen degerler arasinda fark
yoktur (etken ile sonu¢ arasinda‘iligki yoktur)

H;,4: gruplardan elde edilendegerler arasinda fark
vardir (etken ilersonuc¢ arasinda iliski vardir)

2 yonlu hipotez
Tek yonlu*hipotez?
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Tip I Hata

» GERCEKTE Yokluk Hipotezi (H,) dogru iken, ¢alisma
sonuglarina gore H, hipotezini ret etmek.

» Olmayan bir iliskiye “yoktur" dememekl

» Arastirmaci ¢alismasini planladigr asamada (baslamadan
once), calismasinda p degerini en fazla kag buldugunda
Ho hipotezini ret edecegine karar vermek durumunda.
Bu degere alphg diyoruz (a: tip I hataya ait olasilik
degeri, istatistiksel anlamlilik degeri)
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Rastgele Hata
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Tip I Hata

» Kontrol edemiyoruz, ancak hatanin buyikligind
belirleyip, bunun arastirmaci/okuyucu igin "kabul
edilebilir” bir blyuklik olup olmadigini tartigabiliriz.

» P degeri

» Calismada elde edilen p degeri alpha degerinden daha
disiik oldugunda, bulunansonucun istatistiksel olarak
anlamli oldugunu kabul ediyoruz.

» Ornek: Kabul edilép Alpha= 0.05 ise, p <0.05
oldugunda,, 'Ky red edilir: bulunan fark istatistiksel
olarak anldmlidir” diyoruz.
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» "The Lady Tastin Tea?" -
David Salsburg

» %50 (1/2), 1/4, 1/8..

» Yizde kaginda beklenen
sonucu verirse hipotezinizin
dogru olduguna’karar
verebilirsiniz? (1/20)

»_Hipotez (anlamlilik) testi-
kurulmus hipotezi testi ret
etmek icin kullanilir.

» "Varsaydigimiz hipotez dogru
1890-19628\ Fisher ise, bizim buldugumuz kadar
ya da daha fazla bir farkin
ortaya ¢tkma olasiligr nedir?”
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» Kabul edebileceginiz bir sinir deger (alpha) var.iken

» Hesaplanan p degeri ¢ok kigik (<alpha).ise:

» Gozlenen (veya daha biiyik bir) degerin sans eser:i
ortaya ¢tkmis olma olasiligi bukadar diistk iken,

"yokluk" hipotezi dogru elamaz! - yokluk hipotezi ret
edilir.

17 Prof. Dr. Banu Cakir, 5 Mart 2015



The probability is greater
than 1in 20 that a diffeXeince
this large or MOR \w d

occur by ck&n\@EE‘ne.

AN

Probability

\/EIE ; {abserved effect)

Figure 1 C%smal depiction of the definition of a {one-sided) P

valu e turve represents the probability of every observed out-
N der the null hypothesis. The P value is the probability of the

rved outcome (x) plus all "more extreme”™ outcomes, repre-

sented by the shaded “tail area.”™
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ISTATISTIKSEL "ANLAMLILIK"

» "Significant" kelimesi Ingilizce'de yillar icinde
anlam degistirmis.

» 19. yy Ingilizcesi'nde: computation'signified,
showed something

» 20. yy Ingilizcesi'nde: something very important

» Matematikte kullamminda 19.yy daki sekli ile
kullaniliyor. Anlamli olmasi istatistiksel agidan bir

fark yarattigm ifade eder. Bu fark ¢ok "buytk"
demekdeqilll
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» “Statistical Methods for Research Workers"- p
degerinin nasil hesaplandigini anlatir

» "Proceedings of the Society for Psychical
Research” (1929) - tekrarlayan deneylenden
bahseder. Bir kesim noktasi vermez;<0:01- anlamli,
>0.20 anlamli degil, arada ise bir, sonraki deney
“uygun” sekilde yapilmali_seklinde agiklamalar
yapmis. P=0.05 (1/20 hata)‘ilk/tek burada
glindeme gelmis.

» Amag: Varsaytlan-hipotezin ret edilmesi.

» Alternatif hipotez sonradan giindeme geliyor -
Jerzy. Newman ve Egon Pearson ile glindeme
gelmis...

20 Prof. Dr. Banu Cakir, 5 Mart 2015



REVIEW ARTICLE

Living with P Values
Resurrecting a Bayesian Perspective on Frequentist\Statistics

Sander Greenland®® and Charles Poole*

Abstract: In response to the widespread abuse and misinterpreta-
tion of significance tests of null hypotheses, some editors and authors
have strongly discouraged P values. However, null P values still
thrive in most journals and are routinely misinterpreted as probakifi-
ties of a “chance finding™ or of the null, when they are ne.sach thing:
This misuse may be lessened by recognizing correct Bay! siah lpier-
pretations. For example, under weak priors, 93% ganfi lsacislitervals
approximate 95% posterior probability intervalsGrip-sided P values
approximate directional posterior probabilities, and point estimates
approximate posterior medians. Furthermure, under certain condi-
tions, a one-sided PP value for apri { Thedian provides an approximate
lower bound on the pestericg/probability that the point estimate is on
the wrong side ofdliay¢nedian. More generally, P values can be incor-
porated info a‘moasrn analysis framework that emphasizes measure-
ment of 1it,\disthnce, and posterior probability in place of “statistical
signifigince™ and accepi/reject decisions.

(Epidemiology 2013;24: 62-68)

instructiongfonalthors: “We strongly discourage the use of P
values {04 lnguage referring to statistical significance . . .”),
focarditlg them as a confounded mix of estimate size and
hredision. 617

Many advocates of educational reform specifically decry
use of P values in Neyman-Pearson hypothesis testing, in which
results are placed in bins labeled “association™ and “no associa-
tion™ based on whether the P value is below or above a prespec-
ified alpha level (the maximum tolerable type-I or false-positive
error probability), usually 0.05. Neyman-Pearson testing has
often been criticized as groundless and arbitrary”'™*" and even
mindless’~—aptly in our view. Unfortunately, Neyman-Pearson
testing has also been called “significance testing,” and the alpha
level has been called the “significance level” of the test. This
secondary terminology has fed the oft-lamented confusion of
Neyman-Pearson testing with the significance-testing approach
of Fisher.”'*? In the latter approach, significance level refers to
the P value itself. which is treated as a continuous measure of

21 Prof. Dr. Banu Cakir, 5 Mart 2015



Seminars in

& ! HEMATOLGWGY
ELSEVIER —— AN

A Dirty Dozen: Twelve P-Value Misconcep\ian;

Steven Goodman

The P value is a measure of statistical evidence th 4t appears in virtually all medical
research papers. lts interpretation is made/@xtravrdinarily difficult bacauss it is not part of
any formal system of statistical inferefics. £5.4 result, the P value's inferential meaning is
widely and often wildly miscor@trusd,, 2" tact that has been pointed out in innumerable
papers and books appearini\sir.ce/at least the 1940s. This commentary reviews a dozen of
these common misin‘erzre ations and explains why each is wrong. It also reviews the
possible consew ences-Gr thess improper understandings or representations of its mean-
ing. Fina'ly,\t contrasts the Pvalue with its Bayesian counterpart, the Bayes' factor, which
has virtu diyail of the desirable proparties of an evidential measure that the P value lacks,
moGt notably interpretability. The most serious consequence of this array of P-value
misconceptions is the false belief that the probability of a conclusion being in srror can be
calculated from the data in a single experiment without reference to external evidence or
the plausibility of the underlying mechanism.

Semin Hematol 45:135-140 © 2008 Elsevier Inc. All rights reserved.
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Goodman, 2008
Table 1 Twalve P-Valus Misconcaptions
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it P = .05, tha null hypothasis has only a 5% chanca of baing trus

A nonsignificant diffarence (ag, P =.03) maans thera is no diffsrance bafwesn aroug

A statisticaly significant finding is clinically important

Studias with P valuss on opposits sides of .05 are conflicting

Studios with the sama P valug provide the sama avider®>against the null hypothesis.

P = 05 means that we have observed data taatweald occur only 5% of the tme under the null hypothesis.

P = 05 and P <05 maan the sanieiing

P valugs are proparly wriltamas inequalities (eg, “P <.02" whan P = 015)

P = 05 means that i you rejact tha null hypothesis, the probability of a fypa | emor is only 5%.

With a\%="05 thrashold for significance, the chance of a type | amor will ba 5%,

Vol should uss  one-sided P valus whan you don 't care about  resulfin one dirsction, or 3 diffarence in
that diraction is impossible.

A scientific conclusion or treatment policy should ba based an whather o not the P valua is significant




MESHUR SLOGANLAR:

» Iliski var demek nedensellik var demek degildir!

» Istatistiksel anlamlilik “anlamli” farklilik degildir! -
“showed something"”

» Risk oldugu konusunda yeterli kanit olmamasi risk
olmadiginin kaniti degildirk-Kanitin bulunamamasi
kanitin olmadiginin kaniti degildir!- alternatif
hipotezi kesin diyeneyiz.

» Eger veriyi yeterince zorlarsaniz (iskence ederseniz)
mutlaka konusacaktir (itiraf edecektir)l- coklu
testlerde p degerinin nasil kullanilacagina dikkat

"How to lie with statistics”

Kaynak: Deborah 6. Mayo, Feb 20, 2014. Is the Philosophy of Probabilism an Obstacle to Statistical Fraud
Budting?" Presentation at the 2014 :"Revisiting the Foundations of
Statistics in the Era of Big Data: Scaling Up to Meet the Challenge.


http://errorstatistics.com/2014/01/29/boston-colloquium-for-philosophy-of-sciencerevisiting-the-foundations-of-statistics/

P deger'l @&
@XA LIGT kullanmak..
p=0.045
OR 3.2 (%695 GA=1.8-7.4)

0(? Olabilirlik Oranlar:...
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0 "Any trend in the collection,
analysis, interpretation, publication
or review of data that can lead to
conclusions that are systematically
different from the truth” (Lasft,

2001)

0"A process at any state of
inference tending.to produce
results that depart systematically
from the true values" (Fletcher et

al, 1988)
0 Systematic error in design or
conduct of a study” (Szklo et al,
282000) Prof. Dr. Banu Cakir 16 Subat 2015




Sistematik Hata
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RASTGELE HATA MI, SISTEMATIK
HATA MI DAHA KORKUTUCU?

0 Sans, rastgele hata ile ortaya gikar. Yanlilik-ise
sistematik hata sonucu

0 Blyik orneklem gruplarinda sansin-etkisi giderek
azalir. Yanlilik ise 6rneklem-ne kadar biyiik de olsa
devam eder.

0 Sans olglim degerinin keskinligini azaltir. Yanlilik ise
“gergek olmayan” sonuglara neden olur.

e .o cee\Joo

¢ikmig bir yanlilik analiz ile dizeltilemez.

30 Prof. Dr. Banu Cakir 16 Subat 2015
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I - SECIME BAGLT YANLILIK

0 Galismaya katilan kigileri galismaya segim
aninda, daha az sik olarak uygulama sirecinde
ortaya ¢ikar.

0 Calismada karsilastirilan(gruplar arasinda
farkhliklar olmasi etken=sonug iliskisinin
dogru degerlendirilmesini engelleyebilir.

0 Sik olarak, karsilastirma gruplarinin ayni
toplumdan gelmemesi ve/veya toplumu temsil
eder vasifta olmamasi nedeniyle ortaya ¢ikar.

32 Prof. Dr. Banu Cakir 16 Subat 2015



SECIME BAGLI YANLILIK

(Kaynak:Choi BC, Noseworthy AL., 1992)

33

Non-coverage bias
Membership bias
Healthy worker effect
Volunteer bias

Orneklem secimi ile ilgilixyanlilik (telephone
sampling, diagnostic dccess/hospital access,
ascertainment bias

Nonrandom sampling bias (self-selection,
autopsy series, referral filter, unmasking/signal
detection bias, door-to-door solicitation bias)

Berkson yanilgisi

Prof. Dr. Banu Cakir 16 Subat 2015



SECIME BAGLI YANLILIK

(Kaynak:Choi BC, Noseworthy AL., 1992)

34

Insidans/prevalans tipi (Neyman/Attrition)
bias (selective survival bias)

Detection/selective surveillgngebias
Izlemdeki kayiplara bagh yanlilik
Duyarliliga bagl bias
Confounding by indication
Protopathicbias

Prof. Dr. Banu Cakir 16 Subat 2015



IT - BILGI TOPLAMAYA BAGLI
YANLILIK

0 Bilgi toplanmasi, gruplarin siniflandirilmasi ya
da g6zlem asamasinda veriyi toplayan kisiye,
verilerin toplandigi kisiye ya da 6lgiim
yontemine ait olarak ortaya ¢ikan hatalar
nedeniyle etken-sonug iligkisinin glici/yond
yanhg degerlendirilebilir.

Ayrimsal olan yanlilik
Ayrimsal elmayan yanhlik

35 Prof. Dr. Banu Cakir 16 Subat 2015



Ayrimsal olmayan (non-differential) hata

0 Olgiilen degerin gercek degeri yansitma
konusundaki hata karsilastirma gruplarda’(2,3,..)
benzer yonde ve blyiklikte

3 Nasil azaltilabilir: Ayni 6lgimbyéntemi/cihazi
gruplarin timinde ayni.sekilde, ayni 6zende
kullanilmal! Veri kalitesi "kaynaga” baglidir.

0 Eger ayrimsal.olmasa da hata orani artarsa,
ortamdaki giirtlti" (noise) artacaktir; gruplar
arasindaki farklar oldugundan az bulunacaktir

a “error towards the null”

36 Prof. Dr. Banu Cakir 16 Subat 2015



Ayrimsal (differential) hata

0 Olgiilen degerin gercek degeri yansitma
konusundaki hatasi karsilastirma gruplarindan
birinde digerinden farklidir.

0 Iligkiler carptirilir: oldugundan az ok, olmayan
iligkiler var gosterilebilir!

Q Obliek’rif, glvenilir, gecerli b‘lfUm yontemleri
kullanilmali; olasi hata kaynaklar: belirlenmeli;
kontrol edilmeli!

0 RKT: Randomizasyon; korleme maskeleme

0 Kohort: Muayene sayisi, sonug tanimlanmasi, kimin
yaptigt, tatarlilik, fam olmasi vb.

0 Vaka-kontrol: hafiza faktord, gozlemciye ait
hatalar

37 Prof. Dr. Banu Cakir 16 Subat 2015



38

BAZI YANLILIK TURLERI

(Kaynak:Choi BC, Noseworthy AL., 1992)

Interviewer bias

Questionnaire bias

Instrument bias

Observee (subject) bias

Recall bias

Diagnostic suspicion-bias*(cohort)
Exposure suspicignibias (case-control)
Case definition-bias

Data soupce bias - hospital discharge, competing
deathcbias

Faking good, faking bad, positive satisfaction
bias...

Prof. Dr. Banu Cakir 16 Subat 2015
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Ad-hoc analizler

Dagilim hakkindaki varsayim nedeniyle yanlilik
Missing data handling bias

Outlier handling bias

Over-matching bias

Scale degradation bias

Post hoc significance bias

Publication bias

Hot stuff bias

Reading up bias, litérature review bias
Literature séarch bias

Foreign language exclusion bias
One-<gided reference bias

Rhetoric bias

Prof. Dr. Banu Cakir 16 Subat 2015



» 40 Prof. Dr. Banu Cakir, 5 Mart 2015



KARISTIRICI FAKTORLER
“Sasirtici faktorler” [>\\/
W n" . v
Confounders '\}\\
%
\%

Confundere - to mix Togg’rheng)‘g:rince)
Digaridan bir fak¥orun, ilgilenilen

e’rken—sonugélrg%\l/ndaki iliskiyi bozmast

“
W o
"
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BIR ORNEK... E= etken, H= hastalilk

Calisma grubu

H+

H_

E+

42

200 800 11000

50

95071000

RR=200/1000: 50/1000

RR= 4
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Karistirici faktor igin on kosul:

» Etkenden bagimsiz olarak sonugla iligkils
» Sonugtan bagimsiz olarak etkenle.iliskili
» Etkenin sonuca yol a¢tigiyelak lizerinde degill

43 Prof. Dr. Banu Cakir 16 Subat 2015



BIR ORNEK... E= etken, H= hastahk
Tabaka 1;Karistirici=1

¢alisma grubu HEY ™ H-
E* {160 240 400
Ht H- E- | 40 360 400
E+ | 200 800 1000 Tabaka 2: Karistirici=0
E- 50 9501000 Ht H-
E*+ | 40 560 600

E- 10 590 600
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BIR ORNEK...
Tabaka 1;:RR= 4.0

Calisma grubu RR= 4.0 L4 -

E+"'160 240 400

HY W E- | 40 360 400

E+ | 200 800 1000 Tabaka 2: RR= 4.0
E- | 50 950-1000 T

E* | 40 560 600

E- | 10 590 600
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MANTEL-HAENSZEL YONTEMI

H* H-

E*|a by, ny
E- | G d;\_ Ny
My AMg; N

i= tabaka sayisi (1-s)

46

Dizeltilmis\RR=
S
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: I Ol
n
|
RR = —
MH > c:i n1I
; n,
I
i=1
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OLASI KARISTIRICI FAKTOR VAR
INCELENDIGINDE KONTROL EDILMIS
DEGERLER ILE KABA DEGERLER ARASINDA
ISTATISTIKSEL OLARAK ANEAMLI FARK YOK
KABA DEGERLERI RAPORET!

BASKALART KONITROL ETMIS, SEN DE
KARSILASRIRILABILIR SONUCLARI SUNMAK
ISTIYORSAN, KONTROL EDILMIS DEGERLERE
\ER
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KARISTIRICI FAKTOR fark yaratiyersa:

Tabaka 1;Karistirici=1

Calisma grubu RR= 4.0 L4 -
E* 1194 606 800
HY  H E | 24 76 100
E+ | 200 800 1000 Tabaka 2: Karistirici=0
E- | 50 9501000 0+ H-

48

E+t 6 194 200
E- | 26 874 900
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Calisma grubu RR= 4.0

Ht H-

Tabaka 1: RR= 1.03

E+

49

200 800 11000
50 9501000

HEY ™ H-
Et 12 188 200
E- | 48 752 800
Tabaka 2: RR=1.03
H* H-
Et | 188 612 800
E- | 2 198 200
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MANTEL-HAENSZEL YONTEMI

H* H-

E*|a by, ny
E- | G d;\_ Ny
My AMg; N

i= tabaka sayisi (1-s)

50

Dizeltilmis\RR=
S
an
: I Ol
n
|
RR = —
MH > c:i n1I
; n,
I
i=1
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KARISTIRICI FAKTOR VARSA:

51

cunkd,
kaba (duzeltilmemis) RR
yanli (biased) olacaktir

Mantel-Haenszel
yontemi ile duzeltilmis
RR degeri hesaplanir
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ETKILESIM VARSA:

Tabaka 11227

E+

Calisma grubu RR= 4.0 L4 -
E+ 112 188 200
H* R E- | 48 752 800
200 800 1000 Tabaka 2: ???
50 9501000 T
E+ | 188 612 800
E- | 2 198 200

52
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ETKILESIM VARSA:
Tabaka 1. RR= 1.0

Calisma grubu RR= 4.0 L4 -

E+ 12 188 200

H*  H E- | 48 752 800

E+ | 200 800 1000 Tabaka 2: RR=23.5
E- | 50 9501000 T

E+ | 188 612 800

E- | 2 198 200
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ETKILESIM VARSA:
Ornek:
Calisma, grubunda
etken-hastalik
cinsiyete gore
fark gosterir, rolatif
gUnkU, risk degeri kadinlarda
1.0 ve erkeklerde

ortalama deger 23.5 olarak saptanmistir

dogru olmaz !
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ETKILESIM

> gergekte var

> etkenin sonuc
tzerindeki etkileri,
tc¢lncd bir
degiskenin alt
gruplarinda farkli,
RAPOR<EDILMELI

55

CONFOUNDING

> veri tabanindaki
dagtlimunbir ozelligi,
»etkenin sonuc
tzerine olan etkisini
oldugundan farkli

gosterir.
KONTROL EDILMELI
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Izlenmesi GEREKEN Adimlar...

h CONFOUNDING
S il
~ VAR

ETKILE$IM YOK- ; L
VAR A

\ YOlK  |2.KONTROL ET
1. TABARALARA GORE| | 3- KABA
RAPOR ET DEGERI VER
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