["evikeupeva [pappika Movtéda (GLM)

ETokoTtTnoN



[ EVIK HOpPON
g(ELY | X])= XD

‘KaTtavoun TNG Y oTnVv €KOETIKI OIKOYEVEIQ
*AVECAPTNTEC TTAPATNPNOEIC

*‘Evac 6poc¢ yia To o@aAua

9 () 2.UvOEeTIKN ouvapTtnon (link function)

r.X. Normal regression g(y)=y,

Poisson regression g(y)=log(y)



EKTIUNON

« Maximum Likelihood Methods

— EUpeon b T1ETOIOU WOTE VO PEYIOTOTTOIEITAI N
moOavogavela Tou povrédou  L(b| X)

— 100(1-a)% AlaoTApaTa EYTTICTOOUVNG YIA TA b}

7o\ N

bi T Zl—aIZSE (b| )

Standard Errors yia TIG eKTIMNCEIG TwV b; :
TETPAYWVIKNA pida TNG avTioTolxng Variance [aT1T0
mTivaka Variance-Covariance Twv eKTINNOEWY TwV b, —
Oivel kal Covariances Tr.X. Cov(b,,b,)]



‘EAgyxoC UTTOBEOEWY

 Likelihood ratio test
2[loglikelihood(M,,,)- loglikelihood(M,)]~X=

*Wald test B'V (6)_16 ~ sz

k: dilaoTtaon Tou b, yia k=1

/o N 7o\

b
Var (b) SE (b)

~ N(0,1)



[ pAUMIKOI CUVOUAOUOI TWV b

* [0 va KATOOKEUAOOUNE OIAOTAUATA EUTTIOTOOUVNG
YIa YPAUMPIKOUG auvOuaououg (TT.X. b,+b,, b,-by) N
VIO QVTIOTOIXO EAEYXO UTTOBECEWY XPEIACOMOOTE TN
Variance Tou ypauuIKoU ouvouaouou

— Var(b,+b,)=Var(b,)+Var(b,)+2Cov(b,,b,)
— Var(b,-b,)=Var(b,)+Var(b,)-2Cov(b,,b,)
« [evika

Var(c'b) = ¢'Var(b)c



‘EAgyxocC ypappikotTnTaC (1)

* 'EAEYXOC VIO ONUAVTIKOTNTA TTOAUOVUMIKWYV
OpWV TT.X.

. xi:logit outcome contage
Log likelihood = -451.09778

outcome | Coef. Std. Err z P>|z| [95% Conf. Interval]
_____________ _|_________________________________________________________________
contage | .0574208 .0066054 8.69 0.000 .0444745 .0703671
_cons | -4.558457 .3956411 -11.52 0.000 -5.333899 -3.783015

. xi:logit outcome contage contageZ
Log likelihood = -435.34809

outcome | Coef Std. Err z P> z| [95% Conf. Interval]
_____________ _|_________________________________________________________________
contage | .4018381 .0706098 5.69 0.000 .2634455 .5402307
contage2 | -.0029861 .0005969 -5.00 0.000 -.0041559 -.0018163
_cons | -14.0894 2.05425 -6.86 0.000 -18.11565 -10.06314



‘EAeyxoc ypauuikoTnTac (2)

* [pa@ikog 8)\£YXO§ (logit  qui xi:logit outcome i.age

predictions atro predict logcat,xb
KATNYOPIKO JOVTEAOD) gr7 logcat contage
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Logistic regression (1)

T D .
log(——)=b,+ > b.x. , 1=12,....n
g(l—ﬂ'i) 0 JZ_; ||

b, :1og(Odds) ywa.x; =0,V
b; :log(Odds Ratio)

*I'lo abdnon Tov X; kata 1 povaoo

*Av 70 X; €lvol YEVOOUETAPANTY Y10 GUYKEKPYEVT KOTyopio K
Katnyopikng uetafAntie to Odds Ratio avtictoyel oe:
Katnyopia k vs. Katnyopia ava@opag



Logistic regression (2)

Epunveia 6pwv aAAnAetTidpaonc:
‘Eotw log[mr/1-mw]=B,+B,*Tuvaikeg+B,*HAIkia+B,*(HAIKia*uvaikeg)
Avdpeg: log[tmr/1-]=B,+B,*HAIKia
['uvaikeg: log[m/1-1]=B,+B,*Muvaikeg+(B,+B;)*HAIKia
Odds Ratio yia au¢non nAikiag kata 1 xpdévo
Avopeg: exp(B,)
['uvaikeg: exp(B,+B3)

exp(Bs): NMoéoo peyaAuTtepo () pIKPOTEPO) Eival To OR 1TOU OXETI(ETON UE
augnon TnG NAIKiag Katd éva XpOVvo OTIG YUVAIKEG O OXEOT HE TO AVTIOTOIXO
TWV AVTPpWV



The model
Ellog{m/(1-m)}]= B,+B,*Age 2+B,*Age 3+B;*Age 4+B,*More 1
+B.*Age 2*More 1+B *Age 3*More 1+B.*Age 4*More 1

Age
More <25 25-29 30-39 40-49
Children (Age 1) (Age 2) (Age 3) (Age 4)
Yes exp(BotBs) | eXP(Byt BytBytBs) | eXP(Byt BotBsTPBe) exp(Byt
(More 1) B3P t+B,)
No exp(fo) exp(Bot By) exp(Bot By) exp(Bot Ba)
(More 0)
OR,

Odds Ratio for contraceptive use (More=Yes vs. More=No | Age=25-29)= exp(B,+B)
OR,
Odds Ratio for contraceptive use (More=Yes vs. More=No | Age=<25)= exp(B,)

OR,

Odds Ratio for contraceptive use (Age=25-29 vs. Age<25 | More=Yes)= exp(B,+B:)
OR,

Odds Ratio for contraceptive use (Age=25-29 vs. Age<25 | More=No)= exp(B,)




Logistic regression (3)

KuplwTepa diayvwaoTIKA

Overall goodness of fit: Pearson fj Deviance x*> ATaiTei
LEYAAO apIBud TTaPATNENCEWY ava covariate pattern. Av
QuTn N TTPUTTOBEO0N dev IKavoTrolEiTal: Hosmer-Lemeshow
goodness of fit

Residuals: Pearson, Deviance
[pagnuata: AX? i AD vs. estimated probabilities

Influence: AR



Conditional Logistic regression

*AvaAluon dedopEvwy atrd matched case-control studies (ue
OTTOI00NTTOTE Matching oxnua)

*Epunveia ocuvreAeoTwyv 0TS oTnVv aTtrAn logistic regression

[TPOXOXH: To output Tou Stata dev divel eKTiunan Tou 3, TO
OTTOIO OEV EXEI VONMUA VA EPUNVEUTEI

*Aev UEAETAPE TNV ETTIOPOCN METABANTWY TTOU £XOUV
xpnoiuotroinBei yia matching wg main effects. AvriBeTa
MTTOPOUME va JEAETACOUME OGAANAETTIOPACEIC matching
METAPANTWY PE AAAEC pETABANTEC




Multinomial Logistic regression

AvaAuon 0edONEVWY OTTOU N £€aPTNMEVN METABANTA €ival
Katnyopikn (Mn diatetayuevn). Na Y=0, 1, 2 ...k ka1 Y=0 n
KATnNyopia ava@opdg:

PY=jX) |
P(Y=0[x) | o AT X viaj=1.2, ... k
) ) gj(X)

log

7. 0)=P(Y =j[X)=-"
> e

j=0
*O1 ouvTeAeoTEC epunvevovTal we log(Relative Risk Ratios)

600 g,(x)=0

*AlayvWOTIKA OTTWG oTNV aTTAn logistic regressions yia TIg
empEPOUC auykpioelg (Y=1vs. Y=0, ..., Y=k vs. Y=0/Begg &
Gray, Biometrika, 1984)



Ordinal Logistic regression

Iog{;/j(x)/(l—;/j(x))}:zcj—,BTx ,J=1..,1-1 | =#of categories (1)

where y; = pr(Y < j|x) cumulative probability up to and including category |

Proportional-odds model: Ratio of the odds of the event
Y<] at Xx=x, and X=X, Is:

Py
7 (%) /A=7;(X,)) exp{-4" (X, —X;)}




FEMALES
P,=1/[1+exp(Bs-ky)]
P,+P,=1/[1+exp(B;-k)]

P, +P, +P;=1/[1+exp(B;i-K;)]

P,=0.36

P,=0.15

MALES
P,=1/[1+exp(-k,)]
P,+P,=1/[1+exp(-k,)]

P, +P,+P;=1/[1+exp(-k;)]




Poisson regression
E¢aptnuévn Y: counts

Iog(k):Bo+[31X1+---+[3po =1

Epunveia ouvteAeoTWV:

. Y -
Mg s b - —eP4 1t —gPa g

] 7\“] ] 7\‘1

Overdispersion (scaled deviance r) scaled Pearson chi-square
*AI6pBwon standard errors [scale(x2)]

*Negative binomial regression



