
Logisti c Regression: Overview

1. What does logistic regression do, and
how is it different from linear
regression?

2. The logistic model, the odds ratio, and
the connection to Day 1 of this class.

3. An example: a cohort study of
AlzheimerÕs disease.

4. Summarizing and interpreting logistic
regression results.



Logist ic vs. linear regression

Recall that logistic regression is used when
the outcome is dichotomous. Examples:

1. Does a participant have Alzheimer Õs?

2. Does a cancer patient respond to
therapy?

3. Does a high school student smoke?
Compare to continuous outcomes: global

cognitive function, tumor size, packs/day.



The logist ic regression model

¥ Outcome dichotomous: yes=1, no=0.
¥ Conceptual model: outcome is determined

by a process like ßipping a loaded coin.
The predictors we know about determine
how loaded the coin is, but things we
donÕt  know decide whether it comes up
heads or tails. We estimate how much a
predictor loads the coin, i.e. changes the
probability.



Example 1. Predict ors of  AD

¥ Consider a cross- sect ional, populat ion- based
st udy of  AlzheimerÕs disease in people 65
and older. We want  t o est imat e t he
prevalence (i.e. proport ion wit h AD) as a
f unct ion of  age. For each person, out come is
whet her a neurologist  diagnoses AD.
Predict or  is age (in years) at  t ime of  st udy.

¥ Ref : Evans et  al., JAMA 1989, 262: 2551- 6.



More about  t he st udy

¥ Used a community study with about
3,800 participants 65 or older. Each
received brief cognitive testing during
in-home interview.

¥ A stratiÞed random sample of ~500 was
chosen based on age, sex, and test
score. Everyone in the sample got
clinical examination, neuropsych t esting,
and uniform diagnosis of AD.



Models wit h probabilit y as out come

¥ Suppose we look at
age as a predict or  of
probabilit y of  AD.

¥ What  is wrong wit h
t he linear  regression
model approach?

¥ Look at  t he pict ure!
Probabilit ies have t o
be bet ween 0 and 1.



Bet t er model: logist ic regression

¥ We want  a model t hat  predict s probabilit ies
bet ween 0 and 1, t hat  is, S- shaped.

¥ There are lot s of  S- shaped curves. We use
t he logist ic model:

¥ Probabilit y = 1/[1 + exp(-β0- β1X) ] or
loge[P/(1-P)] = β0+ β1X

¥ The f unct ion on lef t , loge[P/(1-P)], is called
t he logist ic f unct ion.



A nice f eat ure: link t o odds rat io

¥ The f unct ion P/ (1- P) is f amiliar  f rom ear lier
in t his class. I t  is t he odds of  an event . So
we are t rying t o model how t he odds
change if  you change t he predict or . We are
j ust  working on t he log scale.

¥  β1 est imat es t he change in t he log odds f or
a one- unit  change in X. Then exp(β1) is t he
odds rat io f or  a one- unit  change in X.



Reasons t o like odds rat ios

¥ You can estimate odds ratios from many
different study designs: case-control,
cross-sectional, cohort studies. So you
can compare across studies.

¥ Logistic regression can estimate the odds
ratio adjusted for other variables, using
multiple logistic regression.

¥ Gives you two ways to check Þndings.



Example of  logist ic model:

¥ Logit  (Probabilit y of
AD) = - 6.1 + 0.12x
(Years past  65 in
age)

¥ Log odds of  AD at
age 65 = - 6.1 or  odds
= 0.02.

¥ For every year older,
odds go up 12%.



More on AD prevalence

¥ The point e sti mate s te ll you th at th e
likelihood of  a person having AD increases
dramati cally with  age (OR = 1.12 per year
older, th at i s, 12% increase i n th e odds f or
every year older.)

¥ This i s not l ikely to b e due to c hance. The
P-value i s < 0.001.

¥ A 95% CI  i s r oughly betw een 10 and 14%.



Limits of cross-sectional studies of AD

¥ This study gave Þrst population-based
estimates of prevalence of AD - 10% in
people 65 and older, 47% over age 85.

¥ Why do some people get AD and not
others? Need to study risk factors. But
we worry about getting history
retrospectively in a disease with memory
loss as key symptom. Better: prospective,
cohort study.



New example: I ncident  AD

¥ Using t he same East  Bost on st udy as t he
prevalent  AD example, we ident iÞed a
disease- f ree cohort . (Eit her saw a
neurologist  who said t hey didnÕt  have AD, or
had very good t est  perf ormance.)

¥ Followed 4 years, sampled t he cohort , and
sample got  t he same clinical evaluat ion and
AD diagnosis procedure used at  baseline.



A mult ivaria t e logist ic regression

¥ Ref : Hebert  et  al. Am J Epidem 1992, p347.
¥ Out come: incident  AD, onset  since baseline.
¥ Predict ors included in model:

ÐAge (MUST be in, dominant  predict or .)
ÐSex
ÐSmoking (ever smoked)
ÐAlcohol use (none; ounces per day if  used)
ÐEducat ion in years



Results  of  analysis

Predictor Coefficient P value

Age 0.12 P<0.001

Sex (Male) 0.17 P=0.7 (NS)

Ever smoked -0.43 P=0.3 (NS)

No alcohol 0.38 P=0.3 (NS)

Education, yrs -0.17 P<0.001



Summary  of  result s

¥ Age: As expected, the incidence of AD
went up with age. For every year older
the log odds went up 0.12 or odds about
12% per year (3.3 fold for 10 years
older, 95% CI 2.0-5.2).

¥ Education: For every year more formal
education, the log odds of AD went down
0.17 (about 50% drop in odds per 4 yrs
ed.)



More result s

¥ Smoking looks a lit t le prot ect ive (odds lower
f or  people who ever smoked) but  it  is not
st at ist ically signiÞcant .

¥ Similar ly, odds are a lit t le higher if  you
didnÕt  dr ink t han if  you do, but  t hey go up
wit h each ounce you dr ink past  j ust  a l it t le
bit . But  not  st at ist ically signiÞcant .

¥ Bot h result s could easily be chance.



What  did we assume?

¥ I ncrease in log odds is same across ent ire
range of  ages in st udy (12% per year older
no mat t er  which year).

¥ Decrease in r isk f or  complet ing one more
year of  school is same no mat t er  which
year you complet ed.

¥ Predict ors can be examined independent ly.
¥ Each assumpt ion can & should be checked!



Summary : regression models

¥ Regression models descr ibe t he average
ef f ect  of  predict ors on out comes in your
dat a set .

¥ They t ell how likely t hat  t he ef f ect  is j ust
due t o chance.

¥ They look at  each predict or  Òadj ust ing f orÓ
t he ot hers (est imat ing what  would happen if
all ot hers were held const ant .)


