Logistic Regression - Part 2

1.1 Logistic Regression

LOGISTIC REGRESSION

Model Presentation Strategies

We continue our series on logistic regression by now
reviewing model presentation strategies that
incorporate the topics of confounding and effect
modification.

1.2 What we will cover this unit:

) What we will cover this unit: ,

I. What is Logistic Regression
Il.Multivariate logistic regression
Ill. Notes on handling confounding
IV. Notes on handling effect modification
V. Model Presentation Strategy with
examples from the literature
V.1 basic epidemiologic studies
V.2 a study looking at confounding
V.3. studies looking at effect modification
VI. Tying it together: an imaginary analysis

In the game of bridge, a saying goes that “Every hand
is different.” It's the same for data analysis. There is
an art involved in summarizing data well, and the
summary may depend quite a lot on the questions
being posed and the data itself.




1.3 V-I. Basic Epidemiological Studies

: _ If our hypothesis involves the association of one
V-1, Basic Epidemiological Studies . .
primary exposure and one primary outcome, all

manuscripts should minimally contain components A
and B below. Most will contain C.
A B C L
A crude measure of Afully adjusted Other summary A. A crude measure of association or a table from
association or a measure of statistics needed to which one could easily calculate a crude measure of
table fromwhich association with 95% | answer the research association or a minimally adjusted measure of
onecouldeasily | confidenceintervals || question or darify association eg: age-adjusted measure of association.
calculate a crude the answer further L
RIS | Transparency, however, should always be optimized.
association or a The reader should be able to see clearly what you
minimally adjusted ‘ have. For example if both the exposure and outcome
measure of are dichotomous then, the reader should be able to
association easily tell the number of people in each cell of the
: “1 | 2x2 table, even if it’s not presented as a 2x2 table. In
a cohort study, the reader should easily be able to

tell the number of events and the person-years of
follow-up in each exposure group.

and

B. A fully adjusted measure of association with 95%
confidence intervals.

C. Other summary statistics needed to answer the
research question or clarify the answer further.

1.4 V-I. Basic Epidemiological Studies

_ _ If we go back to our toothpaste example, we wanted
V-1, Basic Epidemiological Studies . .
to know if (1) there were differences among

(1) Were there differences among l(JOlhpahlL‘S? tooth pastes and (2) |f ohe tooth paste was better for
2) W: > tootl > or f sn while another was better f .
(2) Was one toothpaste bette rwz:]::;: while another was better for men while another was better for women. We
decide to present the data as follows: (Note we have
Table 2. Odds ratios for the association of toothpaste brand with loss of tooth enamel . . . .
to run main effects models without interaction
Crude Adjusted for Gender Th h | . Al
OR 95% Confidence Limits OR 95% Confidence Limits terms €se were nOt shown earlier. sowe
Sidecoo! 1,000 (ref) 1,000 {ref) assume that all relevant counts were already given in
hymint 3929 (3405, 4534) 3951 (3424, 4.560)
Spearmoerow 2983 (2607, 3413) 2998 (2616, 3.426) Table 1).
gy R This table 2 presents the essential components - the
hoymint 4295 (3569, 5.169) crude odds ratios and the adjusted odds ratio
Spearmorrow 3210 (2,697, 3.820)
7
Aming Mea Only Let’s now look at some real examples from the
Faocodt 1000 {ees) literature. In each of the following examples, note
hymint 3473 (2.769, 4.35%) . )
Spearmoerow 2686 (2170, 3.324) the research question being asked and exactly how
the authors chose to present their primary results.

Please read everything, including and especially the
footnotes on the tables.




1.5 V-I. Basic Epidemiological Studies — Example 1

We start by looking at an example from the literature
of a basic epidemiological study. The paper is entitled
substance use and related harms among adolescents
with and without traumatic brain injury. The
objective was to look at the relationship between
self-reported lifetime traumatic brain injury (TBI) and
drug and alcohol use and

associated harms, using an epidemiological sample of
Canadian adolescents.

Click on the slide or click the resources table to view
the PDF of this article. We highlighted the area that
responds to Table 2. What do we see in this table?

The prevalence and adjusted odds of substance use
according to TBI status. So we are able to calculate
the crude OR if we wanted, and then we have the
adjusted model presented.

1.6 V-I. Basic Epidemiological Studies — Example 2

Now let’s look at a 2nd example. This comes from an
article titled, Mental health status and quality of life
in undiagnosed glaucoma patients: a nationwide
population based study.

Click on the slide or in the resource tab to get the
article by Jung et al.

So the objective of this study was to investigate the
association between mental health status or QoL and
undiagnosed glaucoma, along with the effects of
visual acuity or visual field damage.

The area of the results we want to highlight come
from Table 3, which presents the differences in
psychological health and QoL between the subjects
with and without glaucoma after adjusting for age
(Model 1) and age, sex, body mass index, diabetes,
hypertension, income status, education level, marital
status, and regular exercise (Model 2: demographic
factors with P value <0.05 in univariate analyses). In
both Models 1 and 2, glaucoma subjects were more
likely than those without glaucoma to have some or
severe problems with anxiety/depression (Model 1:
OR, 1.71; 95% ClI 1.23-2.39, Model 2: OR 1.77; 95% Cl,
1.26-2.49)

As we look at this table, what are the 1’s under the
no glaucoma column?




A. The author was probably using them to denote
that the odds ratios for glaucoma vs no glaucoma (i.e.
no glaucoma is the reference group), but the column
is probably unnecessary.

1.7 What we will cover this unit:

What we will cover this unit:

I. What is Logistic Regression
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Ill. Notes on handling confounding
IV. Notes on handling effect modification
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VI. Tying it together: an imaginary analysis

Now let’s look at an example of a study looking at
confounding.

1.8 V-2. Confounding Example

Schwartz SW, Comoni-Huntiey | Cole SR Hays JC. Blazer DG, Schocken DD, Are sleep

complaints an independent risk factor for myocardial infarction?. Aanals of Epidemiology.
B(6£384-92, 1998 Aug,
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Now let’s look at an example of investigating and
presenting confounding in an article. This comes from
an article titled, Are sleep complaints an independent
risk factor for myocardial infarction.

Click on the slide or in the resource tab to get the
article by Schwartz et al. We highlighted the areas in
yellow that are important for you to read.

The stated objective to this study was to investigate
whether subjective sleep complaints are an
independent predictor of myocardial infarction (Ml)
in a community of older adults and to gain clues as to
why the association between sleep complaints and
incident Ml exists.

From the Methods: Nineteen variables were
evaluated to determine if they could explain the
sleep-complaint-Ml association. , and these were
grouped into three larger groups (socioeconomic,
health related, and psychosocial). In addition to a
basic model adjusting for age, gender, and race
(Model 1), we then defined three models,




corresponding to our covariate groups, that is, a
socioeconomic model (Model 2), a health-related
model (Model 3), and a psychosocial model (Model
4). Age, gender, and race were not subjected to
screening and were included in all models.

Covariates were screened in two stages, which you
can read in detail in the article.

From the Results: Results of our screening for
confounders are presented in Table 3. Nine variables
met the criterion of being associated with Ml and at
least one sleep question. ...Of the nine potential
confounders, four (education, depression, number of
prescription medicines, and self rated health)
remained confounders after stage Il screening.

1.9 V-2. Confounding Example

V-2. Confounding Example

TABLE & F

To allow for direct comparison among the IDRs, only
persons with complete data for the four covariates
were included in the final models (Table 4).

*1. In Table 4, odds ratios are given per unit of a
sleep study and per five units of the sleep scale. How
is this done?

Answer: the general formula for the odds ratio fora 5
unit change is simply exp(5B) where B is the
coefficient for the sleep scale such that OR per unit =

exp(B).




Proof:
For a 5 unit difference, we get the odds ratio for X+5 versus X.

Numerator is X+5; calculate log[(l p )]”5 =a+ (X +5) (Equation 1)
—P,
p
(1-p)

Denominator is X; calculate log[ ly=a+ B(X) (Equation 2)

Now subtract equation 2 from equation 1.

p p
o log[——— i —log[———1], =5
el P s Tees ~loal P51 =56

You can use the units statement in Proc logistic to get an
odds ratio for multiple units of an independent variable
For example:

Units sleepscale = 5;

A V.

Proof

1.10 V-2. Confounding Example

TABLE 4 d (rod S od e s f

What is at least partially responsible for
the observation that sleep complaints are
L associated with heart disease? J

2. Based on table 4 above, what is at least partially
responsible for the observation that sleep complaints
are associated with heart disease?

Multiple choice
A. Physical health
B. Mental health

*C. Both physical and mental health. Compare Model
1 to Models 3, 4 and 5.




1.11 What we will cover this unit:

Now let’s look at a couple examples of effect
What we will cover this unit: — . - .
modification with a logistic regression study.
I. What is Logistic Regression
Il.Multivariate logistic regression
Ill. Notes on handling confounding
IV. Notes on handling effect modification
V. Model Presentation Strategy with
examples from the literature
V.1 basic epidemiologic studies
V.2 a study looking at confounding
V.3. studies looking at effect modification
VI. Tying it together: an imaginary analysis

1.12 V-3. Effect Modification — Example 1

Let’s now look at a simple example to examine effect
modification.

Krajcoviechova, A., et al, “Tobacco smoking strongly modifies the association of .
prothrombin G20210A with undetermined stroke: Consecutive survivors and Please click on the screen or the resource tab to get

POPUSION-NSac ContOfe.> déeraRierosii20.2 (201 5k 452, the article. You will want to read some of the

background we’ve highlighted in the paper so you
have some context for the purpose of this study.

Bencher  MITHNOEIA « —— BL0MINCI20 - 20TT) pe O

Smoker raiTHINEIA - ATT R CIN 1327, p=0 01
For the objective the authors state, “We evaluated

Nonameker s 1THE3A « 047 (95% C10.13- 508 p + 0.88 the differences in the distribution of rs6025 and
rs1799963 polymorphisms according to ischemic

Notamoher rtPEIo6A - Reterorcs
. - stroke subtypes and their interaction with smoking.”

oo 01 1 1 we

Dbte e fon s Again, | suggest reading some background so you
15 1 Muliviriate afinomed pdds tete of 1rohe of undearrrenal wdape sooending fo snolang Mates and r EPP9M) , .
know what’s going on.

From the Methods: ...interaction terms between
smoking and carriage of at least one copy of the
respective A allele (rs1799963, rs6025; regardless of
homozygosity or heterozygosity) were tested in
multivariate adjusted logistic regression. The odds
ratio of undetermined stroke was calculated
according to smoking status and carriage of the
rs1799963A allele, using non-smokers non-carriers as
reference category, and adjusting for other
cardiovascular risk factors.

Figure 1 shows the multivariate adjusted odds ratio
of stroke according to smoking status and subtype.




1.13 This study was a case-control study done in consecutive patients and community

controls. It is obvious from the graph that the odds ratio for smokers with the allele is much

higher than for the other three groups. What information probably cannot be assumed or

(determined by the authors) from this study as is, and would be nice to know?
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study 35 IS, 3NG WOUID DE NICE 10 KNOWT "% 5 s st s o e o st e st & sy o st s
A Since this was a retrospective study, we don’t know whether the combination of smoking
and the allele are synergistic In risk of an Initial stroke
B. Because a person who has had a stroke already has significant carotid atherosclerotic
disease, we don’t know if the combination of smoking and the allele are synergistic in risk
of 3 second stroke in patients who have had an initial stroke.
C. We don't know whether the effectiveness of stroke prevention techniques induding
surgical techniques are modified by the allele,
® Band(,
. 4

This study was a case-control study done in
consecutive patients and community controls. Itis
obvious from the graph that the odds ratio for
smokers with the allele is much higher than for the
other three groups. What information probably
cannot be assumed or (determined by the authors)
from this study as is, and would be nice to know?

1.14 V-3. Effect Modification — Example 2

Schwartz SW, Carlucci €, Chambless LE, Rosamond WD. Synergism between
smoking and vital exhaustion In the risk of ischemic stroke: evidence from the ARIC
study. Annals of Epidemiology 2004; 14(6): 416424
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On to our next example. Again, click on the slide or
click on the resources tab to access the file labeled
Schwartz 2. This is our second effect modification
example.

Note that in this study Hazard ratios are similar in
meaning to incidence density ratios. They are
computed using Proc PHREG in SAS. However once
you have the output, you can work it exactly the way
that you would work with the logistic output. The
only difference is that exp( B) =hazard ratio instead of
the odds ratio.

The objective of this study was to examine the
synergism between vital exhaustion and cigarette
smoking in producing ischemic stroke.

Vital exhaustion (VE), a state characterized by
unusual fatigue, irritability, and feelings of
demoralization, was measured by a 21-item
inventory of symptoms.

Table 3 shows us smoking-related hazard ratios
overall and by category of vital exhaustion. Models 1




and 2 included main effects of VE and smoking

categories and four interaction terms created by
crossing VE tertile with smoking status category.

1.15 V-3. Effect Modification — Example 2

V-3. Effect Modification - Example 2

Schwartz SW, Carlucci €, Chambless LE, Rosamond WD. Synergism between

smoking and vital exhaustion in the risk of ischemic stroke: evidence from the ARIC

study. Annals of Epidemiology 2004; 14(6). 416424

TABLE 4. A

Model 3 repeated Model 2 for current and former
smokers only and also adjusted for pack-years. It was
run to adjust VE results for quantity of smoking
among former and current smokers.

1.16 V-3. Effect Modification — Example 2

V-3. Effect Modification - Example 2

Schwartz SW, Carlucci €, Chambless LE, Rosamond WD. Synergism between

smoking and vital exhaustion in the risk of ischemic stroke: evidence from the ARIC

study. Annals of Epidemiology 2004; 14(6): 416424

TAME S, Adw hax

In this study, wwo interaction terms, (current
smoking X middle VE and current smoking X high VE)
were also included. By definition, synergism means
that the combined effects of two factors on an
outcome is greater than the sum of the two
individual effects, not necessarily the product (36).

Rothman and others have argued that regardless of
model, interaction between two risk factors should
be assessed on an additive scale as the impactin
terms of number of excess cases (attributable risk)
depends on the risk difference rather than the
relative risk. (37, 38). Thus, this article assesses the
presence of interaction on the additive scale and
employs the relative excess risk due to interaction
(RERI) calculation as a summary statistic. RERI
represents risk that is in excess of what would be
expected if the combination of two risk factors
resulted in interaction of a purely additive nature.

In a proportional hazards model, testing the
hypothesis that the B coefficient of the interaction
term is zero is testing that the HR for those with both




factors is equal to the product of the HR for the first
factor times the HR for the second factor, which is a
greater quantity than the sum.

In terms of the model coefficients, RERI is calculated
as e(B1+ B2+B3) -e(B1) -e(B2) + 1 where e denotes
the exponent, and 1, B2, and B3 are the coefficients
from the model for specified levels of VE and
smoking, and their interaction respectively. We
tested the hypothesis RERI = 0 by a z-test (normal
distribution). We then expressed RERI as a percent of
total excess risk when both factors are present (i.e.
RERI% ={RERI/[HR(AB) - 1]} X 100. RERI% is the
proportion of disease burden caused by two factors
that can be attributed to their interaction.

We see that the RERI of 81% represents the excess
burden of disease associated with current smoking
and VE is attributed to their interaction.

For people with moderate VE, this excess risk is larger
at 93%.
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This concludes our review of a few examples
presenting logistic regression data. | suggest you take
some time to review these articles we’ve highlighted.
As an epidemiologist, you will be expected to run
similar anlayses of data of your own, and present
them in a similar manner.




