##  Multivariate logistic regression - including conditional. ICUDAT - Lawrence Joseph - McGill University 
## (External data required: access or download data: 3-icudat.txt)
## no libraries 
## uses constructed function: logistic.regression.or.ci
##  Multiple Logistic Regression Examples
##  

##  We will look at three examples:
##  

##  • Logistic regression with dummy or indicator variables
##  • Logistic regression with many variables
##  • Logistic regression with interaction terms
##  

##  In all cases, we will follow a similar procedure to that followed for multiple linear
##  regression:
##  

##  1. Look at various descriptive statistics to get a feel for the data. For logistic
##  regression, this usually includes looking at descriptive statistics, for example
##  within “outcome = yes = 1” versus “outcome = no = 0” subgroups.
##  

##  2. The above “by outcome group” descriptive statistics are often sufficient for
##  discrete covariates, but you may want to prepare some graphics for continuous
##  variables.
##  

##  3. For all continuous variables being considered, calculate a correlation matrix of
##  each variable against each other variable. This allows one to begin to investigate
##  possible confounding and collinearity.
##  

##  4. Similarly, for each categorical/continous independent variable pair, look at the
##  values for the continuous variable in each category of the other variable.
##  

##  5. Finally, create tables for all categorical/categorical independent variable pairs.
##  

##  6. Perform a separate univariate logistic regression for each independent variable.
##  This begins to investigate confounding (we will see in more detail next class),
##  as well as providing an initial “unadjusted” view of the importance of each
##  variable, by itself.
##  

##  7. Think about any “interaction terms” that you may want to try in the model.
##  

##  8. Perform some sort of model selection technique, or, often much better, think
##  about avoiding any strict model selection by finding a set of models that seem
##  to have something to contribute to overall conclusions.
##  

##  9. Based on all work done, draw some inferences and conclusions. Carefully interpret
##  each estimated parameter, perform “model criticism”, possibly repeating
##  some of the above steps (for example, run further models), as needed.
##  

##  10. Other inferences, such as predictions for future observations, and so on.
##  

##  The above should not be considered as “rules”, but rather as a rough guide as to how to proceed through a logistic regression analysis.
##  

##  Logistic regression with dummy or indicator variables
##  
##  Chapter 1 (section 1.6.1) of Hosmer and Lemeshow 2000 (Applied Logistic Regression, Second 
##  Edition) described a data set called ICU. Deleting the ID variable, there are 20 variables in this data set, 
##  which we describe in the table below:
##  
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##  Function used:
logistic.regression.or.ci <- function(regress.out, level=0.95)

{

################################################################

#                                                              #

#  This function takes the output from a glm                   #

#  (logistic model) command in R and provides not              #

#  only the usual output from the summary command, but         #

#  adds confidence intervals for all coefficients and OR's.    #

#                                                              #

#  This version accommodates multiple regression parameters    #

#                                                              #

################################################################

usual.output <- summary(regress.out)

z.quantile <- qnorm(1-(1-level)/2)

number.vars <- length(regress.out$coefficients)

OR <- exp(regress.out$coefficients[-1])

temp.store.result <- matrix(rep(NA, number.vars*2), nrow=number.vars)

for(i in 1:number.vars)

{

      temp.store.result[i,] <- summary(regress.out)$coefficients[i] +

      c(-1, 1) * z.quantile * summary(regress.out)$coefficients[i+number.vars]

}

  intercept.ci <- temp.store.result[1,]

  slopes.ci <- temp.store.result[-1,]

  OR.ci <- exp(slopes.ci)

  output <- list(regression.table = usual.output, intercept.ci = intercept.ci,

              slopes.ci = slopes.ci, OR=OR, OR.ci = OR.ci)

return(output)

}

## Read data:
icu.dat <- read.table("http://www.medicine.mcgill.ca/epidemiology/joseph/courses/EPIB-621/icudat.txt", header = TRUE) 
##  If the above data access doesn't work, then you can download 3-icudat.doc from: https://cmbpum.wordpress.com/statistics-data/ and  save as .txt file. Then find path eg. on Mac drag icon to terminal, and write into following function instead of .....path.....(Change backslashes to forward (to same as internet slashes). Then use:
##  icu.dat <- read.table(file=".....path...../3-icudat.txt", header = T)

# Take a quick look at the data

summary(icu.dat)
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# Create the subset of variables we need
icu1.dat <- data.frame(sta=icu.dat$sta, loc=icu.dat$loc, sex=icu.dat$sex, ser=icu.dat$ser)

# Look at reduced data set

summary(icu1.dat)
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# Notice that loc, sex, and ser need to be made into factor variables

icu1.dat <- data.frame(sta=icu.dat$sta, loc=as.factor(icu.dat$loc), sex=as.factor(icu.dat$sex), ser=as.factor(icu.dat$ser))

# Look at reduced data set again, this time with factor variables

summary(icu1.dat)
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# Preliminary comments:

##

- Not too many events, only 20% rate

##

- loc may not be too useful, poor variability

##

- sex and ser reasonably well balanced

# Create two by two tables of all variables, V1 = side, V2 = top
table(icu1.dat$sta, icu1.dat$sex)
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# Not much difference observed

# (death rates: M 24/124= 0.19 ~ F 16/76 = 0.21)
table(icu1.dat$sta, icu1.dat$ser)
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# Fewer deaths (sta=1) at the surgical unit (ser=1),

# OR = 67*14/(26*93) = 0.39

table(icu1.dat$sta, icu1.dat$loc)
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# Probably very low accuracy here,

# but many more deaths in cats 1 and 2.
table(icu1.dat$sex, icu1.dat$ser)
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# A bit, but not too much potential for confounding here,

# especially since effect of sex is not strong to begin with
table(icu1.dat$sex, icu1.dat$loc)
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# Too few data points to say much, maybe females

# have higher values of loc
table(icu1.dat$ser, icu1.dat$loc)
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# Again hard to say much

# Overall, loc does not look too useful, not much

# effect from any of these variables except maybe for ser.
# Simple logistic regression for each variable:
output <- glm(sta ~ sex, data=icu1.dat, family=binomial)

logistic.regression.or.ci(output)
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# Very wide CI, result is inconclusive for sex covariate,

# as both endpoints of potential clinical interest.
output <- glm(sta ~ ser, data=icu1.dat, family=binomial)
logistic.regression.or.ci(output)
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# OR < 1, being in surgical unit may save lives,

# CI shows at least a 20% effect (approximately).
output <- glm(sta ~ loc, data=icu1.dat, family=binomial)
logistic.regression.or.ci(output)
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# As we suspected, too few data points to analyze this variable

# results are completely non-informative
# Drop loc from further analyses
# Multivariate logistic model for sex and ser
output <- glm(sta ~ sex + ser, data=icu1.dat, family=binomial)
logistic.regression.or.ci(output)
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# Almost identical results as for univariate model

# As we suspected, no confounding.
# Overall conclusion: Service at ICU Admission (ser)

# seems to be associated with a strong effect, the

# surgical unit being associated with fewer deaths

# (OR = 0.39, 95% CI = (.19, 0.80). Nothing much

# can be said about sex or loc, results are inconclusive.
# Can predict some death rates depending on sex/ser categories:
# Create a data set for all possible category combinations:
newdata <- data.frame(sex=as.factor(c(0,0,1,1)), ser=as.factor(c(0,1,0,1)))

newdata
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# Predict outcome probabilities for these four categories:
predict(output, newdata=newdata)
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# Above are on the logit scale, more useful to do this:
predict(output, newdata=newdata, type="response")
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# Above are predictions on probability scale.

# Can see poor results when ser = 0, two sexes are similar in rate.
##  Logistic regression example with many variables
##  We will continue with the same example, but now consider many more variables,
##  including both categorical and continuous variables.
##  Very shortly, we will see an excellent way to simultaneously select a model and to
##  investigate confounding in data sets with a large number of variables. For now, we
##  will take a quick look at logistic regression using four variables from the ICU data
##  set: Age, sex, ser, and typ.
# Create the reduced data set we will use:
icu2.dat <- data.frame(sta=icu.dat$sta, sex=as.factor(icu.dat$sex),

ser=as.factor(icu.dat$ser), age = icu.dat$age, typ=as.factor(icu.dat$typ))
# Check descriptive statistics

summary(icu2.dat)
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# Quick look at correlations

# Check effect of age and typ, two variables we did

# not look at before
table(icu2.dat$sta, icu2.dat$typ)
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# Looks like a large effect: those presenting at

# emergency (typ=1) have a much higher death rate.
# Let’s also look at a table between ser and typ:
table(icu2.dat$ser, icu2.dat$typ)
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# Looks like there could be some confounding here,

# these are strongly related.
# Check the association between age and the outcome, sta
dev.new()

boxplot(list(icu2.dat$age[icu2.dat$sta==0], icu2.dat$age[icu2.dat$sta==1]))
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##  It looks like those with higher ages also have higher death rates.

##  Let’s look at a regression with all five variables included:
output <- glm(sta ~ sex + ser + age + typ, data=icu2.dat, family=binomial)
logistic.regression.or.ci(output)
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##  As expected, age has a strong effect, with an odds ratio of 1.035 per year, or 1.03510 =
##  1.41 per decade (95% CI per year of (1.013, 1.058), so (1.138, 1.757) per decade). Typ
##  also has a very strong effect, with a CI of at least 2.
##  There does indeed seem to be some confounding between ser and typ, as the coefficient
##  estimate for ser has changed drastically from when typ was not in the model. In fact,
##  ser no longer looks “important”, it has been “replaced” by typ. Because of the high
##  correlation between ser and typ, it is difficult to separate out the effects of these two
##  variables.
##  Logistic regression with interaction terms
##  Going back to the example where we had just sex and ser in the model, what if we
##  wanted to investigate an interaction term between these two variables?
##  So far, we have seen that ser is associated with a strong effect, but the effect of sex
##  was inconclusive. But, what if the effect of ser is different among males and females,
##  i.e., what if we have an interaction (or sometimes called effect modification) between
##  sex and ser?

##  Here is how to investigate this for logistic regression in R:
# Create the variable that will be used in the interaction:

# Create a blank vector to store new variable
ser.sex <- rep(0, length(icu1.dat$ser))
# Change value to 1 when both ser and sex are one
for (i in 1:length(icu1.dat$ser)) {if (icu1.dat$ser[i] == 1 & icu1.dat$sex[i] == 1) ser.sex[i] <- 1 }
# Check new variable
ser.sex
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# Add new variable to data.frame,

# since all 0/1, do not bother with factors here
icu3.dat <- data.frame(sta = icu1.dat$sta, ser = icu1.dat$ser, sex = icu1.dat$sex, ser.sex = ser.sex)

summary(icu3.dat)
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##  Estimate the logistic regression model with interaction:
output <- glm(sta ~ sex + ser + ser.sex, data=icu3.dat, family=binomial)
logistic.regression.or.ci(output)
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# Looking at the confidence interval, the result is inconclusive,

# but we can certainly not rule out an interaction term, OR = 3.22.
# Possibly some confounding as well, so cannot conclude any strong result.
##  Note on ORs in presence of confounding
##  Note that one needs to be careful in interpreting the Odds Ratios from the above
##  outputs, because of the interaction term.
##  The OR given above for the sex variable, 0.653, applies only within the medical service
##  (coded as 0 in the ser variable), and the OR given above for ser, 0.242, applies only
##  within males (coded 0 in the sex variable).
##  In order to obtain the OR for sex within the ser = 1 (surgical category), or to
##  obtain the OR for ser within females (sex = 1), one need to multiple by the OR from
##  the interaction term. Hence, we have:
##  OR for ser within females = 0.242 * 3.22 = 0.779.
##  OR for sex within surgical unit = 0.653 * 3.22 = 2.10.
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