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SESSION 1: BASIC EPIDEMIOLOGICAL CONCEPTS RELATED TO RISK ASSESSMENT.

SESSION 2: ANALYSIS OF THE CHAKDHA DATASET
SESSION 3: SAMPLE SIZE CALCULATION IN EPIDEMIOLOGICAL STUDIES.

SESSION 1: INTRODUCTION TO
SOME BASIC EPIDEMIOLOGICAL

CONCEPTS BASED ON A DATASET

ON OUTBREAK INVESTIGATION.
Tutorial 

Objectives:

· To familiarize participants with basic epidemiological concepts such as risk, odds ratios, confounding etc.

· To demonstrate these concepts in the context of outbreak analysis using a real dataset.

Outbreak

· An increase in the occurrence of a complication or disease above the background rate

results

An unusual outbreak of food poisoning.
Thaikruea, L., Pataraarechachai, J., Savanpunyalert, P., Naluponjiragul, U. 
Southeast Asian Journal of Tropical Medicine and Public Health, 1995, 26. 78-85. 

ABSTRACT

On August 25, 1990, over 400 people who attended a Thailand disabled persons' sport's day at a provincial physical education college developed gastrointestinal symptoms after having dinner. All 1210 persons who attended the sport's day were interviewed. In addition, an environmental survey, laboratory analysis of food samples, and rectal, ear, throat and nasal swabs from food handlers were also performed. A case was defined as a person who ate any items of dinner food and experienced vomiting, nausea, abdominal pain, and diarrhoea. There were 485 cases out of 1094 persons, an attack rate of 43%. Interviews were completed for 470 out of 485 cases. The 3 most common symptoms were nausea (93%), vomiting (88%), and abdominal pain (81.5%). The mean incubation period was 3.20 hours. Three out of 4 items of food had a significant association with illness. Among these 3 items, eclairs had the highest crude relative risk, 7.0 (95% CI = 4.8, 10.2). For statistical analysis, logistic regression by an unconditional method was used, and found that only eclairs which were prepared during the night before the dinner and kept at room temperature for at least 12 hours before serving, remained statistically significant in the model (RR = 11.96; 95% CI = 9-22). Laboratory examination of foods and food handlers indicated heavy growth of Staphylococcus aureus producing toxins A and C and Bacillus cereus in eclairs. Culture of nasal swabs from healthy food handlers identified B. cereus and S. aureus of different phage types from those in eclairs. The incubation period, symptoms, and the laboratory results suggested that enterotoxin produced by S. aureus or B. cereus was the most likely responsible agent for this outbreak caused by improper food handling practices.

An outbreak investigation is a commonly assigned task to an epidemiologist. This

tutorial illustrates how to analyse such data. 

Loading and viewing the data

The dataset is called Outbreak. Let us look at the data. Copy and paste the following at the R console. You will need to have the epicalc library installed on your machine for the code to work. You can do this by copying the file epicalc.zip on your machine, opening R by clicking on the ‘R’ icon on your desktop and choosing the option ‘Install from local zip file’ on the ‘package’ tab in R.

 library(epicalc)

 zap()

 data(Outbreak)

 use(Outbreak)

 des()
 Most variable names are self-explanatory. Variables are coded as 0 = no, 1 = yes and 9 = missing/unknown for three food items consumed by participants: 'beefcurry' (beef curry), 'saltegg' (salted eggs) and 'water'. Also on the menu were eclairs, a finger-shaped iced cake filled with cream. This variable records the number of pieces eaten by each participant. Missing values were coded as follows: 88 = "ate but do not remember how much", while code 90 represents totally missing information. Some participants experienced gastrointestinal symptoms, such as: nausea, vomiting, abdominal pain and diarrhea. The ages of each participant are recorded in years with 99 representing a missing value. The variables 'exptime' and 'onset' are the exposure and onset times, which are in character format.

Next type summ() to get the data summaries:

Case definition

It was agreed among the investigators that a case should be defined as a person who

had any of the four symptoms: 'nausea', 'vomiting', 'abdpain' or 'diarrhea'. 

A case can then by computed as follows:

case <- (nausea==1)|(vomiting==1)|(abdpain==1)|(diarrhea==1)

To incorporate this new variable into .data, we use the function label.var.

label.var(case, "diseased")

The variable 'case' is now incorporated into .data as the 14th variable together

with a variable description. To see this type

des()

Timing of exposure

For the exposure time, first look at the structure of this variable.

str(exptime)

The values of this variable contain fourteen digits. The first four digits represent the

year in the Buddhist Era (B.E.) calendar, which is equal to A.D. + 543. The 5th and

6th digits contain the two digits representing the month, the 7th and 8th represent the

day, 9th and 10th hour, 11th and 12th minute and 13th and 14th second.

day.exptime <- substr(exptime, 7, 8)

The R command substr (from substring), extracts parts of character vectors.

First, let's look at the day of exposure.

tab1(day.exptime)

The day of exposure was 25th of August for all records (ignoring the 39 missing

values). We can extract the exposure time in a similar fashion.

hr.exptime <- substr(exptime, 9, 10)

tab1(hr.exptime)

All values seem acceptable, with the mode at 18 hours.

min.exptime <- substr(exptime, 11, 12)

tab1(min.exptime)

These are also acceptable, although note that most minutes have been rounded to

the nearest hour or half hour. The time of exposure can now be calculated.

time.expose <- ISOdatetime(year=1990, month=8, day=

day.exptime, hour=hr.exptime, min=min.exptime, sec=0)

Then, the variable is labelled in order to integrate it into the default data frame.

label.var(time.expose, "time of exposure")

summ(time.expose)

A dotplot can also be produced:

dotplot(time.expose)
Almost all the exposure times were during dinner; between 6 and 7 o'clock, while only a few were during the lunchtime.
Timing the onset

Exploration of the data reveals that three non-cases have non-blank onset times.

sum(!is.na(onset[!case])) # 3

For simplicitiy we will make sure that the 'onset' variable is exclusively used for

cases only.

onset[!case] <- NA

The extraction of symptom onset times is similar to that for time of exposure.

day.onset <- substr(onset, 7, 8)

tab1(day.onset)
Of the subjects interviewed, 57.8% had a missing 'onset' and subsequently on the

derived variable 'day.onset'. This was due to either having no symptoms or the

subject could not remember. Among those who reported the time, 429 had the onset

on the 25th August. The remaining 33 had it on the day after.

hr.onset <- substr(onset, 9, 10)

tab1(hr.onset)

min.onset <- substr(onset, 11, 12)

tab1(min.onset)

time.onset <- ISOdatetime(year = 1990, month = 8, day =

day.onset, hour = hr.onset, min = min.onset, sec=0, tz="")

label.var(time.onset, "time of onset")

summ(time.onset)

The upper part of the graph is empty due to the many missing values.

Perhaps a better visual display can be obtained wth a dotplot.

dotplot(time.onset)

The earliest case had the onset at 3pm in the afternoon of August 25. The

majority of cases had the onset in the late evening. By the next morning, only a few

cases were seen. The last reported case occurred at 9am on August 26.

Incubation period

The analysis for incubation period is straightforward.

incubation.period <- time.onset - time.expose

label.var(incubation.period, "incubation period")

summ(incubation.period)

dotplot(incubation.period, las=1)

Incubation period has a median of 3.5 hours with right skewness.

Paired plot

We now try putting the exposure and onset times in the same graph. A sorted graph

usually gives more information, so the whole data frame is now sorted.

sortBy(time.expose)

With this large sample size, it is better to confine the graph to plot only complete

values for both 'time.exposure' and 'time.onset'. This subset is kept as another data

frame called 'data.for.graph'.
data.for.graph <- subset(.data, (!is.na(time.onset) &

!is.na(time.expose)), select = c(time.onset, time.expose))

des(data.for.graph)

There are only two variables in this data frame. All the missing values have been

removed leaving 462 records for plotting.

n <- nrow(data.for.graph)

with(data.for.graph, {

plot(time.expose, 1:n, col="red", pch=20,

xlim = c(min(time.expose), max(time.onset)),

main = "Exposure time & onset of food poisoning outbreak",

xlab = "Time (HH:MM)", ylab = "Subject ID" )

} )

The plot pattern looks similar to that produced by 'summ(time.expose)'. 

The point character, 'pch', is 20, which plots small solid circles, thus avoiding too much

overlapping of the dots. The limits on the horizontal axis are from the minimum of

time of exposure to the maximum of the time of onset, allowing the points of onset

to be put on the same graph. These points are added in the following command:

with(data.for.graph, {

points(time.onset, 1:n, col="blue", pch=20)

} )

The two sets of points are paired by subjects. A line joining each pair is now drawn

by the segments command.

with(data.for.graph, {

segments(time.expose, 1:n, time.onset, 1:n, col = "grey45")

} )
A legend is inserted to make the graph self-explanatory.

legend(x = ISOdatetime(1990,8,26,2,0,0), y = 150,

legend=c("Exposure time","Onset time","Incubation period"),

pch=c(20,20,-1), lty=c(0,0,1),col=c("red","blue","grey45"),

bg="lavender")

text(x = ISOdatetime(1990, 8, 25, 17, 0, 0), y = 200, labels

= "median incubation period = 3.5 hours", srt = 90)

Analysis of timing data has finished. The main data frame .data is saved for

further use.

save(.data, file = "Chapter7.Rdata")

Risk Assessment

The next step in analysing the outbreak is to deal with the level of risk. However,

let's first load the data saved from the preceding section.

zap()

load("Chapter7.Rdata")

ls(all=TRUE) # .data is there

search() # No dataset in the search path

use(.data)

search() # .data is ready for use

des()

Recoding missing values

There are a number of variables that need to be recoded. The first variable to recode

is 'age'. The Epicalc command recode is used here.

recode(var = age, old.value = 99, new.value = NA)

The variables with the same recoding scheme, 9 to missing value, are 'beefcurry',

'saltegg' and 'water'. They can be recoded together in one step as follows:

recode(vars = c(beefcurry, saltegg, water), 9, NA)

The three variables can also be changed to factors with value labels attached.

beefcurry <- factor(beefcurry, labels=c("No","Yes"))

saltegg <- factor(saltegg, labels=c("No","Yes"))

water <- factor(water, labels=c("No","Yes"))

label.var(beefcurry, "Beefcurry")

label.var(saltegg, "Salted egg")

label.var(water, "Water")
For 'eclair', the absolute missing value is 90. This should be recoded first, then recheck
the data frame for the missing values.

recode(eclair, 90, NA)

summ()

All variables look fine except 'eclair' which still contains the value 80 representing

"ate but not remember how much". We will analyse its relationship with 'case' by

considering it as an ordered categorical variable.

At this stage, cross tabulation can be performed by using the Epicalc command

tabpct.

tabpct(eclair, case)

The width of the columns of the mosaic graph denotes the relative frequency of that

category. The highest frequency is 2 pieces followed by 0 and 1 piece. The other

numbers have relatively low frequencies; particularly the 5 records where 'eclair'

was coded as 80.

There is a tendency of increasing red area or attack rate from left to right indicating

that the risk was increased when more pieces of eclair were consumed. We will use the distribution of these proportions to guide our grouping of eclair consumption. The first column of zero consumption has a very low attack rate, therefore it should be a separate category. Only a few took half a piece and this could be combined with those who took only one piece. Persons consuming 2 pieces should be kept as one category as their frequency is very high. Others who ate more than two pieces should be grouped into another category. Finally, those coded as '80' will be dropped due to the unknown amount of consumption as well as its low frequency.

eclairgr <- cut(eclair, breaks = c(0, 0.4, 1, 2, 79),

include.lowest = TRUE, labels=c("0","1","2",">2"))

The argument 'include.lowest=TRUE' indicates that 0 eclair must be included

in the lowest category. into .data.

label.var(eclairgr, "pieces of eclair eaten")

tabpct(eclairgr, case)

The attack rate or percentage of diseased in each category of exposure, as shown in

the bracket of the column TRUE, increases from 5.1% among those who did not eat

any eclairs to 70.1% among those heavy eaters of eclair. The graph output is similar

to the preceding one except that the groups are more concise.

We now have a continuous variable of 'eclair' and a categorical variable of 'eclairgr'.

The next step is to create a binary exposure for eclair.

eclair.eat <- eclair > 0

label.var(eclair.eat, "eating eclair")

This binary exposure variable is now similar to the others, i.e. 'beefcurry', 'saltegg'

and 'water'

Exploration of  the effects of age and sex

Simple exploration can be done by using the summ and dotplot commands on

'age', such as:

summ(age); dotplot(age)

The age distribution classified by sex can easily be done via:

sex <- factor(sex, labels=c("Female","Male"))

summ(age, by = sex)

dotplot(age, by = sex)

An alternative is to draw a population pyramid of age and sex, using the Epicalc
function pyramid, as follows:

pyramid(age, sex)

From the resulting graph, young adult males (aged 10-20 years) predominated. The

binwidth can also be changed to have fewer age groups.

pyramid(age, sex, binwidth = 15)

The table generated by the pyramid function can also be shown, as follows:

pyramid(age, sex, printTable=TRUE)
The percentage (for each sex) can also be shown.

pyramid(age, sex, printTable=TRUE, percent="each")

Finally, both the table and age group can be saved as R objects for future use.

(age.tab <- pyramid(age, sex))

ageGrp <- age.tab$ageGroup

label.var(ageGrp, "Age Group")

des()

Comparison of risk
Risk: It is the probability of observing the outcome of interest (such as development of a disease) among a specified group. We shall assume that there are two groups of interest viz. the exposed and the unexposed and denote the risks in the two groups by P exposed and P unexposed respectively.
Risk ratio/Relative risk (RR) is the ratio of the probability of the event occurring in the exposed group versus a non-exposed group.

RR = P exposed/ P unexposed
Attributable risk/Risk difference is the difference of the probability of the event occurring in the exposed group versus a non-exposed group.

RR = Pexposed - P unexposed
Attributable fraction: The reduction in disease when a risk factor is removed. If I* is the number of people that a risk factor is responsible for and I is the total number of cases over the same period, then the etiological fraction is I*/I. Equivalently, the etiological fraction is (I-Io)/I. where Io is the number of cases in the absence of the risk factor.
Protective efficacy: Efficacy is the measure of the impact of a treatment eg vaccine, under trial conditions (as opposed to effectiveness which is its impact within the population). Thus efficacy is the percentage reduction in infection or disease caused by a vaccine in a trial group compared to a control group. Specifically, if Iv is the incidence in vaccinated individuals and Iu is the incidence that would have occurred in that group had they not been vaccinated, then vaccine efficacy for that group is v=1-Iv/Iu.
NNT: The number needed to treat (NNT) is an epidemiological measure used in assessing the effectiveness of a health-care intervention, typically a treatment with medication. The NNT is the number of patients who need to be treated in order to prevent one additional bad outcome (i.e. to reduce the expected number of cases of a defined endpoint by one). It is defined as the inverse of the absolute risk reduction.
Odds: It is an alternative means of defining risk. The odds of observing the outcome of interest among a specified group is given by  p / (1 − p) , where p is the probability of the observing the outcome among the group.
Odds Ratios: It is defined as the ratio of the odds of observing the outcome in the exposed group to the odds of observing the outcome in the unexposed group.

OR = Odds exposed/ Odds unexposed
The Epicalc command cs is used to analyse such relationships.

cs(case, eclair.eat)

'Rne', 'Re' and 'Rt' are the risks in the non-exposed, exposed and the total

population, respectively. 'Rne' in this instance is 15/294 = 0.05. Similarly 'Re' is

383/683 = 0.56 and 'Rt' is 398/977 = 0.41. The risk difference is 'Re' - 'Rne', an

absolute increase of 51% whereas the risk ratio is 'Re' / 'Rne', a increase of 11 fold.

· The risk of getting the disease among those eating eclairs could have been reduced by 91% and the risk among all participants in the sports carnival could have been reduced by 87.5% had they not eaten any eclairs.

· The risk ratio is an important indicator for causation. A risk ratio above 10 would

strongly suggest a causal relationship.

· The risk difference has more public health implications than the risk ratio. A high

risk ratio may not be of public health importance if the disease is very rare. The risk

difference, on the other hand, measures direct health burden and the need for health

services. Those who ate eclairs had a high chance (55%) of getting symptoms. A

reduction of 51% substantially reduces the burden of the sport game attendants and

the hospital services.

· Attributable fraction population indicates that the number of cases could have been reduced by 87% had the eclairs not been contaminated. This outbreak was transient if we consider a chronic overwhelming problem such as cardio-vascular disease or cancer. Even a relatively low level of fraction of risk attributable to tobacco in the population, say 20%, could lead to a huge amount of resources spent in health services.

· Attributable fraction exposure has little to do with level of disease burden in the

population. It is equal to 1 - RR-1, and is therefore just another way to express the

risk ratio.

We have eclair as a cause of disease. There are some interventions that can prevent

the diseases such as vaccination, education, law enforcement and improvement of

environment. In our example, let us assume that not eating eclairs is a prevention

process.

eclair.no <- !eclair.eat

cs(case, eclair.no)

· The risk among the exposed (not eating eclair) is lower than that among the nonexposed (eating eclair). The risk difference changes sign to negative. The risk ratio reciprocates to a small value of 0.09. Instead of displaying the attributable fraction exposure and attributable fraction population, the command shows protective efficacy and number needed to treat (NNT).

· From the protective efficacy value, the exposure to the prevention program would

have reduced the risk of the eclair eater (unexposed under this hypothetical

condition) by 90.9%.

· NNT is just the reciprocal of the negative of risk difference. 

· A reduction of risk of 0.51 comes from an intervention on one individual. A reduction of 1 would need to come from an intervention on 1/0.51 or 1.96 individuals. An intervention of high NNT would need to be given to many individuals just to avert one unwanted event. The lowest possible level of NNT is 1 or perfect prevention which also has 100% protective efficacy. NNT is a part of measurement of worthiness of intervention (either prevention or treatment) technology. To avert the same type of unwanted event, an intervention with low NNT is preferred to another with high NNT, although the cost must also be taken into account.

Dose-response relationship

One of the criteria for causation is the evidence of a dose-response relationship. If a

higher dose of exposure is associated with a higher level of risk in a linear fashion,

then the exposure is likely to be the cause.We now explore the relationship between the risk of getting the disease and the number of eclairs consumed.

cs(case, eclairgr)

The risk ratio increases as the dose of exposure to eclairs increases. The step from

not eating to the first group (up to one piece) is wide whereas further increases are

shown at a flatter slope. The p values in the output are both zero. In fact, they are

not really zero, but have been rounded to three decimal places. The default

rounding of decimals of odds ratios and relative risks is two and for the p-values is

three. 

Before finishing this section, the current data is saved for further use.

save(.data, file = "Chapter8.Rdata")

Odds Ratios, Confounding and Interaction

Having assessed various parameters of risk of participants in the outbreak in the last

section, we now focus on confounding among various types of foods.

The assessment of risk in this chapter is changed from the possible cause. The next

step in analysing the outbreak is to deal with the level of risk. Let's first load the

data saved from the preceding section.

zap()

load("Chapter8.Rdata")

use(.data)

Odds and odds ratio

Odds has a meaning related with probability. If 'p' is the probability, p/(1-p) is

known as the odds. Conversely, the probability would be equal to odds/(odds+1).

tab1(case)

The probability of being a case is 469/1094 or 42.9%. In this situation where noncases

are coded as 0 and cases as 1, the probability is

mean(case)

On the other hand the odds of being a case is 469/625 = 0.7504, or

mean(case)/(1 - mean(case))

Note that when there are missing values in the variable, the 'mean' must have 'na.rm

=TRUE' in the argument. For example the odds of eating eclairs is:

m.eclair <- mean(eclair.eat, na.rm = TRUE)

m.eclair /(1 - m.eclair)

While a probability always ranges from 0 to 1, an odds ranges from 0 to infinity.

For a cohort study we may compute the ratios of the odds of being a case among the

exposed vs the odds among the non-exposed.

table(case, eclair.eat)

Epicalc has a function cc producing odds ratio, its 95% confidence interval,

performing the chi-squared and Fisher's exact tests and drawing a graph for the

explanation.

cc(case, eclair.eat)

The vertical lines of the resulting graph show the estimate and 95% confidence

intervals of the two odds of being diseased, non-exposed on the left and exposed on

the right, computed by the conventional method. The size of the box at the estimate

reflects the relative sample size of each subgroup. There were more exposed than

non-exposed. The non-exposed group has the estimate value slightly below 1/16

since it real value is 15/279. The exposed group estimate is 383/300 or slightly

higher than 1. The latter value is over 23 times of the former. Next type

fisher.test(table(case, eclair.eat))

Confounding and its mechanism

For 'saltegg', the odds ratio can be similarly computed.

cc(case, saltegg)

The total valid records for computation is 1,089, which is higher than 977 of the

cross-tabulation results between 'case' and 'eclair.eat'. The value of the odds ratio is

not as high but is of statistical significance. Similar to the analysis of the odds ratio

for 'eclair', the size of the box on the right is much larger than that on the left

indicating a large proportion of exposure.

Both eclairs and salted eggs have significant odds ratios and were consumed by a

large proportion of participants. Let's check the association between these two

variables.

cc(saltegg, eclair.eat, graph = FALSE)

There might be only one real cause and the other was just confounded. In other

words, those participants who ate salted eggs also tended to eat eclairs. Stratified

analysis gives the details of confounding as follows.

mhor(case, saltegg, eclair.eat)

The above analysis of association between the disease and salted egg is stratified by

level of eclair consumption based on records that have valid values of 'case',

'eclair.eat' and 'saltegg'. There are two main parts of the results. The first part

concerns the odds ratio of the exposure of interest in each stratum defined by the

third variable, in this case 'eclair.eat' as well as the odds ratio and chi-squared

statistics computed by Mantel-Haenszel's technique. The second part suggests

whether the odds ratio of these strata can be combined. We will focus on the first

part at this stage and come back to the second part later.

In both strata, the odds ratios are close to 1 and are not statistically significant. The

slopes of the two lines are rather flat. The Mantel-Haenszel (MH) odds ratio, also

called the adjusted odds ratio, is the weighted average of the two odds ratios, which

is also close to 1. Both the stratum-specific odds ratios and the MH odds ratio are

not significantly different from 1 but the crude odds ratio is significantly different.

The distortion of the crude result from the adjusted result is called confounding.

The mechanism of this confounding can be explained with the above graph. The

upper line of the graph denotes the subset or stratum of subjects who had eaten

eclairs whereas the lower line represents those who had not. The upper line lies far

above the lower line meaning that the subset of eclair eaters had a much higher risk

than the non-eaters. The distance between the two lines is between 16 to 32 fold of

odds. It is important to note that the distribution of subjects in this study is

imbalanced in relation to eclair and salted eggs consumption. On the right-hand side

(salted egg consumers), there are alot more eclair eaters (upper box) than non-eaters

(lower box). The centre of this right-hand side then tends to be closer to the location

of the upper box. In contrast, on the left-hand side, or those not consuming salted

eggs, the number of eclair non-consumers (as represented by the size of the lower

box) is higher than that of the consumers. The centre of the left-hand side therefore

tends to lie closer to the lower box. In other words, when the two strata are

combined, the (weighted average) odds of diseased among the salted egg consumers

is therefore closer to the upper box. The opposite is true for the left-hand side where

the weighted average odds of getting the disease should be closer to the lower box.

A higher average odds on the right-hand side leads to the crude odds ratio being

higher than one. This crude odds ratio misleads us into thinking that salted egg is

another cause of the disease where in fact it was just confounded by eclairs. The

level of confounding is noteworthy only if both of the following two conditions are

met.

Firstly, the stratification factor must be an independent risk factor. Secondly, there

must be a significant association between the stratification factor and the exposure

of interest.

Now we check whether the relationship between the disease and eclair is

confounded by salted egg.

mhor(case, eclair.eat, saltegg)

Stratified by 'saltegg', the odds ratio of eclair.eat in both strata (19.3 and 24.8) and

the MH odds ratio (24.3) are strong and close to the crude odds ratio (23.68).

Graphically, the two lines of strata are very close together indicating that 'saltegg' is

not an independent risk factor. In each of the exposed and non-exposed groups, the

odds for disease are close and the weighted average odds is therefore not influenced

by the number of subjects. Thus not being an independent risk factor, a variable

cannot confound another exposure variable.

Interaction and effect modification

Let's analyse the association between eating eclairs and the developing acute

gastrointestinal illness again but now using 'beefcurry' as the stratification factor.

mhor(case, eclair.eat, beefcurry)

The slopes of the odds ratios of the two strata cross each other. Among those who had not eaten beef curry, the odds of getting the disease among those not eating eclair was slightly below 1 in 6. The odds increases to over 1 in 2 for those who ate eclairs only. This increase is 5.33 fold or an odds ratio of 5.33. In contrast, the baseline odds among those eating beef curry only (left point of the green line) is somewhere between 1 in 32 and 1 in 16, which is the lowest risk group in the graph. The odds however steps up very sharply to over 1 among the subjects who had eaten both eclairs and beef curry. The homogeneity test in the last line concludes that the odds ratios are not homogeneous. In statistics, this is called significant interaction. In epidemiology, the effect of 'eclair' was modified by 'beefcurry'. Eating beef curry increased the harmful effect of eclair or increased the susceptibility of the person to get ill by eating eclairs.

We now check the effect of 'beefcurry' stratified by 'eclair.eat'.

mhor(case, beefcurry, eclair.eat)

The effect of beef curry among those not eating eclairs tends to be protective but

without statistical significance. The odds ratio among those eating eclairs is 2.18

with statistical significance. The homogeneity test also concludes that the two odds

ratios are not homogeneous. The stratification factor eclair has modified the effect

of beef curry from a non-significant protective factor to a significant risk factor.

Tabulation and stratified graphs are very useful in explaining confounding and

interaction. However, they are limited to only two or three variables. For a dataset

with a larger number of variables, logistic regression is needed. We put the new

variable 'eclair.eat' into .data by using label.var and save the whole data

frame for future use with logistic regression.

label.var(eclair.eat, "ate at least some eclair")

save(.data, file="chapter9.Rdata")
SESSION 2: ANALYSIS OF THE CHAKDHA DATASET

# Analysis of Chakdha data

# This code answers some of the questions raised by Dave

# about the Chakdha data.

# The code below assumes that the data file chakdha.csv

# is saved in the folder

# “C:\\Documents and Settings\\Bhaswati\\My Documents”. 

#Please modify the location for the code to work.

# You can copy and paste the code below into R a few lines at a time. 

# Read in the data

chak <- read.csv("C:\\Documents and Settings\\Bhaswati\\My Documents\\chakdha.csv",header=T)

attach(chak)

# Look at the data

print(names(chak))

# Look at the data summaries

print(summary(chak))

# Plot the data

# Histograms

# Water

par(mfrow=c(2,2))

hist(drinking.as,main="Drinking water")

hist(cooking.as,main="Cooking water")

hist(raw.as,main="Raw rice")

hist(cooked.as,main="Cooked rice")

par(mfrow=c(1,1))

# Generally skewed distributions typical of environmental exposures.

# Boxplot

par(mfrow=c(2,1))

boxplot(chak[,c(4,6)],names=c("Drinking","Cooking"),

las=2,cex.axis=0.6)

boxplot(chak[,c(8,10)],names=c("RawRice","CookedRice"),

las=2,cex.axis=0.6)

par(mfrow=c(1,1))
# greater variability in cooked rice than in raw rice
# Now address the questions one by one

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

#[1] Is cooking water significantly different from drinking water ?

t.test(log(cooking.as),log(drinking.as),var.equal=F)

wilcox.test(log(cooking.as),log(drinking.as))

# no significant difference (look at p values of the above 2 tests 

>0.0 5)

# possibly also reflection of sample size

# which is not large enough to detect a small difference.

#[2] Is raw rice significantly different from cooked rice ?

t.test(log(raw.as),log(cooked.as),var.equal=F)

wilcox.test(log(raw.as),log(cooked.as))

# no significant difference (look at p value>0.0 5)

# possibly also reflection of sample size

# which is not large enough to detect a small difference.

#[3] what is the "best" equation to describe cooked rice  

#composition as a function of raw rice and cooking water?

# Let us look at the scatterplots of cooked rice

# vs these two variables to determine whether the equation

# looks linear.

# Pairwise plots

par(mfrow=c(2,1))

plot(chak[,c(6,10)],xlab="Cooking Water",ylab="Cooked Rice")

plot(chak[,c(8,10)],xlab="RawRice",ylab="CookedRice")

par(mfrow=c(1,1))

# Looks linear so fit a multiple linear regression

lm1 <- lm(cooked.as~raw.as+cooking.as)

print(summary(lm1))

# So best equation is 

#cooked rice= 0.0029305+ 0.8593820 raw rice + 0.0031037 cooking water
# The two sources account for 62.8% of the variability in the 

# arsenic content of cooked rice. This is  a modestly strong #relationship. Note that both sources have a significant impact

# outcome.

#The cooked rice data is incomplete - this was only collected if  

#the housegold happened to be cooking a mid-day rice meal on the day of  

#collection. Has this introduced any systematic bias into the dataset?

# For example, is drinking water arsenic significantly higher in the  

#households where a cooked rice sample weren't collected ? How should  

#we correct for any such bias ?

print(summary(cooked.as))

# Define a new indicator of whether the cooked rice data was collected
collected <-(!is.na(cooked.as))

chak <- data.frame(cbind(chak,collected))

print(table(collected))

# Boxplots of the data by collection status

par(mfrow=c(2,2))

boxplot(drinking.as~collected,main="Drinking water", cex.main=0.7)

boxplot(cooking.as~collected,main="Cooking water", cex.main=0.7)

boxplot(raw.as~collected,main="Raw rice", cex.main=0.7)

par(mfrow=c(1,1))

# Looks like the arsenic levels were generally lower in the samples
# for which the data was collected.

# Is the difference significant?
lm1 <- lm(drinking.as~collected)

print(summary(lm1))

lm2 <- lm(cooking.as~collected)

print(summary(lm1))

lm3 <- lm(raw.as~collected)

print(summary(lm1))

# The variable ‘collected’ is generally not significant which is good.

#Suggests that the differences in the plots are due to sampling error 

#introduced by a small sample size.

#[5] Is there any significant different between drinking water, cooking  

#water, raw rice or cooked rice BETWEEN any of the 10 areas ?

lm1 <- lm(drinking.as~Cluster.name)

print(anova(lm1))

lm2 <- lm(cooking.as~Cluster.name)

print(anova(lm2))

lm3 <- lm(raw.as~Cluster.name)

print(anova(lm3))

lm4 <- lm(cooked.as~Cluster.name)

print(anova(lm4))

# There is variation in the arsenic content of cooked rice

# even when accounting for differences in drinking water

# Does this persist when we account for the variability in 

# the arsenic content of raw rice and cooking water?

lm5 <- update(lm4,.~.+cooking.as)

print(anova(lm5))

lm6 <- update(lm5,.~.+raw.as)

print(anova(lm6))

#[6[ Given potential biases what is the "best" means of sampling  

#Chakdha if want to know their exposure to arsenic via drinking water &  

#rice ? Perhaps via a lecture on sampling requirements, possible  

#sources of bias and different types of sampling ..

# General idea is to maximise the variability in each exposure

# Split each exposure into "High"/"Low" categories 

# based on past data and keep

# sampling until a reasonable number is obtained in each category

# For missing data, conducting occasional checks as above is a good idea

# Consider design effect(to be discussed) and modify sample size

#[7] Perhaps we could add a few questions for the participants to  

#calculate exposure to arsenic and a cancer risk given a very simple  

#one-hit model

# The code below does not use a 1-hit model but

#illustrates the concepts involved.

# Broad idea is to find a good estimate of the distribution of

# population exposures

# Since we dont have cancer data, we cannot model cancer risk

# as a direct function of these exposures

# However, if we are prepared to extrapolate such models developed

# in other settings - eg borrow the same values for bio-availability,

# genetic predisposition, likelihood of getting cancer etc

# then we can use this model to find the population distribution of the

# risk of getting cancer

# Just consider drinking water for now

# In reality, we would sum over all exposure routes

library(MASS)

hist(drinking.as, freq=F,

main="Histogram of arsenic content in drinking water",

cex.main=0.6)

fit1 <- fitdistr(drinking.as,densfun="gamma")

fit2 <- fitdistr(drinking.as,densfun="lognormal")

fit3 <- fitdistr(drinking.as,densfun="cauchy")

# Find log likelihood values

print(fit1$loglik)

print(fit2$loglik)

print(fit3$loglik)

# Looks like log-normal is a good fit

hist(drinking.as, freq=F,

main="Histogram of arsenic content in drinking water",

cex.main=0.6)

sort.as <- order(drinking.as)

d.est <- dlnorm(drinking.as,meanlog=fit2$estimate[1],sdlog=fit2$estimate[2])

points(drinking.as[sort.as],d.est[sort.as],col="red")

# Now generate the population distribution of exposures

# using Monte Carlo sampling

e.est <- rlnorm(n=1000,meanlog=fit2$estimate[1],sdlog=fit2$estimate[2])

# Relate cancer risk to e.est assuming a known logistic model

alpha <- -6

beta <- 0.00002

predictor <-alpha +beta*e.est

predictor <- exp(predictor)/(1+exp(predictor))

hist(predictor,freq=F,

main="Population distribution of cancer risks",

xlab="Cancer risk",cex.main=0.6)

d.c <- density(predictor)

d.y <- d.c$y/sum(d.c$y)

points(d.c$x,(10^8)*d.y,type="l",col="red")

SESSION 3: SAMPLE SIZE CALCULATION

USING EPICALC IN R.

Sample size calculation is very important for an epidemiological study. For most

surveys, the population size is large, consequently the costs involved in collecting

data from all subjects would be high. In clinical studies, recruiting too many

subjects into the study not only causes management and financial problems but also

raises ethical concerns. If a conclusion can be drawn from a small sample size,

recruiting more subjects than necessary may pose an unnecessary risk to the group

of subjects whose treatment is known to be inferior. On the other hand, a survey

with a sample size that is too small will not be able to detect a statistically

significant effect if there truly is one.
# Type library(epicalc) to start the tutorial. You will need to install the epicalc library

# in R as explained at the start of the section entitled ‘Session 1’.

Functions to calculate sample size

Experimenting with functions to calculate sample sizes will enable new R users to

understand the principles of arguments more quickly and meaningfully.

Epicalc comes with four functions for sample size calculation. The first one is for a

prevalence survey. The second is for comparison of two proportions, which can be

for a case-control study, cross-sectional study, cohort study or randomised

controlled trial. The third function is used for the comparison of two means. The

last one is for lot quality assurance sampling.

In addition to these sample size calculations, there are two functions for computing

the power of a comparative study, one for comparing two means, and the other for

comparing two proportions.
Field survey

The aim of a field survey is usually to document the prevalence in the population on

a certain condition, such as helminthic infection, or coverage of a health service,

such as an immunization programme. The sample size required depends on the

estimated prevalence and the level of errors of prevalence that the researcher can

accept. For many circumstances, cluster sampling is employed. The advantage of

this sampling method is that it reduces the time and budget for travelling to collect

data.

For example, simple random sampling may require 96 persons from 96 different

villages to be surveyed. This can place a heavy burden on the travelling resources.

Instead, the number of villages can be reduced to, say, 30 and the sample size

compensated by sampling more subjects from each selected village. The slight

increase in sample size is more than offset by the large reduction in travelling costs.

The cluster sampling technique, however, encounters another problem. People in

the same villages often tend to be more similar to each other than from people from

other villages in terms of disease risk and coverage of service etc. In other words,

subjects selected from the same cluster are usually not 'independent'. Therefore the

sample size estimated from a simple random sampling technique must be inflated to

cover this 'alikeness among the same cluster' (or 'design effect') problem.
The function n.for.survey in Epicalc is used for the calculation of the sample

size for a survey. To have a look at the arguments of this function type:
args(n.for.survey)

function(p, delta = 0.5 * min(c(p, 1 - p)), popsize = FALSE,

deff = 1, alpha = 0.05)

The arguments to this function are as follows:

p: The estimated prevalence as a proportion between 0 and 1.

delta: The difference between the estimated prevalence and the margin of the

confidence interval. For example, if p is estimated to be 30% but we still accept that

the maximum error can result in 50% prevalence, then delta is 0.5 - 0.3 = 0.2. If

delta is not given, the default value is set to be a half of either p or 1-p, whichever is

the smaller. In general, delta has more influence on the sample size than p. When p

is small, delta should be smaller than p. Otherwise, the lower limit of the

confidence interval will be negative or the upper limit will be higher than 100%,

both of which are invalid. The default value is therefore quite acceptable for a rather

low prevalence (say, below 15%) or a rather high prevalence (say, above 80%). If

the prevalence is in between these values, then half of p (or 1-p) would be too

imprecise. The user should then give a smaller delta.

popsize: Finite population size. This is the population size in which the survey is to

be conducted. A small population size will require a relatively smaller sample size.

If the value is FALSE, it will be ignored and assumed that the population is very

large. Usually when the size exceeds a certain value, say 5000, any further increase

in the population would have a rather little effect on the sample size.

deff: The design effect, which is the adjustment factor for cluster sampling as

explained above. By definition, for simple random sampling, deff is 1. In cluster

sampling with a large cluster size and the level of similarity among subjects in the

same cluster is high, deff can be large, and so would the required sample size.

alpha: Probability of a Type I error. In standard situations, alpha is set at 0.05 and

the confidence interval of p + delta is the 95% confidence limit of the prevalence.

With higher accuracy demands, for example, a 99% confidence limit, the required

sample size will be increased.

If a survey is to be conducted with a small (less than 15%) prevalence, in a large

population, all the default values of the arguments can be accepted. The command

then becomes:
 n.for.survey(p=.05)

Sample size for survey.

Assumptions:

Proportion = 0.05

Confidence limit = 95 %

Delta = 0.025 from the estimate.

Sample size = 292

The function sets the 'alpha' value at 0.05, since it was omitted. Thus the confidence

limit is 95%. The argument 'delta' is automatically set to half of 5% or 0.025. The

design effect, 'deff', is not given and so set at 1. The population size is assumed to

be very large and is thus not used in the calculation of the sample size.

In conclusion, the function suggests that if a 95% confidence limit of 5% + 2.5%

(from 2.5% to 7.5%) is desired for an estimated proportion of 0.05 in a large

population, then the sample size required is 292.

If the prevalence is low, 'deff' for cluster sampling is usually close to unity. The

sample size calculated is still relatively applicable even if cluster sampling is

employed because of the small prevalence.

If the estimated prevalence is close to 50%, a delta of 25% is too large. It would be

better to reduce this to +5% or +10% of the prevalence. If cluster sampling is

employed under such a condition, the value of 'deff' is usually greater than one.

For example, in standard 30-cluster sampling for assessment of immunization

coverage where the prevalence is estimated to be near 80%, 'deff' should be around

2. The population size in this case is usually large and a 99% confidence limit is

required instead of 95%. In this case, the suggested calculation would be:

 n.for.survey(p =.8, delta =.1, deff=2, alpha=.01)

Sample size for survey.

Assumptions:

Proportion = 0.8

Confidence limit = 99 %

Delta = 0.1 from the estimate.

Design effect = 2

Sample size = 212

With this total sample size of 212 and 30 clusters, the average size per cluster

would be 212/30 = 7 subjects. This sample size could be used for a standard survey

to assess immunization coverage in developing countries.

Comparison of two proportions

In epidemiological studies, comparison of two proportions is quite common.

As the name indicates the function 'n.for.2p' is written for this purpose. As before,

the necessary arguments to this function can be examined as follows:

 args(n.for.2p)

function(p1, p2, alpha = 0.05, power = 0.8, ratio=1)

In a case-control study, the proportion (p1) of subjects exposed to a risk factor

among the cases (diseased group) is compared against the proportion (p2) of

subjects exposed among the controls (non-diseased group).

In a cohort study, the probability (p1) of getting a disease among the exposed group

is compared to the probability (p2) among the non-exposed group.

In a randomised controlled trial, the probability (p1) of getting cured (or improving)

among subjects given a new treatment is compared with the probability (p2) of

getting cured (or improving) among subjects given the old treatment.

The argument alpha is the probability of committing a Type I error. If the two

groups actually have the same proportion at the population level (the null

hypothesis is true), with the sample size from this calculation, there will be a chance

of 'alpha' that the null hypothesis will be rejected. In other words, the difference in

the two samples would be erroneously decided as statistically significant. As

before, it is common practice to set the alpha value at 0.05.

The power of a study is the probability of rejecting the null hypothesis when it is

false. In this situation it is the probability of detecting a statistically significant

difference of proportions in the population, which is in fact as large as that in the

sample. It is quite acceptable to have the power level set at 80%. The type II error is

simply 1-power, and is the probability of not rejecting the null hypothesis when it is

false. Scientists usually allow a larger probability for a type II error than for a type I

error. Rejecting a new treatment that is actually better than the old one may

probably be considered less serious than replacing the old treatment with a new one

which is in fact not better.

The 'ratio' refers to the ratio of the number of subjects in sample 1 to the number of

subjects in sample 2. For these three types of studies, the most efficient sample size

(smallest size of total sample that can test the hypothesis) is achieved when the ratio

between the two stratified groups is 1:1. For example, if the collection of data per

subject is fixed, comparing two groups of treatment each of 50 subjects is much

better than comparing 5 subjects in one group against 95 subjects in the other. In

certain conditions, such as when a very rare disease is under investigation, it might

be quicker to finish the study with more than one control per case. In addition, in a

cross-sectional study, the status of a subject on exposure and outcome is not known

from the beginning; the sample is non-contrived. The ratio cannot be set at 1:1 but

will totally depend on the setting. Under these conditions where the ratios are not

1:1, the value of the ratio must be specified in the calculation.

For example, if a risk was determined to be as common as 50% among the diseased

group and 20% among the control group, the minimum sample size required to

detect this difference for a case control study can be calculated by:

 n.for.2p(p1=0.5, p2=0.2)

Estimation of sample size for testing Ho: p1==p2

Assumptions:

alpha = 0.05

power = 0.8

p1 = 0.5

p2 = 0.2

n2/n1 = 1

Estimated required sample size:

n1 = 45

n2 = 45

n1 + n2 = 90

The use of this function is not complicated, as only p1 and p2 are needed to be

input. The other arguments will be set to the default values automatically. In

conclusion, only 45 cases and 45 controls are needed to test the hypothesis of no

association. If the disease is rare, say only 10 cases per year, and the researcher

wanted to complete the study early, he/she may increase the case:control ratio to 1:4

 n.for.2p(p1=0.5, p2=0.2, ratio=4)

Estimation of sample size for testing Ho: p1==p2

Assumptions:

alpha = 0.05

power = 0.8

p1 = 0.5

p2 = 0.2

n2/n1 = 4

Estimated required sample size:

n1 = 27

n2 = 108

n1 + n2 = 135

Note that the ratio is n2/n1. This study can be finished in less than 3 years instead of

originally 4.5 years. Increasing the ratio above this has only a small effect on

reduction of number of cases but a remarkably high effect on increasing the number

of controls. For example, a ratio of 1 case per 9 controls will reduce the required

sample size to 23 cases (4 cases reduced) but increase the number of controls

required to 207 (an increase of nearly 100).
An increase in power from 0.8 to 0.9 also increases the requirement for the sample

size considerably. Fixing the ratio at 1:1
 n.for.2p(p1=0.5, p2=0.2, power=0.9)

The output is omitted, however 58 cases and 58 controls are required (an increase

of 29% of the sample size required on both arms).

Relationship between p1, p2 and odds ratio in a case control study

To be consistent with the above agreement, the odds ratio would be the ratio of the

two odds of exposure: p1/(1-p1) / {p2/(1-p2)}.

 .5/(1-.5)/(.2/(1-.2))

Setting up p1 and p2 for calculation of sample size for a case control study is

straightforward. However, in some instances, there may be a demand to compute

the sample size based on proportion of exposed in the general population (which is

equal to the proportion among the controls due to the rarity of the disease) and the

odds ratio. In other words, p2 and odds ratio are given. It remains necessary then to

find p1.

For example, if the proportion of exposures among the population (p2) is equal to

30%, and the odds ratio is 2, the proportion of exposures among the cases (p1) and

the required sample size can be calculated as follows:

 p2 <- 0.3

 or <- 2

 odds2 <- p2/(1-p2)

 odds1 <- or*odds2

 p1 <- odds1/(1+odds1); p1

[1] 0.4615385

 n.for.2p(p1,p2)

Estimation of sample size for testing Ho: p1==p2

Assumptions:

alpha = 0.05

power = 0.8

p1 = 0.4615385

p2 = 0.3

n2/n1 = 1

Estimated required sample size:

n1 = 153

n2 = 153

n1 + n2 = 306

The required sample size is larger than in the preceding example because the odds

ratio to be detected is closer to unity. In other words, the level of difference to be

detected is smaller.

Cohort study and randomised controlled trial

Given that p1 and p2 are the respective success rates among the two treatment or

exposure groups, the calculation is fairly straightforward.

In fact, whether the calculation is based on the success rate or the failure rate, the

answer is the same. For example, if treatment A gives a success rate of 90% and

treatment B gives a success rate of 80%, we may also say that treatment A and B

have failure rates of 10% and 20% respectively. The calculation of sample sizes in

both cases would yield the same result.

 n.for.2p(p1=0.9, p2=0.8)

===== details omitted =========

n1 = 219

n2 = 219

n1 + n2 = 438

 n.for.2p(p1=.1, p2=.2)

===== details omitted =========

n1 = 219

n2 = 219

n1 + n2 = 438

Cross-sectional study: testing a hypothesis

A cross-sectional survey serves two purposes, firstly to document the prevalence of

a condition (either a disease or an exposure condition or both), secondly to test the

association between the exposure and the outcome. This sample size for hypothesis

testing is different from that for the descriptive purpose (which has been fully

discussed above).

Calculation of the sample size for the second component (hypothesis testing) of the

cross-sectional study should be based on the n.for.2p function. Similar to the

cohort study and the randomised controlled trial, the proportions, p1 and p2, should

be orientated toward the outcome in each exposure group where p1 is equal to the

proportion of positive outcomes among the exposed group, and p2 is equal to the

proportion of positive outcomes among the non-exposed group.

On the other hand, the value of the 'ratio' is the ratio between the exposed and nonexposed groups, which must be estimated from the prevalence of the exposure.

For example, in a survey, the prevalence of exposure might be estimated to be 20%,

the probabilities of getting a disease are 20% and 5% among the exposed and the

non-exposed population.

With the prevalence of exposure being 20% the ratio n2:n1 would be 0.8/0.2 = 4.

n.for.2p(p1=0.2, p2=0.05, ratio=4)

Estimation of sample size for testing Ho: p1==p2

Assumptions:

alpha = 0.05

power = 0.8

p1 = 0.2

p2 = 0.05

n2/n1 = 4

Estimated required sample size:

n1 = 48

n2 = 192

n1 + n2 = 240

The total sample size for this cross-sectional survey to test the hypothesis is 240

subjects. This will include 48 exposed and 192 non-exposed persons.

This required sample size should be checked for adequacy of the other objective,

i.e. to describe the prevalence of exposure, which is estimated to be 20%.

 n.for.survey(p=0.2)

Sample size for survey.

Assumptions:

Proportion = 0.2

Confidence limit = 95 %

Delta = 0.1 from the estimate.

Sample size = 61

The required sample size of the descriptive study is smaller than that for hypothesis

testing. Thus, the latter (of 240 subjects) should be adopted.

Comparison of two means

In epidemiology, comparison of two means is not as common as that of two

proportions. This is mainly because a clinical or public health decision is mainly

based on a hard-evidenced dichotomous outcome and less on the level of difference

of the mean values. However, there are also a lot of important health outcomes that

are measured on a continuous scale, the difference of means of which can be of

important social concern. Examples of continuous outcomes include intelligence

quotient, pain scores and quality of life.
Two sample means usually have two different standard deviations. Thus the

function for this calculation requires a few more arguments.

 args(n.for.2means)

function(mu1, mu2, sd1, sd2, ratio=1, alpha=0.05, power=0.8)

Intuitively, the notation is straightforward. There are four compulsory arguments

that a user must supply to the function, namely the two means and their

corresponding standard deviations.

Note: ______________________________________________________________________

Readers may be aware now that function arguments that include an equals sign followed by a value are optional. The value to the right of the sign is the default value used by the function when the argument is omitted. Arguments that do not include an equals sign are, however, compulsory. If omitted, an error is generated. As an example, suppose a new therapeutic agent is expected to reduce the mean pain score from 0.8 to 0.6 in a group of subjects and the expected corresponding standard deviations are 0.2 and 0.25. To calculate the required sample size, type the following command:
 n.for.2means(mu1=0.8, mu2=0.6, sd1=0.2, sd2=0.25)

Estimation of sample size for testing Ho: mu1==mu2

Assumptions:

alpha = 0.05

power = 0.8

mu1 = 0.8

mu2 = 0.6

sd1 = 0.2

sd2 = 0.25

Estimated required sample size:

n1 = 21

n2 = 21

n1 + n2 = 42

This anaesthesiological experiment would require 21 subjects in each group.

In fact, the mathematical formula for the calculation of the sample size does not

require the exact values of mu1 and mu2. If the difference in means and the

standard deviations are fixed, changing the two means will have no effect on the

calculated sample size. Thus the same results are obtained from the following

command (output omitted).

 n.for.2means(mu1=0.4, mu2=0.2, sd1=0.2, sd2=0.25)
Power determination for comparison of two proportions

Sometimes a reader may come across a study that reports no significant difference

between two groups. One may doubt whether the study had enough power to detect

the significant difference if a clinically significant difference existed at the

population level. Consider a trial with 105 subjects on one treatment arm consisting

of 35 failures versus 50 subjects on a placebo with 20 failures. To set up this

hypothetical data table, you may type the following commands:
 table1 <- c(35,70,20,30)

 dim(table1) <- c(2,2)

 table1 <- as.table(table1)

 cc(cctable=table1)

A B Total

A 35 20 55

B 70 30 100

Total 105 50 155

OR = 0.751

95% CI = 0.354 1.606

Chi-squared = 0.658 , 1 d.f. , P value = 0.417

Fisher's exact test (2-sided) P value = 0.474
The odds ratio of 0.75 has a rather wide confidence interval. It might be of interest

to know the power of the sample size for this particular study if the true odds ratio

is in fact 0.5 and the failure rate among the placebo group is the same.
odds.placebo <- 20/30

odds.treat <- .5 * odds.placebo

p.placebo <- 20/50

p.treat <- odds.treat/(1+odds.treat)
power.for.2p(p1=p.treat, p2=p.placebo, n1=105, n2=50)

alpha = 0.05

p1 = 0.25

p2 = 0.4

n1 = 105

n2 = 50

power = 0.4082
The sample size used in this study only had a 40% chance of finding a significant

difference given that the treatment had an odds ratio of 0.5. The study was therefore

inconclusive.Note that the power depends on the size of difference to be detected. To obtain

statistical significance for a large difference would require a smaller sample size

than that for detecting a small difference if the power was kept the same.

Exercises
Problem 1.

Calculate the maximum sample size required to estimate the prevalence of

respiratory tract infection, with a precision of 5%, in a target population consisting

of children aged 1-5 years in a particular region of a developing country.

An estimate of the population prevalence is not known. However, we can obtain a

range of sample sizes required corresponding to a range of values for p, say from

0.1 to 0.9.

> p <- seq(0.1,0.9,0.1)

> d <- 0.05

> n.for.survey(p, delta = d)

Sample size for survey.

Assumptions:

Confidence limit = 95 %

Delta = 0.05 from the estimate.

p delta n

1 0.1 0.05 138

2 0.2 0.05 246

3 0.3 0.05 323

4 0.4 0.05 369

5 0.5 0.05 384

6 0.6 0.05 369

7 0.7 0.05 323

8 0.8 0.05 246

9 0.9 0.05 138

We see from the output above that the maximum sample size required is found

when p is equal to 0.5. This is true for any survey where the estimated prevalence is

not known beforehand and the precision is fixed. For these situations, the safest

choice is to assume that p = 0.5.

Problem 2.

A case-control study is carried out to determine the efficacy of a vaccine for the

prevention of childhood tuberulosis with a placebo. Assume that 50% of the

controls are not vaccinated. If the number of cases and controls are equal, what

sample size is needed to detect, with 80% power and 5% type I error, an odds ratio

of at least 2 in the target population?

> p2 <- 0.5; or <- 2

> odds2 <- p2/(1-p2)

> odds1 <- or*odds2

> p1 <- odds1/(1+odds1); p1

[1] 0.6666667

> n.for.2p(p1,p2)

Estimation of sample size for testing Ho: p1==p2

Assumptions:

alpha = 0.05

power = 0.8

p1 = 0.6666667

p2 = 0.5

n2/n1 = 1

Estimated required sample size:

n1 = 148

n2 = 148

n1 + n2 = 296

Nearly 300 subjects are needed.

Problem 3.

A randomised trial is to be conducted comparing two new treatments aimed at

increasing the weights of malnourished children with a control group. The minimal

worthwhile benefit is an increase in mean weight of 2.5kg, and the standard

deviations of weight changes are beleived to be 3.5kg.

What are the required sample sizes, assuming that the control group is twice as

large as each of the two treatment groups and an 80% power is required for each

comparison?

The worthwhile benefit is 2.5kg and since we don't know the actual means in the

three groups, we can substitute any values for 'mu1' and 'mu2', so long as the

difference is 2.5. Also, given that we are performing two comparisons, a reasonable

type I error level (alpha) would be 0.02, instead of the conventional 0.05. The

required sample sizes can then be obtained as follows:

> n.for.2means(mu1=10, mu2=12.5, sd1=3.5, sd2=3.5, ratio=2,

alpha=0.02)

Estimation of sample size for testing Ho: mu1==mu2

====== assumptions omitted ======

Estimated required sample size:

n1 = 31

n2 = 61

n1 + n2 = 92

Thus 61 controls are required, whereas 31 are each required in the two treatment

groups, giving a total sample size required of 123. Note that if the standard

deviations in each group are increased to 4.5kg, the required sample size is

increased to 200.

NB: TIME PERMITTING, PARTICIPANTS MAY WANT TO EXPLORE ONLINE RESOURCES

FOR SAMPLE SIZE CALCULATION EG SEARCH FOR SISA ON GOOGLE.

