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8.1. Introduction.  

Most of us, in the medical fraternity tend to be disbelieving of the fact that nearly always, while dealing with various 

aspects of risk, etiology, prognosis, diagnosis or treatment of a patient, we are actually working with statistical 

probabilities, though subconsciously. For instance, if we have a young boy with generalized pain in the abdomen, do 

we straightaway consider him as acute appendicitis and operate? Most probably, NO, because the chances (or 

probability) of his having acute appendicitis are low. But, at the same time, are we 100% sure that he does not have 

acute appendicitis? Well not really100%, since there could be still 3 to 4 % chances that he has it but then, 3 to 4% is 

a very low probability to start surgery. Now if the same patient has pain in right iliac fossa and classical tenderness at 

McBurney’s point, with moderate fever, do we operate? Yes, we definitely will, though the chance of his having acute 

appendicitis are still not 100%. There could still be 3 to 4% chances of his being a case of Regional Ileitis or Amoebic 

typhilitis and operating for these conditions may be wrong. But, we still operate since the “probability” of acute 

appendicitis is now very high. Thus, for the medical profession, despite our dislike for mathematics, probability is an 

essential component of our day to day medical functioning. Similarly, for an epidemiologist and medical researcher, 

knowledge of the basic concepts of probability theory, the important probability distributions and an understanding of 

the “p-value”. Which is very commonly referred to in research, is extremely essential. In this unit, we shall have 

detailed deliberations on these aspects.  

8.2. Objectives. After studying this unit, you should be able to have an understanding of: 

8.2.1. Basic concepts of probability, laws of probability, empirical and theoretical probability, multiplicative and 

additive laws of probability, application of probability in clinical care and medical practice. 

8.2.2. Types of probability distributions commonly used in medical practice and research. 

8.2.3. Normal distribution, Gaussian curve 

8.2.4. Z – Scores and area under the normal curve. 

8.2.5. Central limit theorem 

8.2.6. Binomial distribution, binomial approximation to normal and binomial equation. 

8.2.7. Standard error of mean and proportion 

8.2.8. What does the “p-value” mean; its interpretation, strengths and limitations. 



Part – 1: Probability 

8.3. Definition. Probability stands for the relative likelihood that a certain event will or will not occur, relative to some 

other events. We can derive probabilities in one of two ways: empirically or theoretically. 

8.4. Empirical Method of Deriving Probabilities. An example of how we work out empirical probabilities is given 

in Table 8.1. Each of us has invited our friends, for a dinner or cup of coffee outside. Let’s say we can categorize the 

friends whom we invited, into four mutually exclusive types based on the hotel we hosted them.  The details given 

in Table 8.1, tell us about the hotel that we invited our friends, who were invited to a particular hotel, the number 

who accepted our invitation for that particular hotel, and the percentage of our friends who were invited actually 

accepted for going to each of these four types. The last column thus gives us the probability of their going to the 

particular hotel in future, assuming nothing has changed. The key point is that the probability, based on past 

performance, holds true now and in the future only under similar circumstances. If the circumstances have changed 

(e.g., the hotel has become so costly as to be beyond our means, or the hotel has closed down, or some better hotels 

which are also more economical have come up), then these probabilities no longer apply.  

Table- 8.1 : Our invitations and acceptance by friends to various hotels 

Hotel Number invited Number accepted Percent accepted 

Ashoka 10 3 30.00 

Marriot 12 5 41.67 

Clarks 5 1 20.00 

Highway “Dhaaba” 23 21 91.30 

Total 50 30 60.00 

 

Another classic example of empirically derived probabilities is the tout sheet sold for horse races. The odds they give 

(another way of expressing probabilities) are based on how well the horse did in races of the same length, under the 

same track conditions, and ridden by the same jockey. Almost all of the probabilities we encounter in the medical & 

health field are derived empirically. For instance, the probability of survival for a cancer patient is based on the known 

survival rates of similar patients who have the same stage of disease and have undergone the same treatment regimen. 

Our definition also assumes that if any of these factors change, such as admitting patients at an earlier stage or changing 

to a newer treatment regimen, these empirical probabilities do not hold good. 

8.5. Theoretical Method of Deriving Probabilities. Let us see what happens in a game of dice in a casino. The odds 

given for rolling a 7 or 11 on the first throw, or hitting a certain number, are not based on the experience of the person 

throwing the dice; they’re figured out based on the theory of probability. To take a simple example, let’s roll a die. 

Each of the six sides has an equal likelihood of ending up on top, and which one actually appears is a purely random 

event. Consequently, the probability of rolling a 3 on this one toss of the die is one in six, or 0.1667; we don’t have to 

do this experiment 1,000 times to find this out. We can get even fancier and calculate the probability of getting a 10 

with one roll of two dice (there are 4 ways of getting this if two dice are thrown simultaneously i.e., 4 and 6, 5 and 5, 

5 and 5, and 6 and 4). All of these calculations are based on our knowledge of the likelihood of occurrence of various 

chance events, which is the essence of probability theory, called as theoretically derived probabilities. 



8.6. Mutually Exclusive And Conditionally Dependent Events To understand probability theory, it is necessary to 

differentiate between two types of events: those that are mutually exclusive and those that are conditionally 

dependent. 

8.6.1. Mutually Exclusive Events. Two events, X and Y, are mutually exclusive if the occurrence of one precludes the 

occurrence of the other. The simplest example of this is flipping a coin; heads and tails are mutually exclusive because 

if the head side appears, the tail side won’t, and vice-versa. Which party a person votes for in an election for a specific 

office is a mutually exclusive event. However, how a person voted in the last elections for all candidates may not be 

mutually exclusive; the voter may have voted for one party for some offices and for another party for other offices. 

Closer to health care, respiratory acidosis and alkalosis are mutually exclusive events; if you have one, you can’t 

simultaneously have the other. On the other hand, cardiac disease and esophageal reflux are not mutually exclusive. 

If a person has some chest pain, and the ECG confirms the presence of an infarct in the heart, it doesn’t necessarily 

mean that the person cannot have oesophageal reflux at the same time. 

8.6.2. Conditionally Dependent Events. Two events, X and Y, are conditionally dependent if the outcome of Y depends 

on X, or X depends on Y. Returning to the gaming tables, the probability of throwing a 5 with a single toss of two 

dice is 11.11% - there are 36 possible combinations, four of which yield a 5 (1 and 4, 2 and 3, 3 and 2, and 4 and 1). 

However, if we throw the dice one after the other, and the first die comes up a 1, then the probability that the sum will 

be 5, is one in six, or 16.67% (only if we get a 4 in the second die, it will add up to 5, no other way). That is, the 

probability of a 5, conditional on the first die being a 1, is 0.1667. Using the example in Table 8.1, our overall or 

unconditional, success rate for our friends accepting our invitation to come to a hotel, was 30 out of 50, or 60%. 

However, our hit rate with Ashoka was 30%; that is, our success (Y), conditional on having already chosen Hotel 

Ashoka (X), was 0.30, or 30%. Turning to health care related examples, we’ve all heard that the life expectancy of a 

person in India is somewhere around 67 years. But this doesn’t tell the whole story. Women live longer than men; 69 

years for females born in 1960s as opposed to 65 years for males born in the same year. Rural people’s life expectancies 

are about 5 years less than this, and all the figures are about 3 years more than for people born in 1950s. So the 

probability of a person living to be 80 is conditional on several factors, such as gender, rural-urban residence and year 

of birth. The difference between mutually exclusive and conditionally dependent events is important because we have 

to figure out probabilities differently for each of them. 

8.7. Mutually Exclusive Events and the Additive Rule. To illustrate the difference between mutually exclusive and 

conditionally probable events, let’s consider Hyperthyroidism (over-functioning of thyroid gland), Euthyroidism 

(normally functioning thyroid) and hypothyroidism (low functioning thyroid gland). However, as given in Table – 

8.2, these conditions don’t occur with equal frequency; Hyperthyroidism is relatively less, and only 10% of our 

patients who come to Endocrinology department suffer from this, as opposed to 30% from hypothyroidism and 60% 

are euthyroid. Moreover, the proportion of males and females is different for each disorder; these are given in Table 

8.3.  

Table – 8.2 : Showing proportion of patients in Endocrinology according to 

Thyroid status and distribution according to gender 

Type Overall Male / Female %  



Hyperthyroid .10 50/50  

Hypothyroid .30 30/70  

Euthyroid .60 80/20  

 

Now, what is the probability that the next person through the door has either Hyper or Hypothyroid disorder? These 

are mutually exclusive events, so if the patient has one, he or she can’t have the other. Thus the probability is .10 plus 

.30; that is, there is a 40% probability that the person has either hyper or hypothyroid disorder; and, by extension, a 

60% probability that he or she is euthyroid. Why do we add the probabilities (rather than, say, multiplying them or 

taking their square roots)? It may help if we think for a moment in terms of bodies instead of proportions. If there 

were a total of 100 patients in our ward, 10 would have hyperthyroidism, 30 would suffer from hypothyroidism, and 

60 would be euthyroid. So the condition would be satisfied (i.e., the next person through the door has either hyper or 

hypothyroidism) if he or she were 1 of the 10 from the first group or 1 to 30 from the second; in other words, 40 of 

the 100 patients would satisfy the condition, and 60 would not. We can summarize what we’ve said by the additive 

rule: 

If X and Y are mutually exclusive events, then the probability of X or Y is the probability of X plus the probability of 

Y. For obvious reasons, this is called the addictive law. Put into formal statistical equation, it is: 

Pr (X or Y) = Pr (X) + Pr (Y) 

Where “Pr” is statistical shorthand for “probability”. Needless to say, we’re not limited to just two events; the same 

law holds with as many mutually exclusive events as we want. 

8.8. Conditionally Probable Events and The Multiplicative Law. Now, let’s change the question a bit. What’s the 

probability that the next patient will be a male and also euthyroid? These are not mutually exclusive events; a  person  

who is euthyroid can be either male or female. However, we know from experience that euthyroid is more common 

in males. This is a case of conditional probabilities because the probability that the patient has the diagnosis is 

conditional on the probability that the patient is a male (and vice versa) . We can see from table 8.3 that 80% (48 out 

of 60) of euthyroid patients are male, 50% of patients with hyperthyroidism are male, and 30% of hypothyroid patients 

are men. One way to answer this question is to redraw the table, giving the number of males and females with each of 

the diagnoses (we have done this in table 8.3 below). We have based this on having 100 patients so that we are working 

with whole numbers, but this will work with any number. We see that 48 of the 100 patients in our ward are males 

with euthyroidism, so the answer is that there is 48% chance that the next patient admitted to our ward will be a male 

and will be euthyroid. 

Table – 8.3 : Distribution of patients in Endocrinology Department according to Thyroid status and Gender 

Status of Thyroid function Males Females Total Remarks 

Hyperthyroid 5 5 10 These are actual 

number of patients 

with the three type of 

conditions 

Hypothyroid 9 21 30 

Euthyroid 48 12 60 

Total 62 38 100 

 



We can get at the answer another way, by looking only at the row and column written as “Total”. In statistical 

parlance, we say that we’re looking at the “marginals”. The probability of having euthyroid is 60/100, or .60, whereas 

the probability of being a male, if the diagnosis is euthyroid, is 48/60, or .80. So, the probability that both events occur 

together (i.e., a male with euthyroid) is .60 X .80 or = 0.48, or 48% , which is exactly what we got before. We 

multiplied in this case because we’re looking at a part of a part. That is, some of the people are male (the others are 

female); and, looking at the patients from the other perspective, some of the total are euthyroid (the remainder have 

hyper or hypothyroid disorders). So, of the 60 patients who are euthyroid, 80% of them are male. Using this technique 

of multiplying probabilities means that we can figure out the conditional probabilities by simply knowing the 

individual probabilities that certain events will happen, and we don’t have to make up a table such as table 8.3. So this 

rule reads: 

If X and Y are conditionally probable, then the probability that both will occur is the probability of X times the 

probability of Y, given X has occurred. It goes without saying that is referred to as the multiplicative law, which is 

written in statistical language as: 

Pr (X and Y)= Pr (X) * Pr (Y| X)  

Where the symbol Pr (Y|X) means the probability of Y given X has occurred; in our example, it is the probability of 

being a male, given that the patient is euthyroid. So, translating this question from statistics into English, it reads, “The 

probability that the patient is euthyroid [X] and is a male [Y] is the probability of being euthyroid [Pr(X)] times the 

probability of being male, given that euthyroidism is present [Pr(Y|X)].” 

Just for practice, let’s run through another example. The probability that the patient is a female with hyperthyroidism 

is the probability of hyperthyroidism (.10) times the probability of being female, given a diagnosis of hyperthyroidism 

(.50), which works out to 5%. The probability of a female with hypothyroidism is 21%. (Please work it out yourself). 

8.9. Independent Events. Many events are neither mutually exclusive nor conditionally probable; they are 

“independent” of each other. A problem arises when events which are independent of one another are mistakenly 

assumed by us to be “conditional”. Let us again assume that you are in a game involving tossing of a coin. Assume 

that the result of last five tosses have all been “tails”. Now, you know that assuming that the coin and the person 

tossing it are honest, head and tail have the same probability of appearing, so half the times it should turn up heads 

and half the time as tails. What is the probability that the next toss result will be “heads”. The fallacy here is thinking 

that the next toss is conditional on the previous five tosses, and that after a long run of “tails” the probability of a head 

is higher, so as to make the overall proportion of heads and tails as 50% each, in the long run. However, the coin does 

not have a memory and has never studied the probability theory; it does not “know” what the pervious results were. 

Hence the probability of a head on the sixth toss would also be 50% (and not much more than 50% since the previous 

five tosses have been tails); i.e., exactly what it would have been when starting each of the previous five tosses. That 

is, the outcome is not “conditional” on the previous result; each tossing is an “independent” experiment. Closer to 

health care – many couples who are too socially driven to have a male child, keep having female children, one after 

the other, in the false probabilistic assumption that since they already had five or six female children till now, the next 

one would surely be male – but we know this does not happen, since the probability of having a male or female child 

is 50% for each pregnancy, irrespective of what was the gender of the previous babies. 



Part – 2: Probability Distributions. 

There are a number of probability distributions used in statistics, namely, normal, binomial, poisson, and 

exponential distributions. However, for all practical purposes, in medical research and clinical statistics, we need to 

understand the normal distribution and binomial distribution, which are being dealt with in detail in this unit. 

8.10. Normal Distribution. The most commonly and widely used probability distribution, particularly in medical 

research and Biostatistics is “normal distribution”. It is also known as “Bell distribution” (because of its shape which 

resembles a bell or an inverted “U”) as also the “Gaussian” distribution (after the statistician who discovered it). It is 

important to have an understanding of this distribution, because of the following reasons: 

 Most of the statistical procedures that we shall we discussing in this syllabus (as large sample Z test for means, 

“t” test, ANOVA, etc.) are based on the assumption that the data comes from a normal distribution. 

 Most of the natural phenomena are approximately “normally” distributed, especially if the data has been derived 

from a large number of subjects. Thus, the data on various continuous variables (as blood pressure, height, age, 

blood cholesterol, and so on), once drawn from a large number of subjects and plotted (as per details given in 

succeeding paragraphs) will show an approximately normal distribution. 

 Thirdly, the importance of normal distribution is derived from the “Central Limit Theorem”, which states that 

if we draw equal sized samples even from a “non-normally” distributed population, the distribution of means of 

these samples will still be “normal” as long as these samples are large enough (in this context, as a general 

guideline, large enough sample is taken to be at least 30 or above). Thus, even if data is not normally distributed, 

the distribution of means of these samples will be normally distributed (as long as the size of these samples is 

large enough, i.e., at least 30) and hence most of the statistical tests (as large sample Z test, “t” test and ANOVA 

can still be applied). To state in technical language, the Central Limit Theorem (CLT) states that if X1, X2, ----- 

Xn are the values of various observations from a random sample drawn from some population with a mean as 

“µ” and variance as S2, then for a large sample (n = 30 or more), the sample mean X is approximately distributed 

as N (µ ÷ S2 ), even if the underlying distribution of the individual observations in the population is not normal. 

This theorem is very important because many of the distributions encountered in medical practice and research 

are not “normal”. In such cases, the central limit theorem can often be applied. This will allow us to undertake 

statistical procedures to draw inference about the population, based on approximate normality of sample mean, 

despite the “non-normality” of the distribution of individual observations. 

8.11. Normal distribution and the “Standard Scores”. Now, if thousands of the various continuous variables are 

normally distributed, each with its own mean and SD, we would need hundreds of tables to give us the necessary 

specifications of these distributions. This would become too unwieldy. Hence, the science of statistics has found a 

way to transform all normal distributions so that the various distributions use the same scale. The idea is to specify 

as to how far away an individual value is from the “mean”, by describing its location in “standard deviation (SD)” 

units from the mean. When we transform a raw score in this manner, what results is a “standard score”. A standard 

score is denoted by the symbol “Z” and is a way of expressing any raw score in terms of SD units. Let us explain 

this with an example. Suppose we found out as to how many days in a month of 30 days did a sample of 10 adult 

middle aged males went out for jogging or brisk walking. Of the 10 subjects, the number of days (in a month) on 



which they walked / jogged were: 4,7,3,1, 12, 18, 16, 9, 11 and 9. The mean was 9 days and the SD was 5.22. Now, 

the Standard score is calculated as: 

Z = (X – X) ÷ s (where “s” is the SD, X is the raw score of particular individual value , X is the mean and Z is the 

Standard Score. Thus in the above example, a raw score of 1 day exercise in a month corresponds to 

Z = (1 – 9) ÷ 5.22 = (-) 1.53. This means that this value (1 day jogging in a month) is located at – 1.53 SD units or 

1.53. SD units below the mean. We can do this scoring with all the numbers and these are presented in Table- 8.4 

below 

Table – 8.4: Data on days of running / brisk walking in a month for 10 

subjects transformed into standard scores 

 

No. of days of  running / jogging (X) 

“Z” = (X – X) ÷ s 

(X = 9; s = 5.22) 

1 - 1.53 

3 - 1.15 

4 - 0.96 

7 - 0.38 

9 0 

9 0 

11 0.38 

12 0.57 

16 1.34 

18 1.72 

 

There are a few points we should note regarding standard scores, which we can discuss using the data in table 8.4. 

Firstly, the Z score of 9, which corresponds to the mean has a raw score of zero. Secondly, if we add up all the Z 

scores, there sum is nearly “0.0”(except a little bit of rounding errors). Thirdly, if we take all the numbers in the 

column under “Z” in table 8.1 and calculate the SD, the result will be “1.0”. Thus, by definition, we could convert 

any group of numbers in a normal distribution into Z scores, they will always have a mean of 0.0 and SD of 1.0. 

8.12. The basics of a normal curve. For understanding how we draw a normal curve for the purpose of illustration, 

we collect the data on a continuous variable, from a large number of subjects (say at least 1,000 subjects). We 

thereafter make a frequency distribution table with very narrow class intervals. (We have already explained 

frequency distribution table in Unit – 4). As a hypothetical example, the frequency distribution table of serum 

creatinine values from blood samples of 1000 young, healthy male athletes is described according to very narrow 

class intervals (each of 0.1 mg interval) in the following table 8.5  

Table – 8.5 : Serum creatinine values according to 

very narrow class intervals of 0.1. mg each 

Serum Creatinine value Number of Subjects 



0.90 - 1.00 9 

0.80 - 0.90 13 

0.70 - 0.80 32 

0.60 - 0.70 122 

0.50 - 0.60 340 

0.40 - 0.50 316 

0.30 - 0.40 112 

0.20 - 0.30 28 

0.10 - 0.20 17 

0.00 - 0.10 11 

Total 1000 

 

Now, based on the above data in Table – 8.5, and as explained in Unit 4, we make a histogram. Since the class 

interval is very narrow, the individual bars will also be very narrow in width. This is shown in Fig-8.1 below. 

 

Now, imagine we flipped the above histogram by 90O anticlockwise so that the bars became vertical instead of 

presently horizontal. Thereafter, we joined the mid-points of the top surface of each bar with each other, in the form 

of a line diagram, it would appear as shown in Fig – 8.2 below. 

9

13

32

122

340

316

112

28

17

11

0 50 100 150 200 250 300 350 400

1
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Now, as a final step, we “smoothened out” the angles in the line diagram in Fig-8.2, to give it a smooth finish. The 

final curve would appear as shown in Fig – 8.3. 
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Fig - 8.2: Histogram of serum creatinine levels in Fig -
8.1 converted into a line diagram by joining the mid 

points of the top surfaces of the bars
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Fig - 8.3: Line Diagram of Fig-8.2, of serum creatinine 
levels with curve smoothened out



8.13. Characteristics of Normal Curve. The above curve shown in Fig 8.3 is a clasical “normal curve”. Please keep 

having a look at Fig 8.3 and Table – 8.5, as we discuss the specific properties of a normal distribution, which are: 

 It is “bell shaped” or “inverted U” shaped. 

 The mean, median and mode are all centrally located and all have the same value. (In our above example of 

serum creatinine, the mean was 0.501, while the median and mode were 0.50 each. 

 The mean of the distribution is 0.0 and the SD is 1.0 (this has already been explained earlier in this unit). 

 The curve is symmetric around the mean; the skew is zero. 

 The tails of the curve get closer and closer to the X – axis as you move away from the mean, but they will 

never actually touch the X axis no matter how far out you may be going. 

 The mean of the curve is denoted by “µ” (pronounced as “mu”) and the SD by “s”. 

 Now also look at Table – 8.2, for the following properties of normal distribution (for your ease, we may tell 

you that the mean value of serum creatinine in the data in table 8.5 is 0.501 and the SD is 0.101: 

o 34% of the values are located in the zone of Mean plus 1 SD. In table 8.2, mean = 0.501, SD = 

0.101, thus mean + 1 SD = 0.501 + 0.101 = 0.602. You will see that 340 (i.e., 34% of 1000 

subjects studied) values are between 0.50 and 0.60 in the table. 

o Similarly, 34% of the values will be located in the region of Mean – 1 SD. In our data Mean – 1 

SD = 0.501 – 0.101 = 0.40. You will see that 316 (which is 31.6% or nearly 34% of the total 1000 

values) are located between 0.5 and 0.4. 

o 13.5% of the values will be located between mean + 1SD and Mean + 2 SD; similarly, 13.5% 

values will be between Mean – 1SD and Mean – 2 SD. As seen from table 8.2, it is approximately 

that much between mean - 1SD and Mean - 2 SD (i.e., 0.501 – 0.101 and 0.501 – 0.202, in which 

11.2% values are located; while between {mean + 1SD and Mean + 2 SD}, i.e., 0.501 + 0.101 and 

0.501 + 0.202, 12.2% of the values are located. 

o Finally, 2.2% of the values will be located between mean + 2 SD and mean + 3SD AND between 

mean – 2 SD and mean – 3 SD (see it for yourself). 

o From the above, we can also derive that 34% of the area under the normal curve falls between the 

mean (“µ”) and 1 SD above the mean (“µ” + 1 s), and since the curve is symmetric, it follows that 

another 34% falls between “µ” – 1s. So, roughly slightly more than two-thirds of the area (68% to 

be percise) is between + 1s and – 1s. Further, 13.5% is the area between + 1s and + 2s (and also 

between – 1s and – 2s); thus 47.5% of the area is between “µ” and + 2s (as well as between “µ” 

and – 2s), and hence 95% of the area falls under + 2s and – 2s. A diagrammatic presentation is 

given in Figure 8.4 below. 



  

 

 

8.14. Z-Scores & Area Under the Normal Curve. Nearly all the books on statistics will have, as an appendix, a 

table, titled “Area under the Normal Curve”. For the ready reference of our students, so that they do not have to keep 

searching for a book on statistics every now and then, a part of the table of the normal curve is reproduced herewith 

in table – 8.6 below: 

Table – 8.6 : Z-scores  table  of area under the normal curve 

Z - score Area below the curve Z - score Area below the 

curve 

Z - score Area below the curve 

0.00 0.0000 0.80 0.2881 1.60 0.4452 

0.10 0.0398 0.90 0.3159 1.70 0.4554 

0.20 0.0793 1.00 0.3413 1.80 0.4641 

0.30 0.1179 1.10 0.3643 1.90 0.4713 

0.40 0.1554 1.20 0.3849 2.00 0.4772 

0.50 0.1915 1.30 0.4032 2.20 0.4861 

0.60 0.2257 1.40 0.4192 2.40 0.4918 

0.70 0.2580 1.50 0.4332 2.57 0.4949 

  

Please note that in table 8.6, the heading “Z score” is in SD units. Thus, 0.10 means “one-tenth of the SD”. 

Secondly, the table starts at 0.00 and goes up to 4.00. However, we have given only a few values upto 2.57, since 

0

50

100

150

200

250

300

350

400

0.0 -
0.10

0.10 -
0.20

0.20 -
0.30

0.30 -
0.40

0.40 -
0.50

0.50 -
0.60

0.60 -
0.70

0.70 -
0.80

0.80 -
0.90

0.90 -
1.00

N
u

m
b

er
 o

f 
su

b
je

ct
s

Mean (µ)

Fig - 8.4:Area Under the Normal Curve in Relation to 
Mean & SD Units

           - 3 SD   - 2 SD  - 1 SD  Mean    + 1 SD   + 2 SD  + 3 SD 



beyond 2.57 SD, very few values (approximately 1.0 % on either of upper or lower side) are present. Thirdly, since 

the curve is symmetric and so values from Z score of 0.00 till 2.57 can be used as above, either with a plus sign or 

with a minus sign. For example, if we want to find the area between mean + 1 SD, it will be + 0.3413 (or, + 34.13%) 

and if we want to find out the area between mean and – 1 SD, it will also be (-) 0.3413 or (-) 34.13%. Fourthly, by 

simple logic, the total area between + 1 SD and – 1 SD will be (0.3413 + 0.3413)  = 0.6826 or 68.26%. Also, be 

careful when looking up the Z table in different books. Some books show the area in the same manner as I have 

shown, giving the value of mean (Z = 0.00) and the value of Z (or “SD” or “x / SD”), in the way it is labelled in 

table-8.6. Some books show the area to the “left” of Z; these are easy to identify since the area equivalent to Z = 

0.00 is 0.5000 rather than 0.0000. Some other books give the area to the right of Z, while yet some other books may 

give the areas both to the right as well as left of the mean (i.e, both sides of Z = 0.50). So be sure about the table of Z 

which you are looking at; however, the fundamental principles remain the same. 

8.15. Examples for Understanding Normal Curve. Now, to understand the normal curve and Z table, let us study an 

example: A survey of 1600 young, physically active and healthy males regarding their LDL-Cholesterol levels 

showed that the Mean LDL was 100 mg / dL with a SD of 15. Now let us solve the following problems: 

 How many persons would be having LDL levels of upto 122.5 mg / dL ? Now, first we have to transform 

122.5 to a Z score, using the equation given earlier (“Z” = (X – X) ÷ s). Thus we get that Z= (122.5 – 100) 

÷ 15 = 1.50 (this is better interpreted as + 1.5 SD units). From Table – 8.6 we can see that area of curve 

between mean and + 1.50 SD is 0.4332. Thus, it tells us that 43.32% subjects have LDL values between 

100 and 122.5 mg / dL. However, we want to know about all the persons who have LDL of 122.5 and less; 

so, we will have to add another 50% (since the mean is 100 and hence 50% of the persons already have the 

LDL of 100 and below, while 43.32% have it between 100 and 122.5. So, the answer is (50.00 + 43.32) = 

93.32% of the 1600 persons studied, i.e., 1493 persons out of 1600 studied would have LDL levels of 130 

and less. 

 How many persons have LDL levels of less than 70 mg / dL? Once again we will convert the value into a Z 

score as Z = (70 – 100) ÷ 15 = - 2.00. Now, our table – 8.3 does not have negative Z scores but as we 

already know the curve is symmetrical, so the vales above 0.00 till +2.00 will be mirror image of values 

between 0.00 till – 2.00. So we ignore the minus sign but remember it for later interpretation. As we see, in 

our table, the area corresponding to Z score of 2.00 is 0.4772. This is the area between Mean + 2 SD and 

also between mean – 2 SD and since the sign was negative, we use the latter figure of – 0.4772. So, 47.72% 

persons have LDL values between 70 and 100. But our question was the percentage of persons having LDL 

below 70. Now, since the total area between the extreme left and the mean is half the total curve, (i.e., it is 

0.5000), the area below 2 SD will be (0.5000 – 0.4772) = 0.228. Thus 2.28% of the 1600 persons (i.e., 37 

of the 1600 persons) would have LDL values of less than 70 mg / dL. 

 How many persons have LDL values between 106 and 112 mg / dL? We again start by changing the 

numbers into Z scores; for 106 it is +0.40 and for 112 it is + 0.80 (try to calculate it yourself). Table 8.6 

tells us that the area between Mean +0.80 is 0.2881 and between mean and +0.40 is 0.1554. Since our 



interest is the area between these two, the difference comes to (0.2881 – 0.1554) = 0.1327 or 13.3% ( i.e., 

213 of the 1600) subjects will have LDL values between 106 and 112. 

 What values of LDL will define the limits of 95% of the subjects in this study (i.e, 47.5% above the mean 

of 100 and 47.5% below this mean). Now, this is a reverse type of question. We can see from the table 8.3 

that 47.5% (or 0.4750) corresponds approximately to SD score of +2 on upper side and – 2 on lower side. 

Now using the equation Z = (X -  X) ÷ SD, we get as follows: 

o +2.00 = (X – 100) ÷ 15; and solving it we get X = 130. Similarly, for the lower limit of 47.5% (- 2 

SD), we get it as 70. Thus, 95% of the subjects will have LDL levels between 70 and 130 mg / dL. 

Of the remaining 5%, 2.5% will have LDL below 70 while another 2.5% will have LDL above 

130 mg / dL. 

8.16. The Binomial Distribution. Let us have a look at the following statements: 

 During our daily morning hospital indoor rounds we will find that a given patient is either alive or dead. 

 While seeing patients in the OPD, the patient will be either a male or a female. 

 For a given patient with “weakness”, we will either order for a Haemoglobin estimation or not ask for it. 

The common feature in the above statements is that they all express the probability of a “dichotomous” event (that 

is, “either / or” event). As we explained earlier that the “normal curve” describes how a continuous variable (as 

blood pressure, height, blood cholesterol level, etc.) would be distributed if we measured it in a large number of 

people. However, the above examples are not of continuous variables but of “dichotomous” events. Like the normal 

distribution describes the distribution of a “continuous “variables, the “Binomial” distribution describes the 

distribution of a dichotomous variable, when such a variable is measured on a large number of subjects. Thus the 

binomial distribution shows the probabilities of different outcomes for a series of random events, each of which can 

have only two sets of values (either “this” or “that”). The equation for working out the probability of dichotomous 

distributions is by means of an equation called “binomial expansion”. Let us clarify the binomial expansion with an 

example: Let us say that our hospital quality control department has studied our hospital data for past 5 years and 

has told us that 20% of the post CABG patients in our hospital will need mechanical ventilation for more than 5 

days. If we have performed a total of 15 CABG today, what is the probability that 5 of them will need ventilator 

support for more than 5 days. The above exercises are solved by the binomial equation, which is as follows: 

 
 
 
 
 
 
 
 
 
 
Here, “n” is the total number of “objects” in the set, which in our example is 15; “r” is the number of “objects” that 

we are looking for, which in our example is 5; “!” (pronounced as “ha”) means “factorial”, which is further defined 

n!  

      X  pr q(n – r) 

r! (n-r)! 



as (n! = n X (n – 1) X (n – 2) X -------- X 1); “p” is the probability of the outcome of interest occurring on each trial 

(20% or 0.20 in our example); “q” is the complement of “p”, i.e., ( 1 – p), i.e., 0.80 in our example. So we can solve 

the binomial expansion in our above example as: 

 

8.17. Example of Binomial Distribution. Probability that 5 out of the 15 CABG surgeries performed today will need 

ventilatory support for more than 5 days =  

 
 
 
 
 
 
 
 
 
To clarify, 15! Will work out as: (15 X 14 X 13 X 12 X -------------- X 3 X 2 X 1). Of course nowadays, you don’t 

have to make these calculations manually. Pocket calculators with statistical functions will calculate n! for you. 

Solving the above equation, we get the answer as 0.103 (or 10.3%). Thus the probability that out of the 15 CABG 

done today, 5 will need ventilation for more than 5 days is 10.3% and we should prepare our intensive care unit 

accordingly. 

Another unique quality of binomial equation is that if the “n” is fairly large (i.e., at least 30 or more) and as the value 

of “p” becomes closer to 0.50, a plotting of the binomial distribution will start taking a shape which is same as that of 

a normal distribution, i.e., an inverted “U” or bell shaped curve. This is called as “Binomial Approximation to the 

Normal” and hence the statistical properties of a binomial distribution can be used in the same way as we use statistical 

properties of normal distribution, provided that the “n” (number of objects or subjects in a study) is “large enough”, 

i.e., 30 or more. In such a situation, the properties of a binomial distribution are given as 

 Mean = n X p 

 Variance = n X p X q 

 SD =  √ n X p X q 
 
8.18. Extrapolating the findings from the sample to the large population from which the sample was drawn. As 

we said earlier, in epidemiology and medical research, we always study a sample drawn from a reference population 

and then try to make estimations about the population from which the sample was drawn. This, in fact is the major 

utility of statistics – studying a representative sample and thereafter making estimates about the large population from 

which the sample was drawn, based on findings from the sample. Again, knowledge of normal and binomial 

distributions come very useful in making such estimates. (Students are requested to refer back once again to Unit-4 

before reading the text that follows herewith). 

Our central assumption, backed by the “central limit theorem” (described earlier in this unit) is that if we take repeated 

samples of reasonably large size (i.e., of at least 30 subjects in each sample), from the same population, then each 

sample will give us a mean (or a “proportion” in case of qualitative - dichotomous data). Now, if we plot the various 

15!  

    X  0.25 q(15 - 5) 

5! (15 - 5)! 

 



values of means so obtained from these repeated samples, the distribution of such “means from various repeated 

samples from the same population” will also follow a “normal” distribution whose mean will be approximately same 

as the sample mean and the “Standard Deviation” of this distribution, which is actually known as “Standard Error 

(SE)” will be equal to {SD  ÷ (√n)}. Now since the distribution in the population is also following a normal 

distribution, and the SD in the large population is actually the “SE”, calculated as above, we can now make estimates 

about the population, based on our knowledge of sample mean and SD. Thus, in the example of LDL given above, 

Mean = 100 and SE = {SD  ÷ (√n)} = {15  ÷ (√1600)} = 15 ÷ 40 = 0.375. Thus, in the population of large, 

young healthy subjects from which this sample was drawn, 95% of the values of means would be between Mean ± 2 

SE, i.e., 100 ± 2 X 0.375 = 100 ± 0.750 = 99.25 to 100.75. Thus we can conclude by saying that we are 95% confident 

that the actual value of mean LDL in the population will be between 99.25 and 100.75 mg. This is what is known as 

95% Confidence Interval (95% CI).  

Similarly, in case of a proportion, the SE of a proportion can be calculated as { √( p X q) ÷ n} and the 95% Confidence 

Interval of the proportion (p) in the population can be again calculated as (p ± SE X 2). For example, in the above 

study of 1600 subjects on LDL, if 20% subjects were smokers (p= 0.20), “q” will be (1-p) = 0.80 and                                   

SE of p = { √( p X q) ÷ n} = { √( 0.2 X 0.8) ÷ 1600} = 0.04. Thus 95% CI of ‘p” will be=      0.20 ± 2 X 0.04 = 0.12 

to 0.28. Thus we can say with 95% confidence that between 12% to 28% persons in the total population are likely to 

be smokers. Further elaboration on 95% confidence intervals will be made in a subsequent unit. 

8.19.  Check Your Progress – 1 

1. A couple already has four female children. They are now planning a fifth child, desperately wanting a male child 

this time. The probability that the child which will be conceived now will be a male is: (a) 100% (b) 80% (c) 50% (d) 

20% (e) 0%. 

2. The equation “Pr (Y ǀ X) stands for: (a) Probability of Y given X has occurred (b) Probability of X given Y has 

occurred (c) Probability of both, X and Y, given X has occurred (d) Probability of both X and Y, given Y has occurred 

(e) Probability of X added to probability of Y. 

3. Gall bladder stones are found in 10% of all surgical patients in our surgical ward. In our surgical ward we have 40% 

females and 60% male patients. Among patients of gall bladder stones, 80% are females. What is the probability that 

a patient in our surgical ward will be a male having gall bladder stones: (a) 32% (b) 24% (c) 4.8% (d) 1.2 % (e) 0.24%.  

4.  Probability distribution which deals with a dichotomous variable is: (a) Normal (b) Poisson (c) Binomial (d) 

Gaussian (e) Exponential.  

5. In a normal distribution, once the values are arranged in an ascending (or descending) order, then 95% of the values 

will be covered by Mean + : (a) 1 SD (b) 2 SD (c) 3 SD (d) 4 SD (e) 5 SD. 

Part – 3: The "P - Value"  

8.20. Introduction to the Concepts of “p-value”. For most of the medical researchers, the “p – value” is the most 

enchanting and sought after entity. I have seen a number of my students coming to me with their huge data-sets and 

requesting me to do something so that a “significant p-value” can be obtained! Many of us seem to be obsessed with 

the p-value without even understanding what it really stands for, and what its limitations are. It is therefore of much 

relevance to have a discussion on the various aspects of “p-value”, which we will undertake in the present section of 



this unit. 

To define, “p-value” is a probability based statement which gives the probability or chance of the results from our 

sample, to be different from the truth which exists in the total reference population (from which the sample was 

drawn), purely because of the play of “random error” or “chance” or “sampling error” or “sample to sample error”, or 

“sampling variations” or “sample to sample variations” (all these terms in quotations mean the same), provided all 

other aspects in the research have been undertaken in a valid and reliable manner. The definition thus has three 

important components – (i) firstly, it is a numerical expression of probability, not a mathematical figure which gives 

certainty (ii) Secondly, it only tells us the probability of the results from our sample studied to be different from the 

truth in the total population, simply due to the play of “chance” or “random error”, and (iii) Thirdly, it assumes that 

otherwise the methodology by which our study has been designed and conducted has been valid and reliable; it thus 

does nothing to correct or estimate any flaw that may have occurred in the validity and reliability of our study design 

and methods.  

To draw inferences about human diseases and their treatment, we usually go ahead with drawing an adequate and 

representative sample from the population and generalize from this sample regarding the population with certain 

degree of certainty. This process of generalizing from the sample to the population is called statistical inference. Let  us 

say, we started with a research  question  "Do patients  of acute Myocardial Infarction (M.I.) (commonly called as 

“heart attack”) give a  history  of higher coffee intake, on an average, as compared to  healthy people?"  Now, 

apparently, we are referring to 2 very large "total populations" - a large total (reference) population of millions of 

acute M.I. patients all over the world and another large population of millions of healthy persons. 

Theoretically   at  least,  for  answering  the   above research  question,  we should find the  details  of  coffee 

consumption from all the innumerable acute M.I. patients  as well  as  healthy persons all over the world, work  out  the 

"average" coffee consumption in both the groups and then  we would make  a definite conclusion 

about  the  "reality"  or "truth"  that  exists in the two large  populations,  as  to 

whether  coffee  consumption  is  higher  among  the   total population  of acute M.I. patients as compared to the  total 

population of healthy persons. You would say that the above method of studying billions of people all over the world 

is absurd! Yes, it is.  We certainly won't study the billions of people in the two total populations.  The correct approach 

to be adopted is that we would take a "sample" of, say, 100 patients of acute M.I., and another 100 normal healthy 

persons (representing the two total reference populations of millions of acute M.I. patients and billions of healthy 

persons).   We  shall then  find  the  details  of  coffee  consumption  from  the subjects  in  these  two " samples" of 

100  each  and  would compute the mean coffee consumption in the two groups. 

Let  us say  that  we found, in  our  samples  of  100 M.I. patients  and 100 healthy persons, that 

the  average  coffee consumption among M.I. patients was 5.3 cups per day, while among healthy persons it was found 

to be 2.1 cups per  day.  Now, with the findings of this sample, we would immediately tend to generalize our findings 

on the two large reference populations by saying that acute M.I. patients drink more coffee as compared to 

healthy  people.   Coffee  drinking, therefore,  is  a cause of M.I. We may go to the  extent  of recommending ban on 

the production and sale of coffee ! But, is it absolutely certain that the `reality' that exists in  the 2 large populations is 

that  M.I. patients drink more coffee, on an average? It is quite possible  that the  next 



samples  of  100  each,  from  the  two   reference populations,   may   show exactly  opposite   results   by giving the 

results  that healthy persons drink on an average 5.6 cups while acute M.I. patients drink an average of 2.0  cups (i.e, 

the healthy people drink more coffee).  And,  finally, the  truth  that exists in the two  large  populations (and which 

we do not know; in fact nobody knows what  the  exact truth is),  may be that both the large populations  may  be 

having an average coffee consumption of 2.1 cups each, i.e., in  reality,  there may be no difference.   My students 

may be skeptical of these statements at  this stage -  if  we  have  taken all  precautions  to  take  a 

"representative"  sample, from  the total  population,  then the results  from this sample should  be  "representative".  

How  can it happen that despite taking a representative  sample, our results could be different from the "reality" or 

"truth" that exists in the total populations.  This can only  occur if  we  have either not taken a 

representative  sample,  or else, something  has gone wrong in the  process  of  making measurements. More precisely, 

if the reality that exists  in the  two  large population is 2.1 cups in  each  population, then  our  samples  (of 100 M.I. 

patients  and  100  healthy people),  if drawn in a "representative" manner should  also reveal  an average coffee 

consumption of 2.1 cups each,  and every representative sample from the same total populations should  give  the  same 

results as is  there  in  the  total population (i.e., 2.1 cups in each of the two samples). A very good question indeed.  

Even if it did not  occur to you earlier, you must put this question now, and read our explanation as follows :- 

Just consider that you have a bagful of rice containing 100  kilograms;  say, in terms of fistful of rice,  the  bag 

would have 4000 fistfuls.  Let us say that there  are  9000 weevil (insects that infest the rice) in the bag.  Thus, the 

reality  or  truth  that exists  in the  total  (reference) population (i.e., the bagful of rice) is that there would be 

9000/4000 = 2.25 weevil per fistful. Now, if we have to make an estimate of the amount of weevil in this bagful, we 

will definitely not examine the entire bag by counting each and every weevil in the entire 100 Kilograms of rice.  We 

will only take a few "fistfuls" and examine them for weevil.  Herein, the bagful of rice is the total 

(reference) population, the fistful is a sample, and the reality or truth that exists in the total population is an average 

of 2.25 weevils per fistful. To  ensure  that we take "representative"  samples,  we would close our eyes, put on thick 

gloves ( so that  we  do not "feel" weevil and thus take a biased fistful), move  our hand well  within the hag, and so 

on, before  collecting  a fistful.   In  addition,  with a view  to ensure  that  the process  of  making  "measurements" 

is  accurate  (i.e,  all weevil  are identified  as  weevil,  and  nothing  else  is identified  as  weevil),  we would take 

training  under  an expert biologist to identify weevil, ensure proper illumination, use a magnifying glass and so on. 

Once we have ensured collection of a representative sample and accurate measurements, then the results from  a 

"Sample"  (i.e., a fistful) should be same as the  "reality" (2.25 weevil  per  fistful)  that  exists  in  the   "total 

population"  (i.e.,  the  bagful).  However, if  we  take  5 repeated  fistfuls  from  the  bag,  (ensuring,  of  course, 

representative sample and accurate measurements as explained earlier), the results which we will get will be like 

follows (Table – 8.7):  

================================================== 

Table – 8.7: Hypothetical illustration of weevil per fistful 

Serial No. of fistful (sample)  No. of weevil per fistful 

================================================== 

1st fistful      4 



2nd fistful      0 

3rd fistful      3 

4th fistful      1 

5th fistful      2 

================================================== 

Reality in total population (Complete Bag)   2.25 

(20,250 weevil in 9000 fistfuls = 2.25 per fistful) 

================================================== 

None  of the sample gave us a result that  is  exactly equal to  the reality (truth) of 2.25 that  exists  in  the 

total population (Bagful).  In addition, the results of each sample are likely to be different from the others, despite 

the  fact  that we have taken all steps to ensure  that  the samples  should be representative and the methods of  making 

measurements  should  be "accurate".  In other  words,  some amount  of "variations" are always expected between 

any  two samples drawn from the same total population and the results from  any  one sample are likely to 

be  different  from  the "reality"  or  "truth", simply  because  of  a  matter   of "chance", in that God has destined this 

particular sample to be  that  way.  Such variations which are always  likely  to occur between samples drawn from 

the same total  population (and also between a particular sample studied by us and  the reality that exists in the total 

population) despite  having drawn an absolutely representative sample and having made absolutely accurate 

measurements, are  called  as  "random variations" or, "random error" or, sampling variations", or, "sampling error" 

or, "chance". One of the major role of science of  Statistics in the field of medicine is  that  we will, in medical research, 

always study "samples" and  hence "sampling (random) variations" will always occur.  If we  do not want the sampling 

variations to come in, we will have to study the  "total population"- in such an  eventuality  (of course, which, we will 

never be able to do), there will be  no sampling  variation  and  thus  there will  be no role  of 

statistics.   However,  since  this is  only  a  theoretical possibility,  as  long as we are studying samples,  we  must 

expect (and  accept)  that such  sampling  variations  will always occur, wherein our sample results would be  different 

from the reality that exists in the total population.   Once we accept this fact, we can do the following two things:- 

(a) Study a "large" sample - the larger the sample,  lesser will be sampling variations, and our sample results 

will  be nearer to the reality; as the sample size keeps  increasing, the  sampling  variations  keep 

decreasing  and  our  sample results keep getting closer and closer to the reality,  till 

the  point  the  sample  size  is  as  large  as  the  total population  when the sampling variation will be nil and  our 

sample result will be the same as the reality that exists in the total population (obviously, because now we are studying 

the total population itself). 

(b) Make  an estimate of the "probability" or “chance” with  which  the results of our sample may be different 

from the reality that exists in the total population.  This is precisely the major role  that  statistics has in medical 

research.  In  a  very layman's language, this is what "p value" is all about. 

8.21. How can “error” occur in medical research. In medical research, our ultimate objective is that our results and 

conclusions should be absolutely free of “errors”, i.e., we should finally conclude what the reality actually is. For 

example, if we are doing a study comparing the efficacy of 5 drug Anti-Retroviral Therapy (ART) against 3 drug ART 



in patients of HIV and TB, we would like to ensure that whatever results we get from the study should be actually the 

same, perfectly accurate and valid, as would be there had we compared the millions of patients who would have got 

the 5 drug regimen vis-à-vis the 3 drug regimen. Now, at a number of places, errors can creep up in our research so 

that our results are not the same as the reality. In short, the errors can creep up in four ways, as follows:- 

 Sample Has Not Been Representative. For example we may study only those patients who ‘volunteer’ to 

participate in the trial. To overcome this problem, select a representative sample having all the characteristics of 

the population, using one of the random sampling techniques. 

 Methods Of Making Measurements Have Not Been Correct. For example we may not be using the correct 

diagnostic methods to ascertain the ‘outcome’, by using only patients’ subjective feeling of improvement instead 

of viral load and CD4 cell studies. To overcome this, we must ensure the correctness / accuracy (validity and 

reliability) of instruments and measurement process.  

 Indirect Associations Have Not Been Considered. For example, our 5 drug group may be from a different ethnic 

population as compared to the 3 drug group and hence our observed differences in the drug regimen may not be 

due to treatment regimen per se, but rather due to the confounding effect of ‘ethnicity’. To overcome this problem, 

we should ensure control of  Confounding. 

 Results  Are  Different  From The  Reality  Because  Of Random (Sampling) Variations, i.e., "Chance". The 

result in the example (of patients of 5 drugs versus 3 drugs) may be different from the “reality” in the large 

population of patients just because of “Random variation” or “chance” as we just discussed. To overcome this, we 

need to take the following two steps:- 

a) Take an adequately large sample size as described later in the unit on “sample size” to keep the random variation 

to the minimum. 

b) Estimate  the probability of "chance" having  produced results, in our sample, that are different from the  reality, 

as described in various units on biostatistics, in this course.  

Now, let us consider the dilemma into which,  we  have landed up in our acute MI - Coffee study.  Should 

we believe our  results from the sample that we have studied, or  not? And,  the fact is that whenever we do a research 

work,  such dilemma  has  to be faced and sorted out because  always  we shall be  studying "samples" and based 

on  the results  of these samples,  we shall be drawing conclusions  about  the "reality"   or 

"truth"  that  exists  in   the   reference population.   More  precisely,  we would  like  to put  the following three 

questions to ourselves :- 

8.22. “Level of Confidence” : Q.No.1: It is fine that my samples of 100 each of acute M.I. patients and healthy people 

indicate that coffee consumption is higher among M.I. patients (on an average, by 5.3 -  2.1, i.e, 3.2 cups per day).  

However, with such a result from my samples, how much "Confident" am I, that the average coffee consumption will 

really be higher among the total population of millions of acute MI patients as compared to the total population of 

billions of healthy person.  This is what is called,   in   research terminology, as the "Level of Confidence" 

8.23. “Level of Significance” : Q.No.2 : The  results  from present sample  show  higher  coffee intake  among 

patients of M.I. However, the  “reality”  that exists in the two large total populations may be that  there is  “no 

difference”, or even the reality may be opposite  to the  results of my sample (i.e, healthy persons may  be,  in fact, 



drinking more coffee than MI patients).  We would like to elaborate on this point, before we go to the third question, 

since this forms the  hub-center of all statistical interpretations. Please have a look at Table – 8.8 below 

Table – 8.8: Results of repeated samples studying the association between coffee drinking and acute MI 

Results from   Average Coffee Consumption     Difference  

samples of     ----------------------------------------------------    (MI patients 

100 each   MI patients  Healthy  persons      vs healthy persons) 

1st pair of samples  5.3   2.1   3.2 

2nd pair of samples  3.8   1.8   2.0 

3rd pair of samples  2.0   2.0   0 

50th pair of samples  2.7   2.8   -0.1 

100th pair of samples  6.7   3.9   2.8 

The above table shows hypothetical data, but which is important  for understanding this concept.  

Let  us  assume that  we  kept on taking samples after samples of  100  each from the 2 large total population of 

millions of MI patients and healthy  persons,  and studied the  details  of  coffee consumption   from   these  samples, 

and studied 100 such samples.  Apparently,   this discussion is theoretical because nobody would keep on studying 

sample after sample repeatedly; we would only study one sample.  However, for the sake of understanding, let us 

enjoy it. The results from the first pair of samples showed  that the  average  coffee consumption was 5.3 cups 

and  2.1  cups respectively  among MI patients and healthy people; thus  MI patients  were  found to be consuming 

3.2 cups more,  on  an average. The  second pair of samples  also show that  MI  patients  are drinking more coffee 

but this sample shows that extra intake is  2  cups  (instead  of 3.2 cups  in  the  first  sample). Interestingly, the 3rd 

sample shows both the groups to be drinking 2 cups each, i.e, there is no difference between MI patients and healthy 

people.  More surprising is the result of the 50th sample which shows that it is healthy people who drink more coffee 

(on an average, 0.1 cup more) than the MI patients! Finally we continue taking and studying samples from the 2 “total 

populations” till 100 samples have been studied (The 100th samples shows that MI patients drink 2.8 cups more). 

The essence of the story is that if ever we take repeated samples from the “total population”, no two samples 

are likely to give us the same results.  There will always be “variations” in the results between sample to sample and, 

apparently, also  a variation between the  results  of  the particular  sample and the “reality” or “truth” that  exists in 

the total population.  Let us further assume  that  the “reality  which exists in the total populations is  that  MI 

patients  drink  an average of 3.6 cups and  healthy  people drink 1.7 cups; thus, in reality MI patients drink 1.9  cups 

extra.  

Thus, there will  be  variations  in  the results  from  one  sample to the  other,  and  between  the 

results  of  any one sample and the “reality”, simply  as  a matter of “chance”.  We say it is “chance” because despite 

all the precautions to ensure a fair play, such variations  will always  occur  and  we  cannot  do  anything  about   these 

variations,  i.e, the sampling or random  variations,  since they occur from sample to sample, and in a “random” 

manner, purely as a matter of “chance”.. 

Now   let us  get  back  to  Table-8.8  in   which   the hypothetical  details  for  results of 100  samples  of  the 

research  on MI- coffee were displayed.  As we have already assumed   that   the  “reality”  is  that  in   the   “total 



population”, MI patients drink 3.6 cups on an average, while healthy people drink 1.7 cups of coffee. One  thing which 

you would agree at this stage,  before we  proceed  further,  is that the “reality”  or  “truth”  that exists in the two large 

total populations is only because we have assumed it to be 3.6 and 1.7 cups, just to explain  the things.   In actual 

practice, we will never be aware of  the “reality” that exists in the large total population; in fact we would make some 

estimate about it from the one sample (of 100  each  of  patients and healthy people)  that  we  have 

studied.   Moreover,  the process of studying  100  repeated samples  of 100 subjects each from the total population 

is  also  for the sake of explaining the things to you; in actual practice we will study only one sample and draw 

conclusions from  the results of this one sample itself.  (We would be foolish if we even thought of studying a second 

sample, what to say of studying 100 such repeated samples!). Now, just imagine, if the sample of 100 patients and 

healthy persons that we studied was the 50th one shown in Table – 8.8.  From the results of a study on such a sample we 

would conclude that healthy people drink more coffee (2.8 cups) as compared to patients of acute M.I. (2.7 cups), i.e., 

on an average, an extra one-tenth of a cup.   We would thus conclude that coffee drinking protects against 

acute   M.I.  (Against the reality being 3.6 cups among MI patients  and  1.7 cups among healthy people).  And,  as  we 

have explained earlier, there is always the possibility that the sample that we have studied may be of the “type” of  the 

50th sample in our example, simply because of “chance” i.e., “sample  to  sample variations” that are  always  likely  to 

occur despite all precautions. If  that  be  so, we would definitely  like  to  put  a question  to ourselves – “ what is the 

probability that  the type  of  results  that  I have got  from  my  sample,  have occurred only because of “ chance” i.e., 

variations that are in  any case likely to have occurred because no two  samples from  the same total population will 

give the same  results.  In more simple words, say, the sample that we studied was the 50th one which showed us that 

MI patients drink less coffee as compared to the healthy people.  If this is the result of my sample, what are the chances 

that this result may be different from the truth that exists in the two large, reference populations? Or, if I was .to 

really  take  100 repeated samples from  the two large reference  populations, what  is  the probability that my results 

from  this  sample would be different from the results that “ most”  of  these 100  repeated  samples  will 

give,  because  my  sample  was different from “most” of the other samples simply because of sample  - to – sample 

variations?  Or, to put it in  a  very simple language, what are the “chances” or “probability”  of my results from the 

sample being different from the  reality or truth that exists in the total population, simply because my  present sample 

was different, because of a matter  of  “ chance” or “random” or “ sampling” variations ?  Please note that  we  are 

trying to find out the chances of  our sample being different from the reality despite the fact  that  we have  taken  all 

precautions to ensure that our  sample  was representative.   This point is important to note – we  are, at  this  point, 

trying to find out the effect  of  “chance” that nature or Almighty God has caused in making our  sample 

results   different  from the results of most of  the  other samples  (and thus, different from the truth that exists  in 

the  total population) despite our full efforts  to  ensure that  the  sample is representative – in the same  way  that 

despite the most honest method of tossing the coin, none  of the games of tossing the coin 10 times each gave us 

5  heads and  5 tails each, as well as none of the results  of  heads and tails were similar in any two games. This 

mathematical expression of the “probability”  that the results from our sample that we have studied are  likely to  be 

different from the reality or truth, just because  of “chance”  (i.e., sampling or random variations) is  the  “p-value”  so 

cherished and sanctified by us, that many  of  us tend to equate the entire discipline of research methodology with  “p-



value”.  The p-value is also technically known as “level of significance” of results. 

It will also be appreciated that The  “level of confidence” is simply the complement  of p- value.  It is equal 

to (1- “p-value”).  If the p-value has come out to be 0.02 (i.e., 2%), the “level of significance” will be 2%, while the 

“level of  confidence” will be (1-0.02) = 0.98. or 98%. Since the  “p-value”  and “level  of  confidence”  are 

complementary  to  each other, as one increases,  the  other would decrease and vice-versa. Thus, if the p-value is  0,01 

(i.e, 1%), the level of confidence would be 99%.  In  other words,  we will be highly confident that our sample  results 

correctly represent the real state of affairs as they  exist in the total (reference) populations. 

8.24. 95% Confidence Interval : Q. No. 3: Let  us assume  that  the sample of  100  each  of  MI patients and healthy 

persons that we studied was the 1st one in  Table  -  I, wherein we found that  the  average  coffee consumption was 

higher by 3.2 cups among acute M.I. patients as  compared to healthy persons.  However, in reality,  this 

difference  between  the  two  large  total  populations of millions of MI patients and millions of healthy persons  may 

be  2.1 or 3.9 or 10.2 or even (-) 2.8 cups (i.e., in  reality the  coffee  consumption  may  be  lower  among  the total 

population  of MI patients).  If this be so, then  we  would like to give our estimate of a "range" in which the  "truth" 

of "reality" is likely to be, along with a statement of  the "level  of  confidence"  that we have  in  saying  that  the 

reality  would be lying in this range.  For  example, we  may like  to give a statement as " The results from my  sample 

indicate  that,  on  an  average,  patients  of   Myocardial infarction  drink  an  additional 3.2  cups  of  coffee  as 

compared  to the healthy people.  Though we cannot say  what exactly   would   be  the  difference  between   the   total 

populations  of MI patients and healthy  people  as  regards coffee  consumption, however, I am 95% confident, 

that  such "reality" or "truth", will be in a range of +  2.3 cups to + 4.1 cups (i.e, I am 95% confident that  the 

reality  or  truth  which I am trying to find  out  from  my sample about the total population is that MI patients  would 

be drinking more coffee as compared to healthy people, which may  be 2.3 cups more to as high as consuming 4.1 

cups  more on  an average").  This statement which gives the  range  in which the "truth" is likely to be, along with a 

statement of the  level of confidence (eg., "we are 95% confident of  the same")  is what is known as "95% 

8.25. Confidence Interval"  (95% CI)  or "95%  Confidence Limits"  (95%  CL)  In   research terminology.  This 

will be discussed in detail in a subsequent Unit on “Concepts of Confidence Interval”. 

The   Science  of  biostatistics  has  given  us   easy procedures, which we shall discuss in relevant chapters,  by which 

we can make estimates of all these 3 aspects, from the results of our sample, viz :- 

(i) The level of confidence that we have in our results. 

(ii) The level of significance and the probability of our results having occurred simply "by chance" or sampling 

variations (i.e, the "p-value")  

(iii) The 95% confidence intervals. 

8.26. Further explanation of "p-value". Let us say, we did the relevant statistical test in our above mentioned 

example, on the results of coffee  drinking obtained  from  100  patients of acute MI  and  100  healthy people, and 

found that the `p-value' was 0.02. Since p-value is always a fraction (between zero and one), we can convert it into a 

percentage by multiplying it with 100, thus getting a p-value of 2%.  Now, this  means that the probability of our 

results (that  acute M.I. patients drink more coffee than healthy people)  having occurred  by  "chance" when, in reality 

there  is  either  no difference  or else when in reality coffee drinking is  more in healthy persons, is only 2%.  This 



also means that if  we take (at least theoretically),  100 repeated samples (of 100 patients  and 100 healthy persons 

each) from the  two  large total populations of MI patients and healthy persons, only 2 of these 100 repeated sample 

would give us results which are different  from our results, which say that coffee  drinking is more among MI patients; 

the other 98 sample will give  us results  which  would be consistent with our results.   The straight  away implication 

is that the "probability" of  our results  being different, from what most  of  the  repeated samples  will  show, because 

of simply "sample  to  sample variations"  or "chance" are less than 2%. Or, very  simply, the 

chance   of  our  result  being  different  from  the "reality"  or  "truth" that exists in the large total population, is very 

low, just  2%.   There  are still chances  that we might have gone wrong, in  that  the "truth"  could still be that MI 

patients do not  drink  more coffee  than healthy people, but the chances of  our  having gone wrong, thereby 

concluding something different from  the actual truth, are very minimal (only 2 in 100). 

On  the other  hand, if we  got  the  `p-value'  after statistical  analysis, as 0.15 (or, 15%) we would  say  that 

while our study results indicate that MI patients drink more coffee  than  healthy  people,  the  probability  that   our 

results,  due  to  "chance" or " sampling  variations"  are different  from the reality or truth that exists in the  two large 

population is quite high, ie., 15%.  There are still 85% chances that are results are correct and reflect the reality, but 

the chances of being wrong are now 15 in 100. 

Apparently, `p-value' can thus be as low as zero to  as high  as one (or, from 0% to 100%).  If it is 0% 

it  implies that  the  chances of our having gone wrong from  our study sample are absolutely nil; the truth that exists 

in the  two large populations is definitely that MI patients drink  more coffee.   On the other hand, if it is 100% it 

means that  we are  absolutely  wrong in our conclusions,  the  truth  that exists  in  the two large populations 

is  that  MI  patients definitely  do  not  consume  more  coffee.   Apparently,  a situation when we get a `p-value of 

0% can only occur if  we have  studied the entire "total" or "reference"  populations and of 100% if we have not studied 

anything.  As long as  we are  studying  "samples" (which we shall  be  always  doing, anyway),  we will get a p-value 

which would be more  than  0 (or, 0%) and less than 1 (or, 100%). 

8.27. The dividing line of "p < 0.05" . As  we  have  seen, p-value is  simply  a "probability statement"  of our sample 

results being different  from  the reality that exists in the "total" ("reference") population, simply because of "chance" 

i.e., because Almighty God somehow might have  given us a sample which may be  different  from most  of  the other 

samples as well as  different from  the actual  truth,   despite  our  full  efforts  to draw   a representative sample. Now, 

how small does the p-value have to be before the evidence is considered convincing? The answer to this question will 

vary from one situation to the next, and will depend on many factors. If adopting a new drug would be very expensive, 

or expose patients to severe side effects, as compared to the already available cheap and low toxicity drugs, then one 

might demand a very high standard of evidence (that is very small p-value). On the other hand, the downside to 

adopting the new treatment may be quite low, and may offer advantages over an existing treatment, in which case the 

evidence barrier could be quite low and we may agree to even higher p-value for taking the decision. This could be 

the situation when we are trying out a vaccine against Dengue or HIV infection against “no vaccine” against these 

frightening and potentially fatal conditions. However, by convention, in medical research the dividing line has been 

kept as “p < = 0.05”. Thus if after analysis of our results, we get a “p-value” of 0.05 or less, we conclude that the 

difference that we have observed in our sample is statistically “significant” and we generally accept the results based 



on this cut-off point. For example, in  our acute M.I. & coffee study, if we get the  p-value  as less than 0.05 (i.e, p<  

0.05, or p < 5%), we would say that the  results  are  "significant",  the  probability  of  our results from the sample 

being different from the  "reality" that exists in the total population, is less than 5 in  100.  In other words, more than 

95 of the 100 repeated samples, if drawn, will  show results similar to ours and only less than 5 of these 100 repeated 

sample are likely to show us results in  which MI patients do not drink more coffee than  healthy people. 

It  would  be  appreciated at this  juncture  that  the statement  "significant due to p < 0.05" is NOT a  statement 

of  absolute  truth.  We could still be wrong, in  that  in reality, there may be no difference in the two large  total 

populations of MI patients and healthy person; however,  the chances of drawing conclusions which are different 

from  the `reality' are very low, i.e., less than 5 in 100. 

 Similarly, if p-value comes to be <= 0.01, we say that our results are “highly significant” from statistical 

point of view. Thus, the transition from  "significant"  to “highly  significant” is only a reflection  of  decreasing 

"probability"  of  our  results  being  different  from  the "reality"  or "truth" that exists in the  total  (reference) 

populations.   We  could  have still  gone  wrong,  but  the chances of having gone wrong are lesser and lesser. 

Also, once again remember – this is only a probability based result and the lower the “p-value”, more is our 

statistical confidence in our results; however, at the expense of repetition, I would again like to emphasize that a low 

(highly significant) p-value does NOT correct for any deficiency in methodology – if our measurement process was 

itself invalid or unreliable, even the smallest p-value is not going to help us and our results are going to be dumped as 

“invalid research”. 

8.28. Null and Alternative Hypothesis. In any research work, we have a “Research Hypothesis” which is actually 

the research question; e.g., in the above example our research hypothesis (also called as alternative hypothesis and 

abbreviated as HA) is “The new treatment with 5 drug regime for HIV is better than the existing 3 drug treatment”. 

Now, in statistical work, in fact we do not start with the research hypothesis but rather with the “Null Hypothesis” 

(abbreviated as HO). The Null Hypothesis is actually the research hypothesis stated in a negative or “no effect” form; 

e.g.,  the HO in the above example would be ““The new treatment with 5 drug regime for HIV is NOT better than the 

existing 3 drug treatment”. The significance of HO is that during statistical analysis, based on the p-value calculated, 

we finally accept or reject the “Null Hypothesis”. In general the various levels of p-value for such rejection are: 

P-value Interpretation 

p<0.01 Very strong evidence against null hypothesis. Results are statistically 

“highly significant”. We Reject  Ho. 

p Between 0.01 to 0.05 Moderate evidence against null hypothesis. Results are statistically 

“significant”. We Reject Ho. 

p > 0.05 to 0.10 Suggestive (but not strong) evidence against null hypothesis. Consider 

other facts (as availability of an existing treatment against the disease) 

and then reject Ho 

p> 0.10 Statistically little evidence against null hypothesis. Accept Ho 

 

The above levels are also called as “Acceptance / Rejection level” for Null Hypothesis. In other words, when 



we are about to statistically analyse our data, we usually specify that the “level of rejection” for null hypothesis will 

be 0.05 or less (i.e., 5% or less). Thus, if after calculations, the p-value comes out to be more than 0.05, we accept the 

null hypothesis, while if comes out to be 0.05 or less, we reject the null hypothesis and say that “there is a significant 

difference which is not likely to be due to chance or random error, since the possibility of “chance” having brought 

out such a result is as low as 5% or less”. 

8.29. The "Non-significant" P-value. The  elaboration on p-value is also needed to give  our students  an idea of the 

fallacies when the results turn  out to be the other way round.  Let us say, the `p-value' in our above example  in MI 

coffee study came out  as  0.06  (6%).  Now,  working  on  the traditional, magical dividing line of 

"p<  0.05",  we  would  have  called  our  results  as "not significant",  finally concluding that while our sample  has 

shown that  coffee drinking is higher  among  MI  patients, however,  the  probability  that, in fact,  there  is "  no 

difference" is more than 5%.  Our final note would have been :-  we  conclude  that there is  no  difference  between  MI 

patients  and  healthy people as  regards  coffee drinking.  Thus  coffee drinking has no role in causing MI (p >  0.05) 

(not significant)". Little  do  we  realise  while  drawing   such   hasty conclusion  of "not significant" that if the p-

value was  6% the  "probability" of our results being different from  the correct state of affairs, i.e, the truth, are only 

6 in 100.  Still we  reject  our results  and  conclude  that  coffee drinking  does not carry any risk.  The fact is  that  still 

there are 94% chances that our sample results are  correctly reflecting  the  "truth" and coffee drinking may  really  be 

injurious  to health.  On the other hand, the moment we get the  p-value  as 5% (instead if 6%), we 

start  celebrating  with joy, calling our results "significant" and make   recommendations against the use of coffee. 

Let us further discuss this with an interesting hypothetical  example.  Imagine  a Dental Surgeon who wishes 

to evaluate  whether  a new  form  of orthodontic treatment (say,  treatment`A')  is better  in  terms of final results as 

compared  to  existing standard  procedure (treatment `B').  He divides a total  of 30 patients that he gets in his clinic 

over one year into  2 groups  of  15 each, and administers procedure  `A'  to  one group and  procedure `B' to the other.  

The  final  results that he get are as follows :- 

 

============================================================================ 

Type of procedure  Improved  Not improved  Total 

============================================================================ 

‘A’    10 (66.7%)  5 (33.3%)  15 (100%) 

 

‘B’     5 (33.3%)      10 (66.7%)  15 (100%) 

============================================================================ 

Apparently,  the rate of improvement for procedure  `A' was  quite high (66.7%), being double of that 

for  procedure `B'  (33.3%).   The  medical fraternity,  thus,  could  have expected another new and effective 

orthodontic treatment  in the  form  of procedure `A'; however, the  statistical  test showed that the result was "not 

significant" (p-value  being more  than 0.05: p> 0.05), and hence it would  be  concluded that  treatment  `A' was NOT 

more effective  than  treatment `B'.  In fact, if you calculate the actual p-value (methods of calculation of exact p-value 

are not important for a medical researcher and  for  the present, what is more  important  is  to understand the concepts 



and philosophy of this "p-value"), we would find that the actual "p-value" was 0.06 (i.e, 6%). Now, what we were 

really doing was that we had taken  2 "samples" of 15 each from the large, imaginary  populations, of lakhs of patients 

who would be treated with procedure `A' or procedure `B'.  A p-value of 0.06 from our sample (of  15 each that we 

have studied) meant "From our sample of 15 each we  find  that the improvement is more with  procedure  `A' (66.7%) 

than procedure `B' (33.3%); however, the probability that in realty or truth, procedure `A' may not  be  having better 

results in the two large total populations (lakhs  of patients on `A' and `B') is 6%, or 6 in 100 times. Now, just  look  at 

that ! If the chances, that  in  reality there is "no difference" between the two large  populations is  less  than 5%  we 

would be over joyed  and  the  medical world would start using the new treatment  (procedure  `A') 

with  full  enthusiasm.  However, if the  chance  of  things likely  to go wrong increases by just 1 % (i.e., from 5%  to 

6%),  we dismiss the new treatment as useless;  despite  the fact  that  there  are still 94%  "chances"  (94%  level  of 

confidence)  that what we have found may be the same as  the truth that  exists in reality, i.e., we are  likely  to  be 

correct 94 out of 100 times.  Only for that 1% difference in chance, we have rejected a new form of therapy, 

which  could have been a good improvement over the existing therapy -  in other words, because of insensible 

interpretation and  wrong understanding  of  the basic philosophy of p-vale,  we  have deprived the humanity of a 

potentially good treatment. There is  yet another aspect of this  discussion.   As shall be explained in detail in a 

subsequent Unit,  there is  something  called  as the "power" of  the  study.   This "power" is the ability of the study to 

detect a "difference" (in  between  the  two  samples studied  by  us),  when,  in reality, the two large total populations 

(from which we have drawn the samples) are actually different from each other.   In  our present  example,  let us 

assume that the  two  large  total populations  (of  lakhs of patients that  would  be getting treatment  `A'  and  another 

lakhs  that  would  be  getting treatment  `B')  are really different, i.e., let  us  assume that  in  our  example, the truth 

is that  the  large  total population getting treatment `A' would show more improvement as  compared to the 

improvement that would be shown  by  the large total population on procedure `B'.  The "power" of our 

study,  then,  would  be  its  ability  to  detect  .such  a difference in the samples studied (ie, the sample also shows 

that  the sample on procedure `A' has "significantly"  more improvement than .the sample on procedure `B').  

Now,  the power of a study is a direct function of  the sample  size. If the sample size is " small", the 

power  will  be less, i.e.,  there will be less chances of  ours  detecting this difference in our samples, even though in 

reality  the two  large populations may be different.  This  also  means, therefore, that if the sample size is small, the 

power  will be  less, and the chances of getting a "not  significant  p-value" (i.e, saying that there is no difference 

between  the two  treatments, thereby accepting the Ho)  will  be quite high,  Conversely,  if  the sample size is large, 

the power will be more and hence  the chances  of  getting a " significant p-value" will  be  very high. 

We  will  illustrate  this using  the  same  example  of orthodontic  treatment.  You would remember that we took  15 

patients in each group and found that 66.7% of the  patients 

in  group  A  and  33.3%  in  group  B  showed  improvement.  (However, the results were "not significant"). Now, let 

us say, we had done the same study with a much larger  (10  times larger) sample of 150  patients  in  each group,  but 

we found that the magnitude of improvement  was the  same  in each group as we found in the study  using  15 

subjects  each,  i.e., this time also we  found  that  66.7% patients  in group `A' (100 out of 150) and 33.3%  in  group 

`B' (50 out of 150) showed improvement.  The results can  be tabulated as follows :- 



============================================================================= 

Type of procedure  Improved  Not improved  Total 

============================================================================= 

 ‘A’   100 (66.7%)      50 (33.3%)  150 (100%) 

 ‘B’        50 (33.3%)     100 (66.7%)      150 (100%) 

============================================================================= 

 If  we  do the statistical testing in the  above  table now, we will get the p-value as " highly significant" (P < 

0.001), despite the fact that from clinical point of view, the results  are essentially the same as presented  in  the earlier 

table using 15 patients each (i.e, the percentage of improvement  is  66.7%  and  33.3% for  procedure  A  and  B 

respectively,  in  both the situations).   This  has  simply occurred because with a large sample size, as we had done in 

the  latter  situation  (150 each),  the  "Power"  increased tremendously and we got a very highly significant p  -value, 

while the   result  in  the  first  situation   was   "not significant", because of a low power consequent to the small  

sample size of 15 each. It  is  therefore,  highly desirable  for  the  medical researchers  to understand the meaning and 

philosophy of  the  p-value and  take the correct "clinical decisions"  from  her / his research data, rather than being 

intellectually enslaved  by a dividing line of "significant p-value of 0.05".  No  doubt the  data must be appropriately 

analysed statistically,  but the  final judgment should be by the medical person, who,  well aware 

of  the  fallacies,  must  view   the   statistical significance  (or,  non  -significance)  against  the  (more 

important)   back   drop   of  its   medical   or   clinical significance.   Two good procedures which will greatly  help 

the  medical researcher towards this end are calculation  of 95%  confidence  interval, and calculation of the “power 

of the study”, which we shall take up in subsequent Units. 

8.30. The limitation of "p-value". Since many of the present day medical researchers  seem to be overwhelmingly 

obsessed by the charisma of p-value, it would be worthwhile if they read the succeeding paragraphs carefully  to  get  a 

correct perspective  of  the  p-value.  There is no doubt, that the probability statement in  form of  p-value calculations 

is definitely one of the important facets of medical research, but it is more important to know the limitations of this 

probability expression.  

8.30.1. The  p-value  gives  us a  probability  of  our  sample results that  we  have studied, being  different  from  the 

reality that exists in the total (reference) population.  It thus  gives us an idea of the extent to which  God  Almighty 

might have given us a sample of subjects that are  different for  that particular variable (as coffee drinking) from the 

overall truth that exists in the total population, after we have  made all efforts from our side to ensure that we  have 

drawn a representative sample, have made  the measurements correctly (i.e., ensured validity and prevented 

`bias")  and have catered to the possible effect of indirect associations (i.e, potential confounders).  A highly 

significant  p-value is  VALUELESS  if the research study has not  been  able  to ensure External and Internal validity 

or has not  visualized and  controlled  the confounders.  What is  much more important for the medical researcher is, 

therefore,  to first ensure obtaining a representative of adequate size, ensure validity of measurements and control of 

confounding  and  then only  consider  the  `p-value',  otherwise  the  p-value  is nothing more than the so called "non-

sensical association". 

8.30.2. A  "significant" p-value (p < 0.05) does not  guarantee that we cannot go wrong; we can still be wrong vis-a-



vis the reality or truth, but that the probability of our sample results being other than the truth is less than 5 in 100. 

If the sample size  is  small, the chances  of  getting "non-significant" results (i.e., p > 0.05) will be high because the 

"power" of the study will be quite low.  As explained earlier, even  if  p-value  is  just above 5%   say 6%, (which  may 

commonly occur because of small sample size), we would  call the results as " non-significant".  That way, we 

are  likely to "reject" many useful drugs that we try in clinical trials or  reject  the  role of 

many  potential  risk  factors  for disease,  simply because the results were  "non-significant" statistically. 

8.30.3. Contrary  to  what we have discussed in  the  preceding paragraph,  we  can get a very  highly  significant  p-

value simply because the sample size was very large.  What is more important  is  whether 

the  "statistically  significant"   results carry  clinical   or   health significance or not ?  In other words, the researcher 

should be ready to answer the "If so, so what"  query  from  the medical point of view and not simply from 

statistical  point of view.  

8. 31. Check Your Progress – 2. 

6. Normal distribution curve was first of all described by (a) Norman (b) Bell (c) Gauss (d) Snow (e) Langmuir 21%  

7. In a study of 100 children aged 1 year, the mean body weight was 7.8 Kg, with a SD of 1.2. What percentage of 

children are expected to be less than 6 Kg weight: (a) 21% (b) 11% (c) 7% (d) 2% (e) No child will be less than 6 Kg. 

8. Standard Deviation of the distribution of large number of means from repeated samples is called as: (a) Standard 

Error (b) Standard Deviation (c) Population mean (d) Binomial distribution (e) Central Limit Theorem. 

9. In a survey in our country among adult males, 100 subjects were studied out of which 20 were hound toi have 

hypertension (raised blood pressure). What is the range, which we can specify with 95% confidence, in which the 

percentage of hypertensives will be there, in India: (a) 19 to 21% (b) 12 to 28% (c) 70 to 90% (d) 50 to 55% (e) 2 to 

8%. 

10. If the sample size studied is increased, the “p=value” will: (a) increase (b) decrease (c) no change will happen (d) 

will depend whether it is normal or binomial distribution (e) will increase or decrease without any relationship with 

the sample size. 

8.32.  Summary 

 In every situation of medical practice, be it diagnosis, treatment or prognosis, we are actually working on 

“probabilities” (though subconsciously). It is therefore very important for a medical person as well as medical 

researcher / epidemiologist to be well versed with the basic fundamentals of probability. 

 Probability is defined as the relative likelihood that a particular event will (or, will not) occur and is denoted by 

the symbol “Pr” or “p”. Probability can be worked out in 2 ways – empirically and theoretically.  In medical field, 

most of the situations are based on empirical probability, which is defined as the probability based on how events 

happened in the past and an assumption that that similar conditions will apply in future as existed in the past on 

which the empirical probability has been calculated. On the other hand, theoretical probability is not based on 

experience but rather on mathematical calculations, as for example the chances of getting a particular number 

between 1 to 6, on the throw of a dice. 



 For the purpose of calculation of probability, events can be of two types – “mutually exclusive events”, if the 

occurrence of one event precludes the occurrence of the other and “conditionally dependent events”  in which the 

occurrence of one event depends on the occurrence of the other event. 

 The probability of mutually events is worked out by the “additive rule” which says that if X and Y are mutually 

exclusive events then the probability of X or Y is the probability of X plus probability of Y, i.e., Pr (X or Y) = Pr 

( X) + Pr (Y). On the other hand, probability of conditionally dependent events is worked out by the multiplicative 

law which states that if X and Y are conditionally dependent events, then the probability that both will occur is the 

probability of X multiplied by the probability of Y, given that X has occurred, i.e., Pr (X and Y) = Pr (X) * Pr(YǀX). 

 Independent events are those in which the probability of an event is not related in any way to the probability of the 

occurrence of that particular event in the previous trials; e.g., the probability of getting a “head” on the toss of a 

coin will be 50% on a particular toss, irrespective of how many times heads or tails have appeared in the previous 

tosses. 

 Following the basic laws of probability, it is important to understand the “probability distributions”. The two 

important probability distributions in epidemiology, medical research and clinical practice are the “normal 

distribution” and the “binomial distribution”.  

 Normal distribution deals with the distribution that the data from a reasonably large sample (at least 30) will take 

when the variable is measured on a “quantitative” (continuous or discrete numerical) scale. It is also called the 

“Gaussian: distribution” and has the following characteristics: 

  It is “bell shaped” or “inverted U” shaped. 

 The mean, median and mode are all centrally located and all have the same value. 

 The mean of the distribution is 0.0 and the SD is 1.0. 

 The curve is symmetric around the mean; the skew is zero. 

 The tails of the curve get closer and closer to the X – axis as we move away from the mean, but they will 

never actually touch the X axis no matter how far out we may be going. 

 The mean of the curve is denoted by “µ” (pronounced as “mu”) and the SD by “s”. 

 A ‘standard score “ or “Z – Score” is a numerical figure which indicates as to how many Standard Deviation 

(SD) units is a particular observation located away from the mean, in a normal distribution. 

 In contrast to normal distribution, which deals with quantitative (continuous or discrete numerical) variables, the 

distribution of “qualitative, dichotomous” variables is dealt with by the “binomial distribution”, which is 

expressed as  

(where n = number of objects in the set, r = number of objects which we 

are looking for, p = probability of the dichotomous event, q = (1-p). 

 

 

 When the sample studied is reasonably large (at least 30), the shape of binomial distribution closely 

approximates the shape of the normal distribution, and this is known as “binomial approximation to the normal”. 

In such a situation, the mean of binomial distribution is given by (n X p) and the SD by √ n X p X q 

n!  

      X  pr q(n – r) 

r! (n-r)! 



 The Standard Error (SE) is the measure of Standard Deviation of the distribution of large number of “means” 

obtained from repeated samples drawn from the same population. It can be calculated from the sample data as                  

SE = SD ÷ √n. SE is of great utility in estimating the value of the parameter in the large reference population 

from which the sample was drawn as well as in calculating the 95% Confidence Limits of the mean. In case of a 

proportion, the SE of proportion is given as SE (p) =  √(pXq) ÷ n. 

 An extremely important step in biostatistical work is calculation of the “p-value”. The “p-value” is a 

probabilistic estimate of “chance” or “random error” or “sample to sample variations’ having given a result in 

our sample which is likely to be different from the reality that exists in the large reference population. By 

convention, if the p-value is 0.05 or less, we call our results as ‘statistically significant” which means that the 

probability that the results from our sample studied may be different from the reality that exists in the total 

reference population are less than 5 in a 100 chances. 

 However, it needs to be borne in mind that obtaining a significant “p-value” is only one part of the research. 

What is equally (or even more) important is that the study should have been done on a representative and 

adequately large sample, the methods of measurement should have been accurate and that bias (including 

confounding) should have been prevented.  If the research has been done using incorrect procedures of 

measurement or suffers from bias / confounding, even the most significant “p-value” is value-less.  

8.33. Glossary 

8.33.1. Probability. Probability stands for the relative likelihood that a certain event will or will not occur, relative to 

some other events. It is usually denoted by the symbol “Pr” or “p”. 

8.33.2. Mutually exclusive events. If the occurrence of one event precludes the occurrence of the other, such events 

are known as “mutually exclusive events”. 

8.33.3. Conditionally dependent events. Two events, X and Y, are conditionally dependent if the outcome of Y 

depends on X, or X depends on Y. 

8.33.4. Empirical probability. It is defined as the probability based on how events happened in the past and an 

assumption that that similar conditions will apply in future as existed in the past on which the empirical probability 

has been calculated. 

8.33.5. Theoretical probability. Theoretical probability is not based on experience but rather on mathematical 

calculations, as for example the chances of getting a particular number between 1 to 6, on the throw of a dice. 

8.33.6. Additive law of probability. If X and Y are mutually exclusive events, then the probability of X or Y is the 

probability of X plus the probability of Y. Put into formal statistical equation, it is: Pr (X or Y) = Pr (X) + Pr (Y). 

8.33.7. Multiplicative law of probability. If X and Y are conditionally probable, then the probability that both will 

occur is the probability of X times the probability of Y, given X has occurred. It is written in statistical language as: 

Pr (X and Y)= Pr (X) * Pr (Y| X), where the symbol Pr (Y|X) means the probability of Y given X has occurred. 

8.33.8. Independent events. Independent events are those in which the probability of an event is not related in any way 

to the probability of the occurrence of that particular event in the previous trials; e.g., the probability of getting a 

“head” on the toss of a coin will be 50% on a particular toss, irrespective of how many times heads or tails have 

appeared in the previous tosses. 



8.33.9. Normal distribution. The probability distribution which deals with the distribution that the data from a 

reasonably large sample (at least 30) will take when the variable is measured on a “quantitative” (continuous or 

discrete numerical) scale. It is also called the “Gaussian” distribution and has the following characteristics: (i)  It is 

“bell shaped” or “inverted U” shaped. (ii) The mean, median and mode are all centrally located and all have the same 

value. (iii) The mean of the distribution is 0.0 and the SD is 1.0. (iv) The curve is symmetric around the mean; the 

skew is zero. (v) The tails of the curve get closer and closer to the X – axis as we move away from the mean, but they 

will never actually touch the X axis no matter how far out we may be going. (vi) The mean of the curve is denoted by 

“µ” (pronounced as “mu”) and the SD by “s”. 

8.33.10. Binomial Distribution. Binomial distribution deals with the distribution of “qualitative, dichotomous” 

variables and is expressed as  

(where n = number of objects in the set, r = number of objects which we 

are looking for, p = probability of the dichotomous event, q = (1-p). 

 

 

8.33.11. Binomial approximation to the normal. When the sample studied is reasonably large (at least 30) the shape 

of binomial distribution closely approximates the shape of the normal distribution, and this is known as “binomial 

approximation to the normal”. In such a situation, the mean of binomial distribution is given by (n X p) and the SD 

by √ n X p X q 

8.33.12. Central Limit Theorem. If X1, X2, ----- Xn are the values of various observations from a random sample drawn 

from some population with a mean as “µ” and variance as S2, then for a large sample (n = 30 or more), the sample 

mean X is approximately distributed as {N (µ ÷ S2 )}, even if the underlying distribution of the individual observations 

in the population is not normal. This theorem is very important because many of the distributions encountered in 

medical practice and research are not “normal”. In such cases, the central limit theorem can often be applied. This will 

allow us to undertake statistical procedures to draw inference about the population, based on approximate normality 

of sample mean, despite the “non-normality” of the distribution of individual observations.  

 

8.34. Self-Assessment Test 

1. Define “Probability”. Enumerate the various laws of probability, citing medical examples. 

2. Name the important probability distributions. Discuss in details the normal and binomial probability distributions. 

3. What do you understand by “errors in medical research”? Briefly discuss the various types of errors that can occur 

in medical research. 

4. Discuss in details as to what do you understand when you get a “p-value” of < 0.05 in your research work. 

5. Write short notes on: (a) Central Limit Theorem (b) Binomial Approximation (c) Area under the normal curve. 
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3. Hulley SB, Cummings SR, Browner WS, et al. Designing Clinical Research. Lippincott, Williams & Wilkins & 
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8.36. Answers to Check Your Progress. 

1. (c) 50%. The probability of a child which is conceived, to be either male or female is NOT conditional on the gender 

of the pervious children but is “INDEPENDENT” of the genders of the pervious conceptions. 

2. (a).  Probability of Y given X has occurred. 

3. (d). 1.2%. This is a situation of multiplicative law of probability, to cork out the probability of a patient to be having 

gall bladder stones given that he is a male and admitted in our surgical ward. This will work out as (Pr (Gall bladder 

stones) X (Pr (being a male) X (Probability (gall bladder stone given a male) = 0.1 X 0.6 X 0.2 = 0.012 = 1.2% . 

4 (c). Binomial. 

5. (b). 2 SD. 47.7% of the values will be on the plus side of Mean + 1 SD and 47.7% will be on minus side of the 

mean – 1 SD. 

6. (c). Gauss. Normal curve was first described by Gauss and hence is also known as “Gaussian Distribution”.  

7. (c). 7%. 6 Kg is equal to Mean (7.8 Kg) minus 1.5 times SD of  1.2 Kg. The total area below the mean (left of the 

mean) is 0.50, while – 1.5 SD corresponds to 0.43 (see table of area under the curve in Table 8.6. Thus the area below 

mean – 1SD is 0.50 – 0.43 = 0.07 or 7%. 

8. (a). Standard Error. 

9. (b). 12 to 28%. The proportion of hypertensives (p) from the sample of 100 (n) is 20 out of 100, i.e., 0.2. (or 20%). 

Thus, q = 1 –p = 0.8. Standard Error of the proportion  = { √( 0.2 X 0.8) ÷ 100} = 0.04, or 4%. For 95% Confidence 

Interval we work on two times the SE of proportion, i.e., 2 X 4 = 8%. Thus 95% Confidence Interval is 20 + 8 = 12% 

to 28%. 

10 (b). Decrease. As sample size increases, the power of the study to detect a significant difference increases, i..e., 

chances of wrongly accepting a null hypothesis decrease. Thus “p-value” will decrease with increasing sample size. 

 

 

 


