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Data Exploration 
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Data Visualization and Summary Statistics 

•  Preliminary steps before analysis: 
–  defining the scientific question we try to answer,  
–  selecting a set of representative members from the 

population of interest  
–  collecting data (either through observational 

studies or randomized experiments),  
•  Analysis usually begins with data exploration. 

– We start by focusing on data exploration 
techniques for one variable at a time. 
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Data Visualization and Summary Statistics 

•  Objective is  
–  to develop a high-level understanding of the data,  
–  learn about the possible values for each characteristic,  
–  find out how a characteristic varies among individuals 

in our sample. 
•  Basicaly, we want to learn about the distribution of 

variables. 
–  Recall that for a variable, the distribution shows  

•  the possible values,  
•  the chance of observing those values,  
•  how often we expect to see them in a random sample from 

the population. 
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Data Visualization and Summary Statistics 

•  Example of an electrocardiogram (ECG) recording 
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•  Heart rate variability 
(HRV) is the physiological 
phenomenon of variation 
in the time interval 
between heartbeats. Other 
terms used include: "cycle 
length variability", "RR 
variability" (where R is a 
point corresponding to the 
peak of the QRS complex 
of the ECG wave; and RR 
is the interval between 
successive Rs) 



Data Visualization and Summary Statistics 

•  A normally functioning heart exhibits considerable 
variability in beat-to-beat intervals.  
–  variability reflects the body’s continual effort to maintain 

homeostasis  
•  so that the body may continue to perform its most essential 

functions and supply the body with the oxygen and nutrients 
required to function normally.  

•  It has been demonstrated through biomedical research 
that there is a loss of heart rate variability associated 
with some diseases,  
–  such as diabetes and ischemic heart disease.  

6 



Data Visualization and Summary Statistics 

•  Researchers seek to determine  
–  if this difference in variability between normal subjects and 

subjects with heart disease is significant  
•  meaning, it is due to some underlying change in biology and not 

simply a result of chance  

–  whether it might be used to predict the progression of the 
disease.  

•  One will note that the probability model changes as a 
consequence of changes in the underlying biological 
function or process. 
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Data Visualization and Summary Statistics 

•  To make sound decisions in the context of the 
uncertainty with some level of confidence,  
– we need to assume some probability models for the 

populations from which the samples have been 
collected.  

•  Once we have assumed an underlying model,  
– we can select the appropriate statistical tests for 

comparing two or more populations 
–  then we can use these tests to draw conclusions 

about our hypotheses for which we collected the 
data in the first place 

8 



Data Visualization and Summary Statistics 

•  The data exploration methods allow us to reduce 
the amount of information so that we can focus 
on the key aspects of the data.  

•  We do this by using data visualization 
techniques and summary statistics.  

•  The visualization techniques and summary 
statistics we use for a variable depend on its type 
–  Recall that we can classify them into two general groups:  

•  Numerical (quantitative) variables  
–  discrete, continuous 

•  Categorical variables  
–  nominal, ordinal 
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Graphical summarization of data 

•  Before blindly applying the statistical analysis, 
it is always good to look at the raw data,  
–  usually in a graphical form,  
and then use graphical methods to summarize     
the data in an easy to interpret format. 
– A Picture is worth a thousand word 

•  The types of graphical displays that are most 
frequently used by engineers  
–  scatterplots, time series, box-and-whisker plots, 

and histograms. 
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Data Visualization and Summary Statistics 

•  As a computational tool, R-Commander 
will be used 
–  It allows us to do basic statistical analysis without 

necessarily learning the programing language of R. 

•  First, you must download and install R 
– Go to http://www.r-project.org/. 
– Click on the download R link. 
– Then select a location closest to you. 
– Click on your operating system  
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Data Visualization and Summary Statistics 

•  You can download R-Commander from the command line 
by following these steps: 
–  Once you have installed R, open it by double-clicking on the 

icon. 
–  A window called “R Console” will open. 
–  Make sure you have a working internet connection. Then, at the 

prompt (the > symbol), type the following command exactly and 
then press enter : 

•  > install.packages("Rcmdr", dependencies = TRUE) 
–  R may respond by asking you to select a mirror site and listing 

them in a pop-up box. Choose a nearby location. 
–  Depending on your connection speed, the installation may take 

awhile.  
•  If R is not already open, open it by clicking on its icon.  
•  To open R-Commander, at the prompt enter the following command  

–  > library(Rcmdr) 
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Data Visualization and Summary Statistics 

•  Example Data set : Pima.tr 
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Data Visualization and Summary Statistics 

•  Example Data set : Pima.tr 
–  Pima Indians Diabetes Data Set  
–  Attribute Information: 

•  npreg: Number of times pregnant. 
•  glu: Plasma glucose concentration a 2 hours in an oral 

glucose tolerance test. 
•  bp: Diastolic blood pressure (mm Hg) . 
•  skin: Triceps skin fold thickness (mm). 
•  bmi: Body mass index (weight in kg/(height in m)^2). 
•  ped: Diabetes pedigree function. 
•  age: Age in years. 
•  type: Class variable (disease status) 

–  Yes for diabetic, No for nondiabetic 
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Data Visualization and Summary Statistics 

•  Categorical variables are either nominal or 
ordinal, depending on the extent of information 
the numerical coding provides.  

•  For nominal variables, the numbers are simply 
labels, which are chosen arbitrarily.  
–  Therefore, they do not provide any information.  

•  The type variable in Pima.tr is nominal.  
•  For ordinal variables, although the numbers do 

not have their usual meaning, they preserve a 
rank ordering. 
–  Therefore, they provide information about the ordering of 

categories. 
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Data Visualization and Summary Statistics 

•  Example Data set : birthwt 

16 



Data Visualization and Summary Statistics 

•  Example Data set : birthwt 
–  the birth weight of 189 newborn babies along with some 

characteristics  
–  Attribute Information: 

•  low: indicator of birth weight less than 2.5 kg (0 = normal birth 
weight, 1 = low birth weight). 

•  age: mother’s age in years. 
•  lwt: mother’s weight in pounds at last menstrual period. 
•  race: mother’s race (1 = white, 2 = African-American, 3 = other). 
•  smoke: smoking status during pregnancy (0 = not smoking, 1 = 

smoking). 
•  ptl: number of previous premature labors. 
•  ht: history of hypertension (0 = no, 1 = yes). 
•  ui: presence of uterine irritability (0 = no, 1 = yes). 
•  ftv: number of physician visits during the first trimester. 
•  bwt: birth weight in grams. 
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Data Visualization and Summary Statistics 

•  In the birthwt data set, variables age, lwt, ptl, ftv, and bwt 
are numerical variables.  
–  Among these variables, ptl and ftv are count variables.  
–  The variables low, race, smoke, ht, and ui are all categorical.  

•  Note that all categorical variables are coded with numerical 
values.  

•  In these situations, R and R-Commander cannot 
automatically recognize them as categorical variables.  
–  In fact, they are considered as numerical variables by default.  

•  Therefore, we need to convert them to categorical variables. 
–  To do this, make sure birthwt is the active data set, then  
–  click on  

•  Data→ Manage variables in active data set → Convert numeric 
variables to factors  
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Factors and Levels in R 
•  Factor is a data structure used for fields that takes only predefined, finite 

number of values (categorical data).  
•  For example: a marital status data may contain only values from single, 

married, separated, divorced, or widowed. 
•  In such case, we know the possible values beforehand and these predefined, 

distinct values are called levels.  
•  An example of factor in R: 

> x 
[1] single  married married single 
Levels: married single 

•  Here, we can see that factor x has four elements and two levels. 
•  We can check if a variable is a factor or not, by using class() function. 

> class(x) 
[1] "factor" 

•  Similarly, levels of a factor can be checked using the levels(): 
> levels(x) 
[1] "married" "single" 

•  In R, we can create a factor using the function factor().  
•  Levels of a factor are inferred from the data if not provided. 19 



Data Visualization and Summary Statistics 

•  Many data set can be downloaded from the 
following site: 

•  https://vincentarelbundock.github.io/Rdatasets/
datasets.html 
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Exploring Categorical Variables 

•    
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Exploring Categorical Variables 

•    
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Type Frequency 

No 
Yes 
Total 

132 
68 

200 



Relative Frequency and Percentage 

•    
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Relative Frequency and Percentage 

•  Consider the race variable in the birthwt data set. 
–  The frequencies are n1 = 96, n2 = 26, and n3 = 67 for 

“White”, “African-American”, and “Other” categories, 
respectively.  

–  The sum of these frequencies is equal to the sample size n = 
189. 

•  The relative frequencies and percentages for the race 
variable in birthwt data set are 
–  p1 = 96/189 = 0.508 = 50.8%, 
–  p2 = 26/189 = 0.138 = 13.8%, 
–  p3 = 67/189 = 0.354 = 35.4%. 

•  Therefore, 50.8% of the women in the sample were 
white, 13.8% were African-American, and the 
remaining 35.4% were from other races.  
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Relative Frequency and Percentage 

•  In R-Commander, make sure birthwt is the active data set,  
–  then click  

•  Statistics → Summaries → Frequency distributions, and select race as the Variable.  

•  The frequencies and percentages  
     are given in the Output window. 
•  For race, the category “1” (i.e.,  
    white women) has the highest  
    frequency.  
•  In this case, we say that the mode of the variable race is “1”. 
•  For a categorical variable, the mode is the most common 

value,  
–  i.e., the value with the highest frequency. 
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Relative Frequency and Percentage 

•    
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Bar Graph 

•  For categorical variables, bar graphs are one of 
the simplest ways of visualizing the data. 

•  Using a bar graph, we can visualize the possible 
values (categories) a categorical variable can take,  
–  as well as the number of times each category has been 

observed in our sample. 
•  The height of each bar in this graph shows the 

number of times the corresponding category has 
been observed. 
–  {Create a bar graph for type by clicking Graphs→Bar 

graph and then selecting type as the Variable.} 
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Bar graphs and frequencies 

•  Frequency table for the type variable in the Pima.tr data set 
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Type Frequency 

No 
Yes 
Total 

132 
68 

200 

•  Bar graph for the type 
variable  

•  Overall, bar graphs show us 
how the observed values of a 
categorical variable in our 
sample are distributed 



Bar graphs and frequencies 

•  Frequency table for the race variable in the birthwt data set 
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•  Bar graph for mother’s race in the 
birthwt data set,  

•  where 1, 2, and 3 represent the 
categories “white”, “African-
American”, and “other”, respectively 

Race  Frequency  Relative 
frequency 

White  96 0.508 
African-
American 

26 0.138 

Other  67 0.354 
Total  189 1 



Bar Graph 

•  Checklist for evaluating bar graphs: 
–  Check the units on the y-axis.  

•  Make sure they are evenly spaced. 
–  Be aware of the scale of the bar graph (the units in 

which bar heights are represented).  
•  Using a smaller scale you can make differences look more 

dramatic. 
–  (for example, each half inch of height representing 10 units versus 

50) 

–  In the case where the bars represent percents and not 
counts, make sure to ask for the total number of 
individuals summarized by the bar graph if it is not 
listed. 
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Pie chart 

•  A pie chart takes categorical data and shows 
the percentage of individuals that fall into each 
category.  

•  The sum of all the slices of the pie should be 
100% or close to it (with a bit of round-off 
error).  

•  Because a pie chart is a circle, categories can 
easily be compared and contrasted to one 
another. 
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Pie chart 

•  An example:  
– The Florida lottery uses a pie chart to report where 

the money goes when a lottery ticket is purchased. 
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Pie chart 
•  We can use a pie chart to visualize the relative frequencies of 

different categories for a categorical variable. 

•  In a pie chart, the area of a circle is divided into sectors, each 
representing one of the possible categories of the variable. 

•  The area of each sector c is proportional to its frequency. 
•  To create pie charts in R-Commander, click Graphs→Pie chart. 
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•  Pie charts for the type variable 
from Pima.tr and the race variable 
from birthwt, where 1, 2, and 3 
represent the categories “white”, 
“African-American”, and “other”, 
respectively 



Pie chart 

•  To evaluate a pie chart for statistical correctness: 
–  Check to be sure the percentages add up to 100% or 

close to it  
•  any round-off error should be very small 

–  Beware of slices of the pie called “other” that are larger 
than many of the other slices.  

•  This shows a lack of detail in the information gathered. 

–  A pie chart only shows the percentage in each group, 
not the number in each group.  

•  Always ask for or look for a report of the total size of the data 
set. 
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Time Charts (line graphs) 

•  a data display whose main point is to examine 
trends over time.  

•  Typically a time chart has  
–  some unit of time on the horizontal axis  

•  (year, day, month, and so on)  

–  a measured quantity on the vertical axis  
•  (average income, birth rate, total sales, etc.).  

•  At each time period, the amount is shown as a 
dot, and the dots connect to form the time 
chart. 
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Time Charts (line graphs) 

•  Average hourly wage for production workers, 
1947–1998 
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Time Charts (line graphs) 

•  A time chart can present information in a 
misleading way, for example 
–  charting the number of crimes over time, rather 

than the crime rate (crimes per capita).  
•  Because the population size of a city changes over time, 

crime rate is the appropriate measure.  

•  Make sure you understand what statistics are 
being presented and examine them for fairness 
and appropriateness. 
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Time Charts (line graphs) 

•  Checklist for evaluating time charts: 
– Examine the scale on the vertical (quantity) axis as 

well as the horizontal (timeline) axis;  
•  results can be made to look more or less dramatic than 

they actually are simply by changing the scale. 

– Take into account the units used in the chart and be 
sure they are appropriate for comparison over time  

•  (for example, are dollar amounts adjusted for inflation?). 
– Watch for gaps in the timeline on a time chart.  

•  Connecting the dots across a short period of time is 
better than connecting across a long time. 
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•  Further reading on visualization of categorical 
data 
–  http://www.sciencedirect.com/science/book/

9780122990458 
–  http://www.datavis.ca/books/vcd/vcdstory.pdf 
–  http://citeseerx.ist.psu.edu/viewdoc/download?

doi=10.1.1.140.599&rep=rep1&type=pdf 
–  https://www.jstatsoft.org/article/view/v053i07/

v53i07.pdf 
–  http://vis.berkeley.edu/courses/cs294-10-fa08/wiki/

images/9/99/Seth-FinalPaper.pdf 
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Exploring Numerical Variables 

•  For numerical variables, we are especially 
interested in two key aspects of the 
distribution:  
–  its location 

•  refers to the central tendency of values, that is, the point 
around which most values are gathered. 

–  its spread 
•  refers to the dispersion of possible values, that is, how 

scattered the values are around the location. 
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Histograms 

•  defined as a frequency distribution commonly used to 
visualize numerical variables.  

•  A histogram is similar to a bar graph after the values of 
the variable are grouped (binned) into a finite number of 
nonoverlapping intervals (bins), usually of equal width.  

•  Given N samples or measurements, xi ranging from Xmin 
to Xmax, the samples are binned into bins 

•  Typically, the number of bins is on the order of 7–14, 
depending on the nature of the data.  
–  In addition, we typically expect to have at least three 

samples per bin.  
•  Sturgess’rule may also be used to estimate the number of bins and is 

given by k = 1 + 3.3 log(n). 
–  where k is the number of bins and n is the number of samples. 
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Histograms 

•  One bin of a 
histogram plot  

•  The bin is 
defined by  
–  a lower bound,  
–  a midpoint,  
–  an upper bound 
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Histograms 

•  constructed by plotting the number of samples 
in each bin.  
–  horizontal axis,  

•  the sample value,  

–  the vertical axis,  
•  the number of occurrences of samples falling within a bin 

•  Next slide illustrates a histogram for 1000 
samples drawn from a normal distribution with 
mean (µ) = 0 and standard deviation (σ) = 1.0.  
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Histograms 
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Histograms 

•  Two useful measures in describing a 
histogram:  
–  the absolute frequency in one or more bins 

•  fi = absolute frequency in ith bin 

–  the relative frequency in one or more bins  
•  fi /n = relative frequency in ith bin,  

–  where n is the total number of samples being summarized in the 
histogram 

•  The histogram can exhibit several shapes  
–  symmetric, skewed, or bimodal. 
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Histograms - example 

•  As a running example, consider a numerical variable, X, for 
which three sets (samples) of observations denoted as Sample 
1, Sample 2, and Sample 3 have been collected. 

•  Dot plots for these three sets of observations: 

46 

Observations in Sample 1 
are gathered around 2,  
Observations in Sample 2 
and Sample 3 are gathered 
around 4.  
Observations in Sample 3 
are more dispersed 
compared to those in 
Sample 1 and Sample 2 



Histograms - example 
•  Histograms of the three samples. 
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Histograms - example 
•  The following table shows the number of live 

births in Colorado by age of mother for selected 
years from 1975–2000.  

•  The numerical variable age is broken down into 
categories of 5-year groupings. 
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Histograms - example 
•  Relative frequency histograms comparing 1975 

and 2000  

•  You can see more older mothers in 2000 than 
in 1975. 
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Histograms 

•  The bar height for each interval could be set to its relative frequency 
pc = nc/n, or the percentage pc x100, of observations that fall into that 
interval. 

•  For histograms, however, it is more common to use the density 
instead of the relative frequency or percentage. 
–  The density is the relative frequency for a unit interval.  

•  It is obtained by dividing the relative frequency by the interval width: 

    fc = pc/wc 
–  Here, pc = nc/n is the relative frequency with nc as the   frequency of interval c and n as the total 

sample size.  
–  The width of interval c is denoted wc . 

•  To create the density histogram in R-Commander, click Graphs → 
Histogram, select a variable, and choose Densities for the Axis 
Scaling. 
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Histograms 
•  The frequency histogram for the numerical 

variable bmi in the Pima.tr data set.  

•  The height of the rectangles represent the 
frequency of the interval and sum to the 
total sample size n.  

•  Here, the values of the variable are divided 
into seven bins 
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•  The density histogram for bmi from the 
Pima.tr data set.  

•  Here, the scale on the y-axis is density 
(not frequency).  

•  Once again, the values of bmi are divided 
into seven bins of width w = 5 



Histograms 

•  Assuming the frequency histogram for variable bmi, 
let us calculate the density of the interval [30, 35], 
which is the 4th interval.  
–  There are n4 = 67 observations in this interval.  
–  Therefore, the relative frequency is  p4 = 67/200 = 0.335.  
–  The interval width is w4 = 5.  
–  The density for this interval is therefore f4 = 0.335/5 = 0.067  

•  To create the density histogram for bmi in R-
Commander, click  
–  Graphs → Histogram, select bmi as the Variable, and 

choose Densities for the Axis Scaling 
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Histograms 

•  The height of each bar in density histogram shows the 
density of the corresponding interval (as opposed to 
its frequency).  

•  For each interval c, the area of the corresponding bar 
in the density histogram is calculated as follows 
(hight×width):  

  ac = fc × wc = (pc / wc) × wc = pc 

•  Therefore, the area of each bar (rectangle) is the 
relative frequency for the corresponding interval.  
–  Since the sum of relative frequencies is 1, the total area of 

bars in a density histogram is 1. 
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Histograms 

•  When creating a histogram, it is 
important to choose an appropriate 
value for w (Number of Bins) .  

•  Besides the location and spread of a 
distribution, the shape of a 
histogram also shows us how the 
observed values spread around the 
location. 

•  We say the following histogram is 
symmetric around its location (here, 
zero) since the densities are the 
[almost] same for any two intervals 
that are equally distant from the 
center. 
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Histograms 
•  In many situations, we find that a histogram is stretched to 

the left or right. 
•  We call such histograms skewed. 

–  More specifically, we call them left-skewed if they are stretched 
to the left, or right-skewed if they are stretched to the right. 
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Histograms 

•  As an example, histogram of variable lwt in 
the birthwt data set is right-skewed 
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Histograms 

•  The histograms in previous slides, whether 
symmetric or skewed, have one thing in common 
–  they all have one peak (or mode). 

•  We call such histograms (and their corresponding 
distributions) unimodal. 

•  Sometimes histograms have multiple modes. 
–  The bimodal histogram appears to be a combination of 

two unimodal histograms. 
•  Indeed, in many situations bimodal histograms (and 

multimodal histograms in general) indicate that the 
underlying population is not homogeneous and may include 
two (or more in case of multimodal histograms) 
subpopulations. 
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Histograms 
•  Histogram of a bimodal distribution  

•  A smooth curve is superimposed so that 
the two peaks are more evident 
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•  Histogram of protein consumption in 25 
European countries for white meat in 
Protein data set.  

•  The  histogram is bimodal, which 
indicates that the sample might be 
comprised of two subgroups 



Histograms 

•  The histogram is important because it serves as  
–  a rough estimate of the true probability density 

function or  
–  probability distribution of the underlying random 

process from which the samples are being collected. 
•  The probability density function or probability 

distribution is a function that quantifies the 
probability of a random event, x, occurring.  
–  When the underlying random event is discrete in 

nature, we refer to the probability density function as 
the probability mass function 
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Histograms 

•  The probability density function for a discrete random variable (probability 
mass function). 

•  In this case, the random 
variable is the value of a 
toss of a single dice.  

–  Note that each of the six 
possible outcomes has a 
probability of occurrence of 1 
of 6.  

•  This probability density 
function is also known as a 
uniform probability 
distribution. 
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Histograms 

•  Histograms representing the outcomes of experiments in which 
a single dice is tossed 50 and 2000 times, respectively  

–  Note that as the sample size increases, the histogram approaches the 
true probability distribution (uniform probability distribution) 
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Histograms 

•  Engineers are trying to make decisions about populations 
or processes to which they have limited access.  

•  Thus, they design experiments and collect samples that 
they think will fairly represent the underlying population 
or process.  

•  Regardless of what type of statistical analysis will result 
from the investigation or study, all statistical analysis 
should follow the same general approach: 
–  Measure a limited number of representative samples from a 

larger population. 
–  Estimate the true statistics of larger population from the sample 

statistics. 
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Histograms 

•  Once the researcher has estimated the sample 
statistics from the sample population,  
–  he or she will try to draw conclusions about the 

larger (true) population.  
•  The most important question to ask when 

reviewing the statistics and conclusions drawn 
from the sample population is  
–  how well the sample population represents the 

larger, underlying population. 
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Histograms 

•  Checklist for evaluating a histogram: 
–  Examine the scale used for the vertical axis and beware 

of results that appear exaggerated or played down 
through the use of inappropriate scales. 

–  Check out the units on the vertical axis to see whether 
the histogram reports frequencies (numbers) or relative 
frequencies (percentages), and then take this into 
account when evaluating the information. 

–  Look at the scale used for the groupings of the 
numerical variable (on the horizontal axis).  

•  If the range for each group is very small, the data may look 
overly volatile.  

•  If the ranges are very large, the data may appear to be 
smoother than they really are. 
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Measures of Central Tendency 

•  Histograms are useful for visualizing numerical 
data and identifying their location and spread.  

•  However, we typically use  descriptive or  
summary statistics for more precise 
specification of the 
–  central tendency  
–  dispersion  
of observed values. 
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Measures of Central Tendency 

•  A central tendency is a central or typical value 
for a probability distribution.  
–  also called a center or location of the distribution.  

•  Measures of central tendency are often called 
averages. 

•  There are several measures that reflect the 
central tendency 
–  sample mean,  
–  sample median,  
–  sample mode. 

66 



Mean 

•    
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Mean 

•  For a data set, the terms  
–  arithmetic mean,  
–  mathematical expectation,  
–  sometimes average  
are used synonymously to refer to a central value of a 
discrete set of numbers 
–  specifically, the sum of the values divided by the number of 

values.  
•  If the data set were based on a series of observations 

obtained by sampling from a statistical population,  
–  the arithmetic mean is termed as the sample mean to 

distinguish it from the population mean 
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Mean 

•  Outside of probability and statistics, a wide range of other 
notions of mean are often used in geometry and analysis: 
–  Pythagorean means 

•  Arithmetic mean, Geometric mean, Harmonic mean 
–  Generalized means 

•  Power mean,  
–  a.k.a generalized mean, Hölder mean, mean of degree (or order or power) p 

•  ƒ-mean 
–  Weighted arithmetic mean 
–  Truncated mean 
–  Interquartile mean 
–  Fréchet mean 
–  …  
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Mean 

•    
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– when the data are  
“normally distributed”. 

•  If a value is a lot smaller or larger 
than the others, “skewing” the 
data, the mean will then not give a 
good picture of the typical value. 



Mean 

•    
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Mean 
•  The relationship between Arithmetic mean, Geometric mean, 

and Harmonic mean: 
 Arithmetic mean × Harmonic mean = Geometric mean2 

•  Arithmetic mean, Geometric mean, and Harmonic mean satisfy 
the following inequalities: 

 Arithmetic mean ≥ Geometric mean ≥ Harmonic mean 
•  Equality holds if and only if all the elements of the given sample are equal 

•  The arithmetic mean is best used in situations where: 
–  the data are not skewed (no extreme outliers) 
–  the individual data points are not dependent on each other 

•  The geometric mean should be used whenever the data are 
inter-related 

•  The harmonic mean is best to use when there is: 
–  A large population where the majority of the values are distributed 

uniformly but where there are a few outliers with significantly higher 
values 
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Mean 

•    
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Sample Mean 

•  Plotting the 
three samples 
along with their 
means (short 
vertical lines) 

•  For Sample 1, 
Sample 2, and 
Sample 3, the 
means are 2.1, 
3.9, and 4.1, 
respectively. 
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Sample Mean 
•  Sample mean is sensitive to very large or very small values, 

which might be outliers (unusual values). 
•  For instance, suppose that we have measured the resting 

heart rate (in beats per minute) for five people. 

•  In this case, the sample mean is 79.8, which seems to be a 
good representative of the data. 

•   Now suppose that the heart rate for the first individual is 
recorded as 47 instead of 74. 

•  Now, the sample mean does not capture the central 
tendency. 
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