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    Abstract 
   Basic or core concepts are by no means simple or unimportant. In fact, the true 
hallmark of an expert is a deeper understanding of basic concepts. In this chapter 
we will introduce basic epidemiological concepts. Epidemiological research 
addresses the occurrence of health-relevant characteristics or events in a specifi ed 
type of people. The characteristic or event of interest is often referred to as the 
‘outcome’ and the type of persons in which it occurs is often referred to as 
the ‘target population’. The frequency of the outcome can be of interest itself, or, 
the interest may be in the link between the outcome’s frequency and one or more 
determinants, often called ‘exposures’. Analytical studies address causal links, in 
contrast to purely descriptive studies. Irrespective of whether a study is descrip-
tive or analytical, empirical evidence is obtained by documenting relevant 
experiences of a study population, a sampled group of individuals who are 
intended to represent the target population of interest. To describe such empirical 
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evidence, the frequency concepts of risk, rate, and odds are essential. The fre-
quency of the outcome is often compared among different levels of exposure. 
In analytical studies, this comparison must strive for freedom from the blurring 
effects of confounding. In this chapter we explain this phenomenon of confoun-
ding. We also discuss the exploration of factors that mediate or modify a causal 
link. The fi nal section of the chapter discusses types of biases in study fi ndings.  

2.1        Occurrence Relations 

 Core concepts in epidemiology are summarized in Panel  2.1 . Perhaps the most 
basic of those concepts is the  occurrence relation . In epidemiological studies, one 
investigates the occurrences of outcomes and/or the relationship between outcome 
occurrences and exposures. The most  basic occurrence relation  (Fig.  2.1 ) that can 
be studied is the relationship between a single exposure and an outcome.

   Additional elements may need to be added to the occurrence relation when 
designing a study. When the study is ‘analytical’ ( See:  next section), showing a 
causal link between an exposure and outcome usually requires taking into account 
other factors that might confound (blur) the detection of that link (discussed further 
below in the section on confounding). Thus, in analytical studies these additional 
factors, called  confounders  need to be included in the occurrence relation. The diagram 
representing the occurrence relation is then called a  causal diagram , of which the 
most basic form is shown in Fig.  2.2 .

   Panel 2.1 Summary of Basic Concepts in Epidemiology 

     Analytical studies     Studies seeking to demonstrate a causal link   
   Bias     Deviation from the true value   
   Causal link     A statistical association that is free of the distorting infl uence 

of confounding factors   
   Cohort     A fi xed group of subjects composed on the basis of a once-off 

selection criterion and followed to study the frequency of occurrence of the 
outcome   

   Confounder     A third factor that distorts (away from the true independent 
effect) the observed association between exposure and outcome   

   Descriptive studies     Studies not seeking to demonstrate a causal link   
   Dynamic population     A group of subjects with varying composition over 

calendar time because membership, based on a chosen criterion, only lasts 
for as long as the criterion is fulfi lled   

   Effect modifi er     A factor by whose level the relation between exposure and 
outcome changes   

   Exposure     Determinant; factor related (causally or acausally) to the outcome   
   

(continued)
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Exposure Outcome

  Fig. 2.1    The basic occurrence relation. A single exposure is related to a single outcome       

Panel 2.1 (continued)

Hypothesis     A scientifi c idea ( Based on Miettinen   1985 )   
   Information bias     Bias in the statistical study result caused by problems 

with measurement, data processing or analysis   
   Measurement     Investigation of an attribute of a single observation unit; and 

the recording of a ‘representation’ characterizing the attribute under the 
form of a value on a measurement scale   

   Mediator     A factor by which the exposure exerts its effect on the outcome   
   Observation unit     Person or other entity, member of the study base, whose 

characteristics or experience is to be measured   
   Occurrence relation     The object of study: the proposed relation among 

outcome, exposures (and sometimes confounders and effect modifi ers)   
   Odds     probability of having (or developing) the outcome divided with the 

probability of  not  having (or developing) the outcome   
   Outcome     The phenomenon whose frequency of occurrence is studied   
   Population cross-section     A ‘snapshot’ of a cohort at a particular follow-up 

time or of a dynamic population at a particular calendar time   
   Rate     Frequency of occurrence   
   Risk     Probability of some state or event developing   
   Selection bias     Bias in the statistical study result caused by problems of 

selection or retention of study participants   
   Study base     The real-life experience of members of a cohort, dynamic 

population or population cross-section that will be documented to provide 
empirical evidence about the occurrence relation   

   Study population     The group of people that will provide for the study base   
   Target population     The type of people about which evidence will be created 

in the research     

Exposure Outcome

Confounder

  Fig. 2.2    The basic causal diagram. A single exposure is related to a single outcome. A third vari-
able – known as a confounder – is also related to the outcome and is associated with the exposure       

 

 

2 Basic Concepts in Epidemiology



22

2.2           Target Population and Study Population 

 Occurrence relations are studied for a specifi ed  target population . As discussed in 
Chap.   1    , the target population is the type of persons the research tries to create 
evidence about. The target population can be entirely abstract (e.g., adults with a 
specifi c illness), or there may be some space or time restrictions 
(e.g., inhabitants of a specifi c area). In practice, we study the real-life experiences of 
a group of persons who represent the target population; this group is called the 
 study population . The collective experience of the study population is called the 
 study base . Chapter   5     will explain in greater detail the three possible types 
of study base that can be used: cohorts, dynamic populations, and population 
cross-sections. In brief,  cohorts  are fi xed groups of persons whose exposures and 
outcomes are documented over a defi ned period of follow-up time.  Dynamic 
populations  are non-fi xed groups whose attributes of interest are measured in the 
people fulfi lling a set of criteria during a study, with people moving in and out of 
the study population according to whether they (still) fulfi ll these criteria. A  popu-
lation cross-section  is a “snapshot” of a study population at a specifi c time. In all 
three cases, attributes and experiences in the study population are recorded either 
repeatedly or once. Because the study population represents the target population, 
the empirical evidence and relationships found in it can be used to make  inferences  
about the target population.  

2.3     Descriptive Versus Analytical Research 

 All epidemiological studies investigate health phenomena using quantitative methods 
involving statistical estimation and/or testing. As discussed in Chap.   1    , there are two 
broad types of epidemiological studies: descriptive and analytical studies. But what 
distinguishes a descriptive study from an analytical one? 

 The fundamental divide between these two study types is whether or not causality 
is addressed. In a  descriptive study , the outcome of interest might be the prevalence 
of a disease, a correlation, or a shape of a relationship in one or more groups. 
However, in such studies there is no focus on whether one phenomenon causes or 
prevents the other. In principle, descriptive research does not address questions 
regarding causal links between phenomena. The aim is rather to show if the frequency 
is different between the categories of a determinant, regardless of the reasons for 
any observed differences. 

 Analytical studies, on the other hand, are aimed at demonstrating possible 
causal links among observed health phenomena and are therefore considered to be 
causally- oriented. The causal links may be associated with an increase or decrease 
in the frequency of the outcome of interest. Put another way, analytical studies 
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investigate whether determinants (often referred to as  exposures  or presumed  risk 
factors ) are causally linked with health-relevant outcomes. 

 To further illustrate descriptive versus analytical studies, consider two different 
studies, one descriptive and the other analytical, both addressing the relationship 
between average weekly beer consumption and squamous cell lung carcinoma. In the 
descriptive study, one might compare beer consumption rates in patients with 
lung cancer versus the general population, without any attempt to address whether 
beer consumption is a causal factor for lung cancer. This would yield descriptive 
information on whether beer consumption is any higher or lower in the patients. In the 
analytical study, one would attempt to determine whether beer consumption  causes  
lung cancer and, if so, to what degree beer consumption increases or decreases the 
risk of lung cancer. This can only be achieved when it can be convincingly shown 
that the relationship is free from the effects of  confounding factors . In other words, 
it is essential to demonstrate that an observed association is not explained by 
additional factors (confounders), such as the observation that beer drinkers are more 
likely to smoke tobacco, a very well- known cause of lung cancer.  

2.4     Risks, Odds, and Rates 

 When describing empirical evidence about occurrences and occurrence relations, 
the frequency concepts of risk, odds, and rate are essential. 

2.4.1     The Distinctions Among Risk, Odds, and Rate 

 In epidemiology the term ‘ risk ’ is used to denote the probability of some state or 
event developing (Eq.  2.1 ) and is expressed as a proportion or percentage. Take, for 
example, the term ‘incidence risk.’ An incident case of a disease is a new occurrence 
in a susceptible individual (e.g., the development of lung cancer in a previously 
cancer-free individual). ‘Incidence risk’ is the probability of the outcome (e.g., lung 
cancer) newly developing over a defi ned period of time.

  Risk = =probability of a state or event developing p   (  2.1  )   

  ‘ Odds ’ is the probability of  having or developing  the outcome divided by the 
probability of  not  having or developing the outcome (Eq.  2.2 ). For example, in a 
cross-sectional study, the odds of cardiac disease is the probability of  having  cardiac 
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disease divided with the probability of  not having  cardiac disease. In a cohort study 
it would be the probability of  developing  cardiac disease divided by the probability 
of not developing it.      

    Table 2.1    The basic    two-by-two table of exposure versus outcome   

 Exposure level  Outcome: death  Outcome: no death 
  Exposed   a  b 
 (Living in area with regulated seat belt use) 
  Unexposed   c  d 
 (Living in an area without regulated seat belt use) 

  
Odds =

-
p

p1  
 (  2.2  )   

  Where: 
 p = the probability of a state being present or an event occurring  

 The concept of ‘ rate ’ will be used in this textbook to mean the ‘frequency of occur-
rence’ (Miettinen  2011 ). Rates in this sense can be of a proportion-type or density-
type. A  proportion-type rate  is the number of occurrences out of a total number of 
instances in which the occurrence could have happened. A  density-type rate , on the 
other hand, is the number of occurrences out of a total amount of at-risk time (also 
called ‘cumulative person time’ or ‘population time’). To avoid confusion, one must 
be aware that many epidemiologists only use ‘rate’ to denote the latter density-type 
rates; this restricted use of the term  rate  is still debated (e.g., Miettinen  2011 ).  

2.4.2     Practical Application of Risks and Odds 

 Risks, odds, and rates are often compared among those who are exposed to a spe-
cifi c factor and those who are not exposed to the same factor. If the outcome is cate-
gorical and binary (e.g., healthy or ill, alive or dead, or any characteristic that is 
present or absent), risk assessment can be made from a two-by-two table (Table  2.1 ). 

 To illustrate risk assessment with a two-by-two table, let us consider a theoretical 
study aimed at assessing whether seat belt use in cars is associated with a decreased 
risk of death in individuals involved in collisions between two or more cars. The 
investigators decide to compare the risk of death among those involved in car colli-
sions in areas that have introduced a regulation requiring the use of seat belts versus 
in similar areas that have not implemented such regulations. The study participants 
can be categorized according to their exposure (i.e., living in a regulated area or an 
unregulated area) and outcome status (i.e., death or no death). Table  2.1  is a two-by-
two table presenting the study results. This type of table is known among epidemi-
ologists as ‘the  basic two-by-two table ’.

L.T. Fadnes et al.
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   With this information it is possible to calculate the risk and the odds of death 
based on the exposure status and to compare these values using the relative risk and 
odds ratio, respectively.

  Risk among the exposed =
+
a

a b
   

  
Risk among the unexposed =

+
c

c d    

  The relative risk is the risk among the exposed divided by the risk among the 
unexposed (Eq.  2.3 ):

  

Relative risk RR= = +

+

a
a b

c
c d   

(  2.3  ) 

  

  Similarly, the odds and the odds ratio can be calculated.

  

Odds among the exposed = +

+

=

a
a b

b
a b

a

b

   

  

Odds among the unexposed = +

+

=

c
c d

d
c d

c

d

   

  The odds ratio is the odds among the exposed divided by the odds among the 
unexposed:

  

Odds ratio OR= =

a

b
c

d   

(  2.4  )
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  A relative risk or odds ratio of 1 suggests equal outcome frequencies in the 
exposed and unexposed groups. The value 1 is called the  null value,  i.e., the value 
indicating a  null effect .   

2.5     The Epidemiological Approach to Showing Causal Links 

2.5.1    The Basic Temporality Criterion of Causality 

 For an exposure to be a cause, the exposure must have preceded the outcome, a 
requirement commonly referred to as the  basic temporality criterion.  The opposite 
situation is often referred to as  reverse causality,  which is when the outcome has a 
causal effect on the exposure, e.g., if a disease outcome such as cardiac failure 
causes an exposure of interest, such as inactivity. This is of particular concern in 
studies where it is diffi cult to assess the order of events, such as in many cross-
sectional and retrospective studies. In these designs, much of the information 
regards past events or experiences and is often obtained using patient recall and/or 
medical records. Take, for example, the known associations between obesity and 
depression: obesity is associated with increased risk of having a major depressive 
episode (MDE), and prior history of a MDE increases the risk of developing obesity. 
Thus, obesity is a cause of MDE, and MDE is a cause of obesity. If attempting to 
study these two health phenomena, it is therefore necessary to rule out prior exposure 
to the outcome of interest (either obesity or depression depending on the specifi c 
study question) in order to avoid issues of reverse causality.  

2.5.2     Types of Causality-Oriented (Analytical) Studies 

 In epidemiology there are two main types of studies addressing questions of 
causality: observational etiologic studies and intervention studies. These are also 
known as observational-etiognostic and intervention-prognostic studies, respectively 
(Miettinen  2004 ). They will be discussed amply in Chap.   6     (General Study Designs). 
Within each of those two broad types of causality-oriented studies, the focus can be 
on one or more of the following issues:
•    Whether a causal link exists  
•   How strong the causal link is  
•   Whether other factors can modify the strength of the causal link  
•   Whether a factor is a mediator in a causal chain   

To provide a brief introduction, in observational-etiognostic studies, such as 
cohort studies and case–control studies, the fundamental question is: to what extent 
does an exposure cause an outcome? In intervention-prognostic studies, such as ran-
domized controlled trials, the question is rather: to what extent does  imposing an 
exposure  change the frequency of an outcome. 

 Let us consider one example from each analytical study type. Both examples 
will be based on causes of decompression sickness, a serious and potentially-life 
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threatening condition that can affect divers upon ascent. A team of investigators 
is collaborating with government agencies to develop a deeper understanding of the 
causal factors contributing to decompression sickness. The researchers hypo thesize 
that the depth of diving and speed of ascent (exposure) are causal factors for the 
onset of decompression sickness (outcome). 

 They fi rst address this hypothesis using an observational-etiognostic study in 
which they monitor 1,000 divers over 10 dives each (10,000 dives total). They use 
remote electronic devices to observe and record the depth of the dive and many other 
factors, such as nitrogen pressure in the diver’s blood, the rate at which the diver 
descended, the duration of the dive, and the rate at which the diver ascended to the 
surface. Each diver phones the research team after their dives to report whether they 
required clinical assistance for decompression sickness or whether they experienced 
any hallmark signs or symptoms of decompression sickness. Based on this informa-
tion, the researchers perform regression analyses to test whether the depth of diving 
and speed of ascent increase the risk of having experienced decompression sickness 
or its signs and symptoms, and they adjust for known and potential confounders to be 
confi dent that the association will indicate the presence or absence of a true causal 
link between the depth of diving or speed of ascent and decompression sickness. 

 Let us presume that the researchers determine that the speed of ascent is a strong 
causal factor for the onset of decompression sickness. They decide that this association 
must now be tested using an alternative approach, so they employ an intervention-
prognostic study. They enroll 2,000 different divers and randomly assign them to one 
of two groups: one that will be asked to modify their diving ascent to a slower-than-
standard rate and one that will be asked to continue diving as usual (standard ascent 
rate). They then assess the same parameters as in their observational-etiognostic study 
over 10 dives per diver. Indeed, they determine that those who were assigned to the 
slower- than-standard ascent rate experienced a lower risk of decompression sickness 
than did those who were assigned to the standard diving group. Their study included 
a rigorous assessment of potential confounders that were accounted for during analy-
sis to be sure that this result was free from the infl uence of confounders. A deeper 
discussion of confounding and various examples of confounding will follow later in 
the chapter.  

2.5.3     The Counterfactual Ideal 

 In the previous example, there is a critical assumption: that the experience of the 
slower-than-standard ascent rate would have reduced the risk of decompression 
sickness in the other group had they also slowed their ascents. This assumption 
refers to what has been called the  counterfactual ideal . This ideal is a theoretical 
scenario in which:
•    A specifi c person can be exposed to both levels of exposure at the exact same 

time (slower ascent and standard ascent) and  
•   The potential outcome (decompression sickness) can be observed at both levels 

of exposure in the same person    
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 Essentially, the counterfactual ideal is a theoretical situation in which we suppose 
that the levels of exposure can be directly compared under exactly identical situations 
at exactly the same time. In such a scenario, it would be possible to ask what would 
have happened under a hypothetical change of the exposure level and therefore 
directly test causality. Unfortunately, this ideal is practically impossible. Instead we 
attempt to get as close as possible to achieving the counterfactual ideal by making 
sure that any outcome-determining characteristics and external infl uences, which 
can act as confounders, are adjusted for when contrasting the exposure levels.  

2.5.4     Cause Versus Causal Mechanism 

 In analytical studies a statistical association between an exposure and an outcome is 
potentially a causal link, and the strength of evidence for this causal link is directly 
related to how well potential or known confounders are taken into consideration or 
adjusted for. Let us assume that we have shown the existence of a confounding-free 
association and believe that we have evidence supporting a causal link between an 
exposure and an outcome. What is the meaning of that association or causal link? 
This association implies that the exposure direclty or indirectly causes the outcome 
or, put another way, that the exposure and outcome are in a causal pathway. However, 
the details of that causal pathway remain unknown. If the causal pathway involves 
intermediate steps, then those intermediate factors are called  mediators . For example, 
imagine that exposure A is causally linked to outcome X, but the causal pathway 
involves a sequence in which exposure A causes exposure B, and exposure B causes 
outcome X. In this case, exposure B also has a causal link to exposure X and serves 
as a mediator of the causal pathway that links exposure A to outcome X. Potential 
mediators can be measured and their role studied in analytical studies ( See:  Sect.  2.7.1 ). 
It is important to realize that an exposure’s causative effect could indicate that there 
is some illness-predisposing mechanism operating in those with the exposure, some 
illness-protective mechanism in the unexposed, or a mixture of both.  

2.5.5     Causal Webs 

 Traditional epidemiological approaches often involve investigating multiple sus-
pected causes simultaneously in a single etiologic study. The usual analytical 
approach is to include all of the suspected causal factors as independent variables in 
multivariate regression analyses. However, more complex networks of causation are 
increasingly recognized, and more sophisticated causal models are increasingly 
needed. Pearl ( 2010 ) has developed a general theory of structural causal modeling 
with potential for implementation for the estimation of causal effects, mediation, and 
effect modifi cation given such complex occurrence relations. Approaches to include 
hierarchically structured and nested causal factors have also been deve loped, e.g., 
multilevel modeling. Discussions of these advanced analytical strategies are outside 
the scope of this textbook.   

L.T. Fadnes et al.
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2.6     Confounding 

 Epidemiologists often conduct studies to describe the causal effects of exposures, 
but in many cases end up with mere associations between exposures and outcomes 
that are not free from the blurring effects of confounders. Confounding hinders our 
ability to see the true causal effect of the exposure on the outcome. It can mask 
associations when they truly exist, or indicate spurious associations when in fact 
there are no causal relationships. 

2.6.1     Confounding: Types and Conditions 

 Observation of an association between an exposure and an outcome does not neces-
sarily imply causation. In the absence of random error and bias, there are several 
possible explanations for such associations in nature, including the following:
    1.    The exposure causes the outcome (Fig.  2.3 )
       2.    The outcome causes the exposure (reverse causation) (Fig.  2.4 )
       3.    The exposure causes the outcome and the outcome causes the exposure (Fig.  2.5 )
       4.    The non-causal exposure and the outcome share a common cause (Fig.  2.6 )
       5.    There is another determinant of the outcome, which is not a cause of the expo-

sure but whose distribution is unequal among exposure levels (Fig.  2.7 )
       6.    The causal exposure and the outcome share a common cause (Fig.  2.8 )

Exposure Outcome

Diarrhea Malnutrition

  Fig. 2.3    Exposure causes 
the outcome. For example, 
diarrhea causes malnutrition       

Exposure Outcome

Diarrhea Malnutrition

  Fig. 2.4    Outcome causes 
exposure (reverse causation). 
For example, malnutrition 
causes diarrhea       

Exposure Outcome

Diarrhea Malnutrition

  Fig. 2.5    Exposure causes outcome and outcome causes the exposure, creating a ‘vicious circle.’ 
For example, diarrhea causes malnutrition, and malnutrition may further worsen diarrhea, and so on       
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Exposure Outcome

Confounder

Coffee drinking Pancreatic cancer

Alcohol drinking

Confounding example 2

  Fig. 2.7    The third factor is a determinant of the outcome and (non-causally) associated with the 
non-causal exposure. The observed association between exposure and outcome is entirely due to 
confounding.  Thick arrows  are causal effects;  thin arrows  are observed non-causal associations. 
For example, alcohol drinking causes pancreatic cancer, but alcohol drinking is also related to coffee 
drinking. Although it appears that coffee drinking causes pancreatic cancer, that apparent association 
is due to the confounder only       

Exposure Outcome

Confounder

Chronic diarrhea Malnutrition

Celiac disease

Confounding example 3

  Fig. 2.8    The causal exposure and outcome share a common cause. The observed association 
between the exposure and outcome is partly causal but overestimated by the confounding infl uence 
of the common cause. For example, chronic diarrhea causes malnutrition, but so too does Celiac 
disease. Some of the association between Celiac disease and malnutrition is due to chronic diarrhea, 
but there is a diarrhea-independent component to malnutrition in Celiac disease. Thus, if one does 
not control for Celiac disease when assessing chronic diarrhea as a causal factor in the development 
of malnutrition, the apparent exposure-outcome relationship will be over-estimated       

Confounding example 1

Exposure Outcome

Confounder

Yellow fingers Lung cancer

Smoking

  Fig. 2.6    Non-causal exposure and outcome share a common cause. The observed association 
between exposure and outcome is entirely due to confounding. Causal effects are shown by  thick 
arrows , observed non-causal associations with  thin arrows . For example, smoking causes lung 
cancer and yellow fi ngers, which may lead to an apparent causal link between yellow fi ngers and 
lung cancer       
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       The fi rst explanation (Fig.  2.3 ) is what epidemiologists are often searching for 
and has been discussed at length earlier in this chapter. The second explanation 
(reverse causation, Fig.  2.4 ) is raised when it is unclear whether the exposure comes 
before the outcome. If the exposure always comes before the outcome – such as 
some genetic exposures and their associated diseases, or such as prospective studies 
in which the exposure is assessed before the outcome occurs – reverse causality is a 
non-issue. Figure  2.5  shows a scenario in which the exposure and outcome cause 
each other in a vicious circle, as is known to be the case with infection causing 
malnutrition and also malnutrition causing infection.

The explanations presented in Figs.  2.6 ,  2.7  and  2.8  are cases of what is referred 
to as confounding.   One of the features common to the scenarios in Figs.  2.6 ,  2.7  and 
 2.8  is that there is an imbalanced distribution – between the exposed and unexposed 
groups – of determinants of the outcome other than the exposure of interest (i.e., 
non- comparability between the exposed and unexposed groups with respect to other 
determinants of the outcome). Thus, the observed risk/rate in the unexposed does not 
equal the counterfactual risk of the exposed (i.e., the risk/rate of the exposed had they 
not been exposed). Common to all confounding are the ‘criteria’ listed in Panel  2.2 . 

 Uncontrolled confounding can cause an effect estimate to be either more positive 
or more negative than the true effect. Confounding variables that are positively asso-
ciated with both the exposure and outcome or negatively associated with both the 
exposure and outcome make the observed association more positive than the truth 
(Fig.  2.9 ). On the other hand, variables which are negatively associated with the 

Exposure Outcome

Confounder+ +

Exposure Outcome

Confounder− −

  Fig. 2.9    Confounding in a positive direction. In both cases, the confounder is related to the exposure 
and the outcome in the same directions. The confounder will increase the apparent relationship 
between the exposure and outcome       

   Panel 2.2 The Classical Confounding Criteria 

 To cause confounding, a variable should:
•    Be unequally distributed among exposure levels (because of a causal  or  

non-causal association between the confounder and exposure)  
•   Be a cause of the outcome or be strongly associated with a cause of the 

outcome  
•   Be outside the causal pathway between the exposure and outcome, i.e., it 

should not be a mediator    
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exposure and positively associated with the outcome, or vice versa, make the 
observed association more negative than the true association (Fig.  2.10 ). This direc-
tion of confounding will be true regardless of whether the main effect is protective 
or harmful.

2.6.2            Management of Confounding 

 Confounding may be prevented in the design of the study or adjusted for in the 
analysis. Methods used in the design stage include randomization, matching and 
restriction (e.g., by use of exclusion criteria making the groups more homogenous). 
Commonly used methods in the analysis stage include stratifi cation, standardiza-
tion, and multivariable analysis. Each of these methods is briefl y introduced below. 
More information is found in Chaps.   6    ,   22     and   24    . 

 Randomization is used in experimental studies and consists of randomly allocat-
ing participants to intervention arms. When successful, randomization will result in 
groups with equal distributions of the other factors associated with the outcome 
other than the intervention, and thus it breaks the links between the common causes 
of the exposure and outcome. When a study sample is suffi ciently large, on average, 
randomization will result in equal distributions of common causes of both the expo-
sures and outcome. However, randomization is unfeasible or unethical in many 
instances, for example when an exposure is clearly harmful or benefi cial. 

 Matching is sometimes used in observational studies. Subjects are deliberately 
selected such that (potential) confounders are distributed in an equal manner 
between the exposed and unexposed groups. Matching does not come without limi-
tations, though. Perhaps most notably, matching can be expensive as it makes it 
more diffi cult to recruit participants and achieve the required sample size. In addition, 
the effects of matched variables cannot be studied. 

 In restriction, the study is limited to respondents with the same value of the con-
founding variable of interest. Thus, the study population is more homogenous than 
it would be without restriction. For example, if biological sex is a known potential 
confounder, the study can be restricted to only studying either males or females 
(although this would raise ethical concerns). Restriction is often simple, convenient, 

Exposure Outcome

Confounder ++

Exposure Outcome

Confounder −−

  Fig. 2.10    Confounding in a negative direction. In both cases, the confounder is related to the 
exposure and outcome in different directions. The confounder will decrease the apparent relation-
ship between the exposure and outcome       
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and effective. And it is particularly useful when confounding from a single variable 
is known to be strong. However, restriction may make it diffi cult to fi nd enough 
study subjects, and it can limit generalizability of the fi ndings (a problem of limited 
external validity). 

 Methods of managing confounding during data analysis are discussed in Chaps. 
  22     and   24    . In brief, stratifi cation is a commonly used method to control for con-
founding in which data analysis is stratifi ed on the potential confounding variable. 
Separate analyses are conducted for those with and those without the confounding 
characteristic. Stratifi cation is cumbersome when there are multiple potential con-
founders, as the data would have to be split into several strata. This is problematic 
as it may result in severe losses in statistical power and reduce the likelihood that a 
conclusion can be made. Another approach to managing confounding is to employ 
multivariable analyses using regression methods to control for multiple confound-
ers at the same time. Such analyses can also be used to control for continuous vari-
ables without categorizing them, unlike stratifi cation. Irrespective of which approach 
is chosen, ultimately theory should always guide the selection of variables consid-
ered as confounders, and careful reasoning is necessary because confounding is 
context-dependent: a variable may be a confounder in one context but not in another. 

 When assessing confounding in an observational design, it is essential to measure 
factors that could be causally related to the outcome. Poorly accounting for known, 
potential, or plausible confounders that are not measurable or poorly measurable 
can obscure true causal links or indicate false links. Any previously unsuspected or 
unknown confounder, newly shown to be important would constitute a potential 
paradigmatic shift in the causal thinking about a disease or other health outcome. If 
a new risk factor is identifi ed, then previous causes (including previous confounders) 
thought to be genuine before may become ‘weaker’ or even disappear. Consequently, 
as small paradigmatic shifts succeed each other, the causal webs tend to re-shape, 
and the strength of the links tends to change.   

2.7     Mediation and Effect Modification 

2.7.1      Mediation 

 Mediators or intermediate factors are those factors that are in the direct causal chain 
between the investigated exposure and the outcome ( See:  Fig.  2.11 ). When investi-
gating causal links, adjusting for these factors might remove true associations or 
reduce their magnitude. For example, in a study assessing the association between 
cardiac disease (outcome) and nutrition (exposure), adjustment for nutritional vari-
ables such as plasma lipids and cholesterols is likely to reduce the measured effect 
size. This is because changes in the lipids and cholesterol might be triggered by the 
nutritional exposure. That is, changes in lipids and cholesterol are part of the mech-
anism through which the nutritional exposure causes cardiac disease (Fig.  2.11 ). 
When selecting confounders for adjustment, it is important to make sure that the 
selected confounders are not in fact partly or entirely mediators. To the extent that 

2 Basic Concepts in Epidemiology

http://dx.doi.org/10.1007/978-94-007-5989-3_22
http://dx.doi.org/10.1007/978-94-007-5989-3_24


34

they are, the observed effect will tend to be diluted. Statistical methods of mediation 
analysis exist to assess the mediating role of variables. These methods are beyond 
the scope of this book.   

2.7.2     Effect Modification 

 In some cases, the initial conclusions after fi rst analysis are incorrect. An example 
could be an investigation of traffi c casualties among people using helmets and those 
not using helmets. One might initially fi nd that traffi c casualties are more common 
among those using helmets (Table  2.2 ).

   Does this mean that helmet use is a risk factor? Not necessarily. What if, for 
example, helmets were used nearly exclusively by motorcyclists and rarely by those 
driving cars? Would it still be reasonable to compare the risks without taking this 

Exposure Outcome

Nutritional status Cardiac disease

Lipid status

Mediator

  Fig. 2.11    A mediator 
defi ned as a variable in the 
casual pathway between the 
exposure and outcome. For 
example, nutritional status 
causes cardiac disease by 
affecting lipid status       

   Table 2.2    Risk traffi c deaths as outcome from traffi c accident among persons not having used 
helmet and having used helmets   

 Exposure level  Died during the accident  Survived the accident  Case fatality rate (%) 
 Helmet used  200   800  20 
 No helmet used  200  1800  10 

   Table 2.3    Risk of death from traffi c accidents with and without the use of a helmet, stratifi ed into 
those driving motorcycles and those driving vehicles. Only crude point estimates presented   

 Exposure level 
 Died during 
the accident 

 Survived 
the accident 

 Case fatality 
rate (%) 

  Stratum-1: Motorcyclists  
 Helmet used  199  791  20 
 No helmet used  100  100  50 
  Stratum-2: Vehicle drivers  
 Helmet used  1  9  10 
 No helmet used  100  1700   6 
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difference between the groups into account? Table  2.3  explores this question by 
presenting results of a stratifi ed analysis among motorcyclists and people driving 
vehicles:

   This example shows that using a helmet is a preventive factor rather than a risk 
factor among the motorcyclists. This is an example of effect modifi cation (also called 
‘interaction’), which exists when the effect of the exposure on an outcome differs by 
levels of a third variable. In the helmet example, the effect of wearing a helmet in a 
traffi c accident depends on whether one was riding a motorcycle or driving a car.   

2.8     Bias in Epidemiological Research 

 Bias refers to systematic deviation of results or inferences from truth (Porta et al. 
 2008 ). It results from erroneous trends in the collection, analysis, interpretation, 
publication, or review of data (Last  2001 ). Bias may result in the overestimation or 
underestimation of measures of frequency or effect. The cause of a biased statistical 
result may be in the selection of information sources, in the gathering of information 
(measurement and data management) or in the analysis of gathered information. 
The role of measurement error is often crucial. Both random and systematic mea-
surement error can lead to biased estimates of effect ( See:  Chaps.   11     and   27    ). It is 
not feasible to completely eliminate measurement errors, but minimizing them and 
estimating their infl uence is a priority in epidemiological research. Bias is often 
categorized, according to the source of the problem, into selection bias and informa-
tion bias. A special type, publication bias, will be discussed in Chap.   31    . 

2.8.1     Selection Bias 

 Selection bias is a form of bias resulting from (i) procedures used to select subjects 
or (ii) factors that infl uence loss to follow-up. At the core of the various selection 
biases is the fact that the relationship between the exposure and the outcome for 
those participating in the study is different than for those who theoretically should 
have been included in the study. Selection bias due to sampling and enrollment 
procedures will be discussed further in Chap.   9    . 

2.8.2      Information Bias (Measurement or Analysis Bias) 

 Information bias is a form of bias resulting from problems with the measurement of 
study variables or the processing of data. This can have various reasons including 
challenges with recall of information, social desirability, use of sub-optimal mea-
surement tools, and unfortunate phrasing of questions and answer alternatives. Chapter 
  27     gives multiple examples of information bias resulting from measurement error. 
In Chap.   18     we will further discuss recall bias, social desirability bias (Zerbe  1987 ) 
and bias resulting from poor formulation of questions (Schwarz  1999 ). 
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  In this chapter we discussed some core concepts and terms in epidemiology. 
These ideas are the result of a constant evolution in the theoretical framework 
of epidemiology, with progressive conceptual developments and sometimes 
confl icting uses of terms. The emergence, refi nements, and re-defi nitions of 
concepts in quantitative health research can be traced back to long before 
epidemiology became a discipline, even before formal quantitative statistics- 
based comparisons became used. Thus, in the next chapter we discuss historical 
roots of epidemiology and then contemplate some of the emerging issues in 
the fi eld that will very likely change the future of our discipline.       
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