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Study designs

Epidemiological studies

Descriptive Study Types
case reports

case series

ecological studies

cross sectional or prevalence surveys

Observational Study Types
case-control

cohort

ecological studies

cross sectional or prevalence surveys

\

Experimental Study Types
clinical trials
preventive trials

community intervention trials

\
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Hierarchy of study designs
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Observational vs. experimental studies:
What Is the evidence for a hierarchy?

A Often, a single RCT is considered to provide ftruthowhereas
results from any observational study are viewed with suspicion

A We have a rigid hierarchy of research design that underestimates
the limitations of randomized controlled trials, and overstates the
limitations of observational studies

A A more balanced and scientific justified approach is to evaluate
the strengths and limitations of well done experimental and
observational studies, recognizing the attributes of each type of
design

Concato J. NeuroRx 2004; 1: 341-7
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TABLE 2. TOTAL NUMBER OF SUBJECTS AND SUMMARY ESTIMATES FOR THE EFFECT OF FIVE INTERVENTIONS
ACCORDING TO THE TYPE OF RESEARCH DESIGN.

ToraL No. Summary EsTIMATE

CunicaL Toric Tvyee oF Stupy Mera-AnaLysis* OF SUBJECTS (95% CI)t
Bacille Calmette—Guérin 13 Randomized, controlled Colditz et al . 1# 359922 049 (0.34-0.70)
vaccine and tuberculosis 10 Case—control Colditz et al. ¥ 6511 0.50(0.39-0.65)
Mammography and mortality 8 Randomized, controlled Kerlikowske et al.15 429 043 0.79 (0.71-0.88)
from breast cancer 4 Case—control Kerlikowske et al.15 132456 0.61 (049-0.77)
Cholesterol levels and death 6 Randomized, controlled Cummings and Psatys 36910 142 (094-2.15)
due to trauma 14 Cohort Jacobs et al 17 0377 140(1.14-1.66)
Treatment of hypertension 14 Randomized, controlled Collins et al. 18 36 894 0.58 (0.50-0.67)
and stroke 7 Cohort MacMahon et al.13 405511 0.62 (0.60-0.65)
Treatment of hypertension 14 Randomized, controlled Collins et al. 18 36 894 0.86 (0.78-0.96)
and coronary heart disease 9 Cohort MacMahon et al.13 418 343 0.77 (0.75-0.80)

*Meta-analvses that included either randomized, controlled trials or observational studies are cited.

TCI denotes confidence interval.

Conclusions

The results of well-designed observational studies (with either a cohort or a casei control design)
do not systematically overestimate the magnitude of the effects of treatment as compared with
those in randomized, controlled trials on the same topic

Concato J, et al. NEJM 2000; 342: 1887-92
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Understanding the divergent data on
postmenopausal hormone therapy

Table 2. Results from Observational Studies of Combined Hormone Therapy and from the Women's Health Initiative
and the Heart and Estrogen/Progestin Replacement Study.*

Women’s Health Heart and Estrogen/ Observational Studies
Disease Initiative Progestin Replacement Study of Estrogen with Progestin

relative risk (95% confidence interval)

Breast cancer 1.26 (1.00-1.59) 1.30 (0.77-2.19)

<Syr 1.157

=5 yr 1.537
Colorectal cancer 0.63 (0.43-0.92) NA 0.66 (0.59-0.74)%¢
Hip fracture 0.66 (0.45-0.98) 1.10 (0.49-2.50) 0.75 (0.68-0.84)51
Stroke 1.41 (1.07-1.85) 1.2 (1.0-1.4)f 1.45 (1.10-1.92)%
Pulmonary embolism 2.13 (1.39-3.25) 2.8 (0.9-8.7) 2.1 (1.2-3.8)24
Coronary heart disease 1.29 (1.02-1.63) 0.99 (0.80-1.22) 0.61 (0.45-0.82)2

* Relative risks are for the women receiving hormone-replacement therapy as compared with those not receiving
hormone-replacement therapy. Confidence intervals are nominal. NA denotes not available.

T Estimates are for any hormone use, since there were insufficient data for estrogen plus progestin.

i Relative risk is for the combined risk of fatal and nonfatal stroke.

Observational studies suggested a protective effect of hormones on
coronary heart disease, whereas randomised controlled trials pointed
to no benefit, or even harm

PAGE7 Grodstein F, et al. NEJM 2003: 348: 645-50
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Understanding the divergent data on

postmenopausal hormone therapy

Table 1. Potential Explanations for Discordant Findings from Randomized
Trials and Observational Studies Regarding Postmenopausal Hormone
Therapy and Coronary Heart Disease.

Methodologic differences
Confounding (“healthy user”) bias
Compliance bias
Incomplete capture of early clinical events

Biologic differences
Hormone regimen (formulation and dose)
Characteristics of study population (endogenous estrogen level, time
since menopause, and stage of atherosclerosis)

The observational studies and the randomized trials may be
answering different questions

PAGES Grodstein F, et al. NEJM 2003; 348: 645-50
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Study designs

A In observational studies, the researcher
observes and systematically collects
iInformation, but does not try to change
the people (or animals, or reagents)
being observed

A In an experiment, by contrast, the
researcher intervenes to change
something (e.g., gives some patients a
drug) and then observes what happens

A In an observational study there is no GimesDaetal
intervention
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Observational vs. experimental studies

Experimental studies are ones where researchers introduce an
intervention and study the effects

Observational studies are ones where researchers observe the effect of
a risk factor, diagnostic test, treatment or other intervention without
trying to change who isori s expdsed to it

Observational studies make use of careful measurement of pattern of
exposure and disease in populations to draw inferences about etiology

In observational studies, the researcher is an observer rather than an
agent who assigns interventions

Rothman KJ, et al. Modern Epidemiology, 2008
Friis RH and Sellers TH, Epidemiology for Public Health Practice, 2009
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Randomised controlled trial (RCT) 1 basic structure

Treatment A

Population
of interest

——m» Qutcomes

Sample

population

Randomisation
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Treatment B

——» Qutcomes

Akobeng AK. Arch Dis Child 2005; 90:840-4




UNIVERSITY OF BERGEN ‘..

Observational studies

COHORT STUDY
1. Identify exposed fu‘xm
Study Population % and unexposed 2 Ersosed
Disease-free (at risk) N cohort groups. , Diseased
Population i?i’fﬁf pastus
AAAA 2a. PROSPECTIVE STUDY
| -During follow-up period,
| | identify diseased subjects
Cohort 1 Cohort 2 (incident cases).
(Exposed group) (Unexposed group) %f‘f{ﬁ
T 2b. RETROSPECTIVE STUDY
l_[_l [ | -ldentify diseased subjects by
Disease | [ No Disease Disease No Disease| | interview or written records.
0209 ® O
fm f f AT 3. Analyze differences (i.e.
incidence or relative risk) among
those exposed (cohort 1) and
those unexposed (cohort 2).

CASE-CONTROL STUDY

| | 1. Identify cases. 2 conmra
Cases Controls s
(Outcome present) (Outcome absent) 2. Select controls, oo
T which may be * prosent
| | | 1 matched to cases.
Exposure Exposure Exposure Exposure ‘
present absent present absent 3. Measure exposure or risk
f% ? %ﬁi factors of interest.

4. Compare the presence or
absence of exposure in
cases and controls.

FrAOLC 14

Song JW, et al. Plast Reconstr Surg 2010; 126: 2234-42
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Validity

Qutside the study

External validity

/ Can results be generalized? \

Other populations Other studies

e Inside the study .

Internal validity
Was the research performed correctly?

Internal validity implies that there is no bias in the way the data is collected, analysed and interpreted

External validity is the generalizability of the study results to subjects out of the study sample

PAGE14
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Limitations of
observational studies

«All observational studies have one crucial
deficiency: The design is not an experimental one.»

Pocock SJ et el. NEJM 2000; 342: 1907-9

confounder

treatment outcome

https://www.inference.vc/
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Confounding («traditional thinking»)

A Confounding is a term used to describe distortion of the
estimate of the effect of an exposure of interest
because it is mixed with the effect of an extraneous

factor

A To be a confounder, the extraneous factor must satisfy
the following three criteria
1. Be arisk factor for the disease

2. Be associated with the exposure under study in the
population from which the cases derive

3. Not be an intermediate step in the causal path between
exposure and disease

Confounder:
Smoking

Friis RH and Sellers TH, Epidemiology for Public Health Practice, 2009
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Bias

A Selection bias arises when the relation
between exposure and disease is different for
those who participate and those who would be
theoretically eligible for study but do not
participate

A Information bias is a kind of bias introduced as
a result of measurement error in assessment of
both exposure and disease

Friis RH and Sellers TH, Epidemiology for Public Health Practice, 2009
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Observational studies

Table 2. Advantages and Disadvantages of the
Cohort Study

Advantages
Gather data regarding sequence of events; can assess
causality
Examine multiple outcomes for a given exposure
Good for investigating rare exposures
Can calculate rates of disease in exposed and
unexposed individuals over time (e.g., incidence,
relative risk)
Disadvantages
Large numbers of subjects are required to study rare
CXposures
Susceptible to selection bias
Prospective cohort study
May be expensive to conduct
May require long durations for follow-up
Maintaining follow-up may be difficult
Susceptible to loss to follow-up or withdrawals
Retrospective cohort study
Susceptible to recall bias or information bias
Less control over variables

Table 4. Advantages and Disadvantages of the
Case-Control Study

Advantages
Good for examining rare outcomes or outcomes with
long latency
Relatively quick to conduct
Relatively inexpensive
Requires comparatively few subjects
Existing records can be used
Multiple exposures or risk factors can be examined
Disadvantages
Susceptible to recall bias or information bias
Difficult to validate information
Control of extraneous variables may be incomplete
Selection of an appropriate comparison group may be
difficult
Rates of disease in exposed and unexposed individuals
cannot be determined

PAGE19 Song JW, et al. Plast Reconstr Surg 2010; 126: 2234-42
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When to perform observational studies?

A When an experiment would be impractical, unethical or infeasible.

A Randomised treatment assigns has important conceptual strengths,
especially for reducing bias, but it is resource intensive and often
applied to highly selected populations, making generalizations
difficult.

A The central tasks of observational epidemiology are to build
theoretical understanding of causal mechanisms, identify
opportunities to test and revise theories, and provide reliable
evidence that can serve as a basis for making decisions about
clinical or population-health interventions.

A To achieve relevance, we need better alignment between
observational studies and potential next steps, which might
include RCTs, development of clinical guidelines, informing individual
behavioral decisions, or institutional or governmental policy changes.

Glymour MM, et al. . Am J Epidemiol 2019; 188: 836-9
Harper S. Am J Epidemiol 2019; 188: 840-5
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Bradford Hill criteria for evidence of causation

1)
2)
3)
4)
S)
6)
7)
8)
9)

Strength of association

The decisive question is

consistency ks o oot
Specificity L
Temporality

Biologic gradient

Plausibility

Coherence

Experiment

Analogy Sir Austin Bradford-Hill

(1897-1991) __

S
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Causal inference In epidemiology

A The analysis of data from epidemiologcal and clinical studies
IS undergoing fundamental changes

A More studies include extensive data collected over time than
has previously been the case

A Causal modeling has become a major topic in epidemiology,
with emphasis on graphical models, Bayesian networks and
counterfactual models

Y A systematic approach to evalute causality

Veiergd MB, et al. Medical statistics in clinical and epidemiological research,
PAGE22 Gyldendal Norsk Forlag 2012
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Causal inference i new methods

A Counterfactual thinking (Robins JS)

A Seeing vs. doing (Pearl J)

A The importance of time (Aalen O)

A Direct and indirect effects (Cole SR, Hernan MA)

Veiergd MB, et al. Medical statistics in clinical and epidemiological research,
Gyldendal Norsk Forlag 2012
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RCTs, observational studies and causal inference

A The RCT has long been seen as the gold standard for causal inference in
medical research. In RCTs, the patients are randomly assigned to different
groups (treatment and control group). The resulting effect estimate is the
difference between the mean response in the two groups.

A Theideal set-up can be violated for many reasons; perfect control over
patients is hard to achieve, randomization into placebo groups is not always
ethical, and the presence of the randomization itself might influence the
participation in the study. In other words, it is not always feasible to create a
RCT.

A Observational studies have the same goal as the RCTs, but differ in that the
investigator cannot control treatment assignment.

A Observational studies are often the only alternative for causal inference, and
methods exist that permit the estimation of causal treatment effects from
observational data, under certain assumptions.

Veiergd MB, et al. Medical statistics in clinical and epidemiological research,
Gyldendal Norsk Forlag 2012
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Contrafactual thinking

A The view on causality that is most natural in medicine is the
contrafactual one.

A What would have happened if the intervention had not been made (or a
different intervention had been made)?

A One compares the actual situation (with intervention) with the
counterfactual one (without intervention) to see the causal effect of the
intervention.

A The counterfactual factual world is carefully chosen under the
assumption that all else should be equal except the condition under
study.

y

Veiergd MB, et al. Medical statistics in clinical and epidemiological research,
Gyldendal Norsk Forlag 2012
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Directed acyclic graphs (DAGS)

A are often used to provide a graphical representation of the
conditional independencies or causal relations between
random variables

A serve as a powerful tool when looking at causal systems and
come with strategies for how to estimate effects between them

A are helpful for understanding of key concepts such as
confounding and selection bias, and in the process of
selecting the variables to include in statistical models

Veiergd MB, et al. Medical statistics in clinical and epidemiological research,
Gyldendal Norsk Forlag 2012
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Directed acyclic graphs (DAGS)

A A DAG displays assumptions about the relationship between variables (often
called nodes in the context of graphs). The assumptions we make take the
form of lines (or edges) going from one node to another. These edges are
directed, which means to say that they have a single arrowhead indicating
their effect.

A A DAG is also acyclic, which means that there are no feedback loops.

A - Y

Veiergd MB, et al. Medical statistics in clinical and epidemiological research,
Gyldendal Norsk Forlag 2012
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Four types of causal structures

Association Possible causal structure
‘r_'ellow —  , lug Causation
fingers cancer
'Y_'ellow - Lung Reverse causation
fingers cancer
Smoke
/ \ Confounding
Yellow Lung Yellow Lung
fingers cancer fingers cancer
Colliding
variable
/ \ Collider bias
Yellow Lung
fingers cancer

Figure 15.5 Association and possible causal structures between yellow fingers and
lung cancer.

Veiergd MB, et al. Medical statistics in clinical and epidemiological research,
PAGE 28 Gyldendal Norsk Forlag 2012
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Directed acyclic graphs (DAGS)

Region of Calendar year

residence
Maternal age
\ AA4&% order \\“
ART
\ Birth weight

Gestational
age

FIGURE 1

A directed acyclic graph showing confounding
and mediating factors in the current study
associated with ART and childhood cancer.
Covariates in red indicate that they have been
classified as confounding factors; covariates
in blue have been classified as intermediate
factors.

Gender

Reigstad MM, et al. Pediatrics 2016; 137: e20152061
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Approaches to causal inference

A

Triangulation is the practice of obtaining more reliable answers to
research questions through integrating results from several
different approaches, where each approach has different key
sources of potential bias that are unrelated to each other.

With respect to causal questions in aetiological epidemiology, if the
results of different approaches all point to the same conclusion, this
strengthens confidence in the finding.

This is particularly the case when the key sources of bias of some of
the approaches would predict that findings would point in opposite
directions if they were due to such biases.

Where there are inconsistencies, understanding the key sources of
bias of each approach can help to identify what further research is
required to address the causal question.

Lawlor DA, et al. Int J Epidemiol 2016; 45: 1866-86
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Nature 2018; 553: 399




