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Artificial pancreas
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Patent application
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Overview
Theaim of epidemiology
Theresearchprocess
Regressioranalysis

Toexplainor to predict: Explain

Toexplainor to predict: Predict

Calculate optimal insulin dose by defining
insulin injection as the linear combination
of gain and state, which minimize a
quadratic cost function.

Computel(g)as:
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The optimal parameteqg* is defined as
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Mechanisms

Causality

DAGs

Exposure& outcome
Confounder Mediator, Collider

Diagnostictests, Forecasting
Personalizednedicine
Statisticallearning, big data, blackbox
Predictionerror
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Thom RPrédireb Q $askixpliquer(1991)
ShmueliG. Toexplainor to predict (2010)

AbdelnoorM, Sandven IEtiologisk versus prognostisk strategi i klinisk
epidemiologisk forskning (2006)

EPIDEMIOLOGY

Thestudyof the occurrence andistribution of health-related states or eventis
specified populationsincluding the study dDETERMINANTi§luencing such states,
and theapplication of this knowledge to control the health problems

Studyincludes surveillance, observation, hypothesis testing, analytic research, and
experimentsDistributionrefers to analysis by time, place, classes or subgroups of
persons affected in a population or in a soci€gterminantsare all the physical,
biological, social, cultural, economic abehaviorafactors that influence health.
Healthrelated states and eventaclude diseases, causes of dedibhaviors

reactions to preventive programs, and provision and use of health ser@l;@sified
gopulanonmre those with common identifiable characteristitsLILX A Ol (A 2 y

2 Y U M&késxxplicit the aim of epidemiologyo promote, protect, and restore
health

¢KS LINRYINE daly26tSR3IS 202806G¢ 2F SLMAI
causes of healthelated events in populationsln the last 70 years, the definition

has broadened from concern with communicable disease epidemics to take in all
processes and phenomena related to health in populations. Therefore epidemiology
is much more than a branch of medicine treating epidemics.

Porta M: A Dictionary of Epidemiology, Fifth Edition, 2008
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Mygg-virus brer om seg: Ber WHO

vurdere krisemeote
18 tilfeller bekreftet pa Puerto Rico

DOLL R, HILL AB. Smoking and carcinoma of the lung
BMJ 1950;4682:73948

& ¢<immarize, it is not reasonable, in our view, to
attribute the resultsto any special selection of cases or to
bias inrecording. In other words, it must be concluded
that there is a real association between carcinoma of the
lung andsmokingb ¢

& ® i doicluded that smoking is @amportant factor in
the cause of carcinoma of the lurigé

Aecording o a recent Nationwide survey:

More Docrors smoke CAMELS
THAN ANY OTHER CIGARETTE

Smoking

—— lI-Ashild Irgens

Richard Doll, Austin Bradford Hill, 1950 Marit B Veiergd, 2015: Melanoma incidence on the rise again
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Understanding

Toexplain

Mechanisms
Expertknowledge

What s the best estimate for the association
between the main exposure and the main

outcome? oY
ooy Fokus pa
Causality

Causality
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Citric Acid Cycle

Interventionsand causality U Itlmate goal
Consequencesf actions ACt| Onl




Implantation of
blastocysts from RAG
deficient mice into
pseudopregnant mothers
results in the
development of viable
mice that lack mature B
and T cells. However, if
normal embryonic stem
(ES) cells are injected into
RAGdeficient blastocysts,
somatic chimaeras are
formed, which develop
mature B and T cells.

derive from the injected
wikd-type/mutant ES cells

Nature Reviews | Immunology

Physical inactivity

Increased calorie intake

CANCER

Based on expert knowledge of the topic under investigation, went to
estimate the association between an exposure and an outcome as
unbiasedly as possible

Knowledge of the topic makes it plausible that the estimated association
can be interpreted as arffect, i. e. causal, i.e. as a quantification of
mechanisms.

The expert knowledge about the topic is formalised in a graph of the
variables studied, @irected Acyclic Graph (DAG)

In a DAG, one variable is defined as theiin outcome and one variable
is defined as thenain exposure

Expert knowledge is used to define other variables as either
aconfounder amediator, or acollider.
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Problemof interest

Aim
Design Main outcome
Experimental#” Observational Categorical Continuous Censored
RCT CaseControl Lung Blood Life
Cohort cancer glucose time

Statisticalanalysis

Regression analyses

DIRECTED ACYCLIC GRAPH (DAG)

See CAUSAL DIAGRAM.

CAUSAL DIAGRAM

(Syn causal graph, path diagram)graphical display of causal relatio@mong
variables, in which each variable is assigned a fixed location on the graph (called a
node) and in which each direct causal effect of one variable on another is
represented by an arrow with its tail at the cause and its head at the effect. Direct
noncausahbssociations are usually represented by lines without arrowheads.

Graphs with only directed arrows (in which all direct associations are causal) are
calleddirected graphs

Graphs in which no variable can affect itself (no feedback loop) are eafetic
Algorithms have been developed to determine from causal diagrams which sets of
variables are sufficient to control for confounding, and for when control of variables
leads to bias.

Porta M: A Dictionary of Epidemiology, Fifth Edition, 2008



Exposure and response

Confounder, mediator, collider

Confounder Collider

/
R [E——R| E——R

Note: Thepresenceof either of these may affect the associationof interest.
Hence includingeither of thesein regressionanalysesmay changeeffect
estimates
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Confounder, mediator, collider

Confounding

Confoundingis bias of the estimated effect of an exposure on an outcome
due to the presence of a common cause of the exposure anddh&ome.

Confoundingcan be reduced by proper adjustment. Exploring data is not
sufficient to identify whether a variable is a confounder, and such
evaluation of confounding may lead tbias. Other evidence like
pathophysiological and clinical knowledge and external data is needed.
DAGs are useful tools when considering confoundiragiables.




Ex: Shopping time vsstradiol level. Simulated data.
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Ex: Shopping time vsstradiol level. Simulated data.
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Ex: Shopping time vestradiollevel. Simulated data.
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Ex: Shopping time vsstradiol level. Simulated data.

Time spentin shopping mall, hrs
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COLLIDER

A variabledirectly affectedby two or moreother variables irthe causaldiagram.

Porta M: A Dictionary of Epidemiology, Fifth Edition, 2008

Ex: Postraumatic stress after terror attack. Simulated data.
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Ex: Postraumatic stress after terror attack. Simulated data.
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Confounder, mediator, collider

Time spentin shopping mall s
“Time sent in shopping mal, hrs
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Note: Thepresenceof either of thesemay affect the associationof interest. .o
Hence includingeither of thesein regressionanalysesmay changeeffect 81 T . 81
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Collider
Wrongto adjust

ESR
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Injuy, score Injuy, score:

Regressioranalysisrecipe (kind of)

A ) . ) Alas, reaworld may not be sosimple:
Whenthe ultimate goal is to understandnechanisms and toestimate

asso_ciationsbetween anexposureand anoutcome asunbiasedlyas Expertknowledgemay be lackingor inconclusive regardingwhich
possible variables andarrowsto include or leaveout in the DAG.
Useexpertknowledgeto identify exposure& outcome, confounders Additional variablesmay comeinto considerationasconfounders
colliders& mediators UseDAGs taclarify and communicate e.g. forindirect effects, resultingin avery complexDAG.

Findthe crude associationbetween exposureand outcome It may be hard to tell pasedon presentknowledge) the direction

of acausaleffect, e.g.whether a variable is aonfounderor a

Measuredvariables: mediator, or amediator or acollider.

Adjustfor confounders

Do notadjust for colliders Feedbackmay be of concern
Sometimesadjust for mediators

. Time-dependentcovariatesmay exist
Unmeasuredvariables:

Sensitivityanalysis

Alas, reaworld may not be so simple.



Topics not covered
Inverse probability weighting
Dynamicpath analysis
Time-dependentconfounders

Marginal structural models

Latent variables
Sructural equation modelling

Doesnot have toexplainfunderstand mechanisms as
long as itpredictswell. o3
Fokus pa'y
Diagnostictests
Ex Diabetesdiagnosis
Melanomascreeningbasedon picture and

blood samples

Expecteddevlopmentin disease(e.g.prognosisafter
sepsis)

Weather forecast

Geology

Diagnostictests

Topredict

Diagnostictests

Forecasting
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