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Neue Medien – Persönlichkeitsrechte - Copyright

I Keine unautorisierten Foto-, Ton- und Video-Aufzeichnungen während
der Vorlesung

I Kein unberechtigtes Weiterverbreiten oder “ins Netz stellen” von
Inhalten aus der Veranstaltung

I Klare Kennzeichnung von Zitaten
I Quellenabgabe aller “fremder” Materialien
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Was ist Statistik / Biostatistik (Biometrie)?

I Was sind Ihre Erwartungen?
I Go to http://menti.com
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Was ist Statistik?

I Welche Daten soll man zur Beantwortung einer gegebenen
Aufgabenstellung ermitteln?

I Wie viel Daten soll man ermitteln?
I Auf welche Art soll man das Untersuchungsmaterial auswählen?
I Wie soll mans eine Untersuchungsdaten ermitteln?
I Wie sollen die gewonnenen Daten geordnet werden?
I Wie sollen die Daten beschrieben und übersichtlich dargestellt

werden?
I Wie wertet man die Daten aus?
I Welche Schlüsse lassen sich ziehen?
I Wie zuverlässig sind die getroffenen Aussagen?
I Welche weiterführenden Fragestellungen haben die Ergebnisse

aufgeworfen?
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Was ist Statistik? (1)

1. Aufgabenstellung. Nach präziser Formulierung der Fragestellung muss
eine geeignete Wahl von Merkmalengetroffen,eine Mess-bzw.
Beobachtungsmethode festgelegt und ein Versuchsplan aufgestellt
werden.

2. Datengewinnung. Gewinnung des Untersuchungsmaterials (Ziehen der
Stichprobe) und Ausführungder Messungen bzw. Beobachtungen an
diesem Material.

3. Datenverarbeitung. Das gewonnene Datenmaterial muss graphisch
und rechnerisch aufbereitet werden, dann sind Schlüsse von der
Stichprobe auf die Grundgesamtheit zu ziehen; diese werden
anschließend geprüft und interpretiert.
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Was ist Statistik? (2)

Statistik
ist eine wissenschaftliche Disziplin, deren Gegenstand die Entwicklung und
Anwendung von Methoden zur Datenerhebung, -beschreibung und -analyse
sowie der Beurteilung der Ergebnisse ist. Dabei unterscheidet man:

Deskriptive (beschreibende) Statistik:

Methoden zur Auswertung und übersichtlichen Darstellung und
Zusammenfassung von Daten.

Induktive (schliessende) Statistik:

Methoden zum Treffen von vernünftigen Entscheidungen im Falle von
Unsicherheit bzw. Risiko. “Den Zufall in den Griff bekommen”. “Sicherheit
über Unsicherheit gewinnen”.
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Biostatistik oder Biometrie

Biostatistik (Biometrie)

angewandte Statistik zur Beschreibung, Modellierung und Beurteilung
biologisch-naturwissenschaftlicher Phänomene.

Beispiele
I Wie sicher ist das Ergebnis eines Diagnosetests zur Bestimmung einer

Erkrankung?
I Wie viele Versuche müssen durchgeführt werden, um Verbesserung

eines Produktes zu gewährleisten?

Deskriptive Statistik wird manchmal als explorative und Schliessende
Statistik als konfirmatorische Datenanalyse bezeichnet.
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Daten und Zufall

36

Daten und Zufall

Grundgesamtheit Stichprobe
(unbekannt) (bekannt)

„wahrer Wert“ „Schätzer“

Auswahl

Repräsentanzschluss

Induktion

Unsicherheit

©TiHo Hannover / FU Berlin: Vorlesung Biometrie und Epidemiologie[Grafik: M. Doherr]
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Statistische Schlüssweise

I Schätzen der unbekannten Parameter der Grundgesamtheit. “Finde
eine Größe aus den Daten der Stichprobe, die”möglichst nah" an der
unbekannten Wirklichkeit ist."

I Angabe von Konfidenzintervallen (Vertrauensbereichen). “Gebe
basierend auf den Daten der Stichprobe ein Intervall an, das den
wahren Wert (Populations-Parameter) mit einer gewissen
Wahrscheinlichkeit überdeckt.”

I Entscheiden mittels eines statistischen Tests, ob anhand der Daten
der Stichprobe eine Aussage über einen Parameter der
Grundgesamtheit (bspw. Unterschied eines Mittelwertes zwischen
Gruppen) wahr oder falsch ist.
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Lernziele des Kurses

Ziel des Kurses is es Ihnen die wichtigsten statistischen Methoden zur
Planung und Auswertung der Versuche und Daten aus wissenschaftlicher
Studien zu vermitteln.

Sie sollen die Notwendigkeiten, Möglichkeiten und Grenzen grundlegender
statistischer Analysen verstehen und selbst einfache statistische
Berechnungen durchführen können.

Falls nötig, sollen Sie in der Lage sein bei einer statistischen Beratung, Ihr
Anliegen sicher zu kommunizieren.
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Kursübersicht
Nr Date Topic
1 06.10.20 Einführung. 

Arten von Daten.
2 13.10.20 Deskriptive Statistik

3 20.10.20 Schliessende Statistik. Parameterschätzung. 
Konfidenzeintervalle.

4 27.10.20 Hypothesentest, p-value

5 03.11.20 Zusammenhänge in Daten (kategoriell 
und kontinuierlich)

6 10.11.20 Grundlagen von Modellbildung. Lineare Regression. 
Modeldiagnostik

7 17.11.20 Generalized linear models. Mit einer
unabhängigen und mehreren Variablen

8 24.11.20 Vergleich von zwei Mittelwerten
ANOVA (einfache)

9 01.12.20 ANOVA 1 (mehrfache)

10 08.12.20 ANOVA 2 (mit Messwiederholungen)

11 15.12.20 Gemischte Modelle

12 05.01.21 Logistische Regression

13 12.01.21 Cluster- und Diskriminanzanalyse

14 19.01.21 Nichtparametrische Tests

15 26.01.21 Survival analysis

16 02.02.21 Elemente der Versuchsplanung 

17 09.02.21 Konsultationen
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Organisatorisches

I Der Kurs besteht aus Vorlesungen und praktischen Übungen
I Für die Übungen wird Programmiersprache R (RStudio) benutzt
I Am Ende des Kurses ist eine Klausur vorgesehen
I Alternative ist es möglich ein Projekt zu bearbeiten (z.B. Analyse von

Twitter)
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Daten
In letzter Zeit mit der rasanten Entwicklung der ausgefallenen
Sensoren (IoT), Rechner- und Speicherkapazitäten werden sehr
viele Daten prozudiert.

DNA sequence, transcriptome, proteome, metabolome, epige-
nome, microbiome, and exposome. Going forward, I will use
the term ‘‘panoromic’’ to denote the multiple biologic omic
technologies. This term closely resembles and is adopted from
panoramic, which refers to a wide-angle view or comprehensive
representation across multiple applications and repositories. Or
more simply, according to the Merriam-Webster definition of
panoramic, it ‘‘includes a lot of information and covers many
topics.’’ Thus the term panoromic may be well suited for portray-
ing the concept of big biological data.

The first individual who had a human GIS-like construct was
Michael Snyder. Not only was his whole genome sequenced,
he also collected serial gene expression, autoantibody, proteo-
mic, and metabolomic (Chen et al., 2012) samples. A portion of
the data deluge that was generated is represented in the Circos
plot of Figure 2 or an adoption of the London Tube map (Shen-
dure and Lieberman Aiden, 2012). The integrated personal omics
profiling (iPOP) or ‘‘Snyderome,’’ as it became known, proved to
be useful for connecting viral infections to markedly elevated
glucose levels. With this integrated analysis in hand, Michael
Snyder changed his lifestyle, eventually restoring normal glucose
homeostasis. Since that report in 2012, Snyder and his team
have proceeded to obtain further omic data, including whole-
genome DNA methylation data at multiple time points, serial
microbiome (gut, urine, nasal, skin, and tongue) sampling, and
the use of biosensors for activity tracking and heart rhythm.
Snyder also discovered that several extended family members
had smoldering, unrecognized glucose intolerance, thereby
changing medical care for multiple individuals.

Of note, to obtain the data and process this first panoromic
study, it required an armada of 40 experienced coauthors and

countless hours of bioinformatics and analytical work. To give
context to the digital data burden, it took 1 terabyte (TB) for
DNA sequence, 2 TB for the epigenomic data, 0.7 TB for the
transcriptome, and 3 TB for the microbiome. Accordingly, this
first human GIS can be considered a remarkable academic
feat and yielded key diagnostic medical information for the
individual. But, it can hardly be considered practical or scalable
at this juncture. With the cost of storing information continuing to
drop substantially, the bottleneck for scalability will likely be
automating the analysis. On the other hand, each omic technol-
ogy can readily be undertaken now and has the potential of
providing meaningful medical information for an individual.

The Omic Tools
Whole-Genome and Exome Sequencing
Perhaps the greatest technologic achievement in the biomedical
domain has been the extraordinary progress in our ability to
sequence a human genome over the past decade. Far exceeding
the pace of Moore’s Law for the relentless improvement in tran-
sistor capacity, there has been a >4 log order (or 0.00007th)
reduction in cost of sequencing (Butte, 2013), with a cost in
2004 of !$28.8 million compared with the cost as low as
$1,000 in 2014 (Hayden, 2014). However, despite this incompa-
rable progress, there are still major limitations to how rapid,
accurate, and complete sequencing can be accomplished.
High-throughput sequencing involves chopping the DNA into
small fragments, which are then amplified by PCR. Currently, it
takes 3 to 4 days in our lab to do the sample preparation and
sequencing at 303 to 403 coverage of a human genome. The
read length of the fragments is now !250 base pairs for the
most cost-effective sequencing methods, but this is still subop-
timal in determining maternal versus paternal alleles, or what
is known as phasing. Because so much of understanding dis-
eases involves compound heterozygote mutations, cis-acting
sequence variant combinations, and allele-specific effects,
phasing the diploid genome, or what we have called ‘‘diplomics’’
(Tewhey et al., 2011), is quite important. Recently, Moleculo
introduced a method for synthetically stitching together DNA
sequencing reads yielding fragments as long as 10,000 base
pairs. These synthetic long reads are well suited for phasing. Un-
fortunately, the term ‘‘whole-genome sequencing’’ is far from
complete because !900 genes, or 3%–4% of the genome, are
not accessible (Marx, 2013). These regions are typically in cen-
tromeres or telomeres. Other technical issues that detract from
accuracy include long sequences of repeated bases (homopoly-
mers) and regions rich in guanine and cytosine. Furthermore, the
accuracy for medical grade sequencing still needs to be
improved. A missed call rate of 1 in 10,000, which may not
seem high, translates into a substantial number of errors when
considering the 6 billion bases in a diploid genome. These errors
obfuscate rare but potentially functional variants. Beyond this
issue, the accurate determination of insertions, deletions, and
structural variants is impaired, in part due to the relatively
short reads that are typically obtained. The Clinical Sequencing
Exploratory Research (CSER) program at the National Institutes
of Health is aimed at improving the accuracy of sequencing for
medical applications (National Human Genome Research Insti-
tute, 2013).

Figure 1. Geographic Information System of a Human Being
The ability to digitize the medical essence of a human being is predicated on
the integration of multiscale data, akin to a Google map, which consists of
superimposed layers of data such as street, traffic, and satellite views. For a
human being, these layers include demographics and the social graph, bio-
sensors to capture the individual’s physiome, imaging to depict the anatomy
(often along with physiologic data), and the biology from the various omics
(genome-DNA sequence, transcriptome, proteome, metabolome, micro-
biome, and epigenome). In addition to all of these layers, there is one’s
important environmental exposure data, known as the ‘‘exposome.’’

242 Cell 157, March 27, 2014 ª2014 Elsevier Inc.

[Topol, 2014]
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Daten sind heterogen

Bilder
Feature visualization von Mäuserbildern

[https://doi.org/10.1371/journal.pone.0228059]
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Daten sind heterogen (1)

Bilder
Biofilm von B. subtilus

[https://doi.org/10.1128/JB.00028-13]
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Daten sind heterogen (2)

Netzwerke
Kontaktnetzwerk von Tieren

[Daten: Thomas Selhorst]
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Maschinelles Lernen

Große Mengen von heterogenen Daten (Big Data) verlangen nach
entsprechenden Werkzeugen für die Datenanalyse. Dabei können, ausser
klassischen statistischen Methoden, das maschinelle Lernen (z.B.
künstliche Neuronale Netze) sehr hilfreich sein.

Es stellt sich sogar die Frage, ob sich die Versuchsplanung und
Datenanalyse nicht von einer Maschine erledigen lässt.
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Roboscientist

Robo-scientist

We have demonstrated the discovery of
physical laws, from scratch, directly from ex-
perimentally captured data with the use of a
computational search. We used the presented
approach to detect nonlinear energy conservation
laws, Newtonian force laws, geometric invari-
ants, and system manifolds in various synthetic
and physically implemented systems without
prior knowledge about physics, kinematics, or
geometry. The concise analytical expressions that
we found are amenable to human interpretation
and help to reveal the physics underlying the
observed phenomenon. Many applications exist
for this approach, in fields ranging from systems
biology to cosmology, where theoretical gaps
exist despite abundance in data.

Might this process diminish the role of future
scientists? Quite the contrary: Scientists may use
processes such as this to help focus on interesting
phenomena more rapidly and to interpret their
meaning.
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The Automation of Science
Ross D. King,1 * Jem Rowland,1 Stephen G. Oliver,2 Michael Young,3 Wayne Aubrey,1
Emma Byrne,1 Maria Liakata,1 Magdalena Markham,1 Pınar Pir,2 Larisa N. Soldatova,1
Andrew Sparkes,1 Kenneth E. Whelan,1 Amanda Clare1

The basis of science is the hypothetico-deductive method and the recording of experiments in
sufficient detail to enable reproducibility. We report the development of Robot Scientist “Adam,”
which advances the automation of both. Adam has autonomously generated functional genomics
hypotheses about the yeast Saccharomyces cerevisiae and experimentally tested these hypotheses
by using laboratory automation. We have confirmed Adam’s conclusions through manual
experiments. To describe Adam’s research, we have developed an ontology and logical language.
The resulting formalization involves over 10,000 different research units in a nested treelike
structure, 10 levels deep, that relates the 6.6 million biomass measurements to their logical
description. This formalization describes how a machine contributed to scientific knowledge.

Computers are playing an ever-greater role
in the scientific process (1). Their use to
control the execution of experiments con-

tributes to a vast expansion in the production of
scientific data (2 ). This growth in scientific data,
in turn, requires the increased use of computers
for analysis and modeling. The use of computers
is also changing the way that science is described
and reported. Scientific knowledge is best ex-
pressed in formal logical languages (3 ). Only
formal languages provide sufficient semantic
clarity to ensure reproducibility and the free
exchange of scientific knowledge. Despite the

advantages of logic, most scientific knowledge is
expressed only in natural languages. This is now
changing through developments such as the
Semantic Web (4 ) and ontologies (5 ).

A natural extension of the trend to ever-greater
computer involvement in science is the concept of
a robot scientist (6 ). This is a physically imple-
mented laboratory automation system that exploits
techniques from the field of artificial intelligence
(7 –9 ) to execute cycles of scientific experimenta-
tion. A robot scientist automatically originates
hypotheses to explain observations, devises exper-
iments to test these hypotheses, physically runs the
experiments by using laboratory robotics, inter-
prets the results, and then repeats the cycle.

High-throughput laboratory automation is trans-
forming biology and revealing vast amounts of
new scientific knowledge (10 ). Nevertheless, ex-
isting high-throughput methods are currently in-
adequate for areas such as systems biology. This
is because, even though very large numbers of

experiments can be executed, each individual ex-
periment cannot be designed to test a hypothesis
about amodel. Robot scientists have the potential
to overcome this fundamental limitation.

The complexity of biological systems neces-
sitates the recording of experimental metadata in
as much detail as possible. Acquiring these meta-
data has often proved problematic. With robot
scientists, comprehensive metadata are produced
as a natural by-product of the way they work.
Because the experiments are conceived and ex-
ecuted automatically by computer, it is possible
to completely capture and digitally curate all as-
pects of the scientific process (11, 12 ).

To demonstrate that the robot scientist meth-
odology can be both automated and be made
effective enough to contribute to scientific knowl-
edge, we have developed Robot Scientist “Adam”
(13 ) (Fig. 1). Adam’s hardware is fully automated
such that it only requires a technician to period-
ically add laboratory consumables and to remove
waste. It is designed to automate the high-
throughput execution of individually designed
microbial batch growth experiments in micro-
titer plates (14 ). Adam measures growth curves
(phenotypes) of selected microbial strains (geno-
types) growing in defined media (environments).
Growth of cell cultures can be easily measured in
high-throughput, and growth curves are sensitive
to changes in genotype and environment.

We applied Adam to the identification of
genes encoding orphan enzymes in Saccharomy-
ces cerevisiae: enzymes catalyzing biochemical
reactions thought to occur in yeast, but for which
the encoding gene(s) are not known (15 ). To set
up Adam for this application required (i) a
comprehensive logical model encoding knowl-
edge of S. cerevisiae metabolism [~1200 open
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ment of Biochemistry, University of Cambridge, Sanger
Building, 80 Tennis Court Road, Cambridge CB2 1GA, UK.
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We have demonstrated the discovery of
physical laws, from scratch, directly from ex-
perimentally captured data with the use of a
computational search. We used the presented
approach to detect nonlinear energy conservation
laws, Newtonian force laws, geometric invari-
ants, and system manifolds in various synthetic
and physically implemented systems without
prior knowledge about physics, kinematics, or
geometry. The concise analytical expressions that
we found are amenable to human interpretation
and help to reveal the physics underlying the
observed phenomenon. Many applications exist
for this approach, in fields ranging from systems
biology to cosmology, where theoretical gaps
exist despite abundance in data.

Might this process diminish the role of future
scientists? Quite the contrary: Scientists may use
processes such as this to help focus on interesting
phenomena more rapidly and to interpret their
meaning.
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The Automation of Science
Ross D. King,1* Jem Rowland,1 Stephen G. Oliver,2 Michael Young,3 Wayne Aubrey,1
Emma Byrne,1 Maria Liakata,1 Magdalena Markham,1 Pınar Pir,2 Larisa N. Soldatova,1
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The basis of science is the hypothetico-deductive method and the recording of experiments in
sufficient detail to enable reproducibility. We report the development of Robot Scientist “Adam,”
which advances the automation of both. Adam has autonomously generated functional genomics
hypotheses about the yeast Saccharomyces cerevisiae and experimentally tested these hypotheses
by using laboratory automation. We have confirmed Adam’s conclusions through manual
experiments. To describe Adam’s research, we have developed an ontology and logical language.
The resulting formalization involves over 10,000 different research units in a nested treelike
structure, 10 levels deep, that relates the 6.6 million biomass measurements to their logical
description. This formalization describes how a machine contributed to scientific knowledge.

Computers are playing an ever-greater role
in the scientific process (1). Their use to
control the execution of experiments con-

tributes to a vast expansion in the production of
scientific data (2 ). This growth in scientific data,
in turn, requires the increased use of computers
for analysis and modeling. The use of computers
is also changing the way that science is described
and reported. Scientific knowledge is best ex-
pressed in formal logical languages (3 ). Only
formal languages provide sufficient semantic
clarity to ensure reproducibility and the free
exchange of scientific knowledge. Despite the

advantages of logic, most scientific knowledge is
expressed only in natural languages. This is now
changing through developments such as the
Semantic Web (4 ) and ontologies (5 ).

A natural extension of the trend to ever-greater
computer involvement in science is the concept of
a robot scientist (6 ). This is a physically imple-
mented laboratory automation system that exploits
techniques from the field of artificial intelligence
(7 –9 ) to execute cycles of scientific experimenta-
tion. A robot scientist automatically originates
hypotheses to explain observations, devises exper-
iments to test these hypotheses, physically runs the
experiments by using laboratory robotics, inter-
prets the results, and then repeats the cycle.

High-throughput laboratory automation is trans-
forming biology and revealing vast amounts of
new scientific knowledge (10 ). Nevertheless, ex-
isting high-throughput methods are currently in-
adequate for areas such as systems biology. This
is because, even though very large numbers of

experiments can be executed, each individual ex-
periment cannot be designed to test a hypothesis
about amodel. Robot scientists have the potential
to overcome this fundamental limitation.

The complexity of biological systems neces-
sitates the recording of experimental metadata in
as much detail as possible. Acquiring these meta-
data has often proved problematic. With robot
scientists, comprehensive metadata are produced
as a natural by-product of the way they work.
Because the experiments are conceived and ex-
ecuted automatically by computer, it is possible
to completely capture and digitally curate all as-
pects of the scientific process (11, 12 ).

To demonstrate that the robot scientist meth-
odology can be both automated and be made
effective enough to contribute to scientific knowl-
edge, we have developed Robot Scientist “Adam”
(13 ) (Fig. 1). Adam’s hardware is fully automated
such that it only requires a technician to period-
ically add laboratory consumables and to remove
waste. It is designed to automate the high-
throughput execution of individually designed
microbial batch growth experiments in micro-
titer plates (14 ). Adam measures growth curves
(phenotypes) of selected microbial strains (geno-
types) growing in defined media (environments).
Growth of cell cultures can be easily measured in
high-throughput, and growth curves are sensitive
to changes in genotype and environment.

We applied Adam to the identification of
genes encoding orphan enzymes in Saccharomy-
ces cerevisiae: enzymes catalyzing biochemical
reactions thought to occur in yeast, but for which
the encoding gene(s) are not known (15 ). To set
up Adam for this application required (i) a
comprehensive logical model encoding knowl-
edge of S. cerevisiae metabolism [~1200 open

1Department of Computer Science, Aberystwyth University,
SY23 3DB, UK. 2Cambridge Systems Biology Centre, Depart-
ment of Biochemistry, University of Cambridge, Sanger
Building, 80 Tennis Court Road, Cambridge CB2 1GA, UK.
3Institute of Biological, Environmental and Rural Sciences,
Aberystwyth University, SY23 3DD, UK.

*To whom correspondence should be addressed. E-mail:
rdk@aber.ac.uk

www.sciencemag.org SCIENCE VOL 324 3 APRIL 2009 85

REPORTS

on O
ctober 15, 2017

 
http://science.sciencem

ag.org/
Downloaded from

 

22 / 34



Zurück zu eigentlichen Biostatistik!
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Daten als Tabelle
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Merkmale

Individuen oder Untersuchungsobjekte, die einer Erhebung / Untersuchung
zu Grunde liegen, d.h. an / von denen Daten gesammelt werden,
bezeichnet man als statistische Einheit, Merkmalsträger oder
Untersuchungseinheiten.

Die Eigenschaften, die hinsichtlich des Untersuchungsziels an der
statistischen Einheit untersucht werden, heißen Merkmale.

Studierendendaten
I Geschlecht, Körpergröße, Geburtsjahr
I Stadtnah oder ländlich aufgewachsen
I Wunsch, nach dem Studium in einem bestimmten Unternehmen zu

arbeiten
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Auswahl geeignete Merkmale

Objektivität
Die Ausprägung der zu ermittelneden Merkmales ist unabhängig von der
Person des Auswerters eindeutig festszustellen.

Reliabilität
Das Merkmal gestattet reproduzierbare Mess- (bzw. Beobachtungs-)
Ergebnisse, bei Wiederholung liegen also gleiche Resultate vor. Statt
Reliabilität spricht man auch von “Zuverlässligkeit”.

Validität
Der Merkmal in seinen Ausprägungen spiegelt die für die Fragestellung
wesentlichen Eigenschaften wider. Auch “Gültigkeit” oder “Aussagekraft”
genannt.
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Charakterisierung von Merkmalen

quantitative Merkmale:
Untersuchungseinheiten unterscheiden sich im absoluten (Zahlen-) Wert. -
z.B. Alter, Gewicht, Temperatur, Anzahl Keime, Betriebsgröße,
Schadstoffgehalt, . . .

qualitative Merkmale:
Untersuchungseinheiten unterscheiden sich in ihrer Ausprägung (Art) - z.B.
Geschlecht, Name, Befund, Rasse, Therapie, Haltungsform, Region, . . .
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Skalenniveaus von Merkmalen
nominale (qualitative) Skala:

die Werte unterliegen keiner Rangfolge und sind nicht vergleichbar.
I z.B. Name, Geschlecht, Rasse, Haltungsform, Therapieform,

pathologische Klassifikation

ordinale (qualitativ oder semiquantitative) Skala:

die Werte unterliegen einer Rangfolge, aber die Abstände zwischen den
Werten der Skala lassen sich nicht interpretieren.

I z.B. Bewertung (Bonituren, Noten), Gesundheitszustand, Grad der
Belastung mit Keimen (-, +, ++, +++)

metrische (quantitative) Skala:

die Werte unterliegen einer Rangfolge und die Abstände zwischen den
Werten der Skala lassen sich interpretieren.

I z.B. Gewicht, Betriebsgröße, Keimzahlen, . . .
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Skalenniveaus von Merkmalen (1)

Es wird auch unterschieden zwischen

Intervallskala
Die Abstände zwischen Merkmalsausprägungen lassen sich vergleichen.
Die Skalla ist kontinuierlich.

I z.B. Temperatur in Grad Celsius

Verhältnisskala
Nicht nur die Differenz, sondern auch der Quotient aus zwei Messwerten
darf verwendet werden.

I z.B. Temperatur in Kelvin, Länge in Zentimetern
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Skalenniveaus von Merkmalen (2)

Die statistischen Auswertungsmöglichkeiten sind vom Skalenniveau
abhängig, weil auf höherem Niveau mehr Information festgehalten und
ausgewertet werden kann, als bei niedrigeren Skalierungen.

Debei soll den Aufwand für den zusätlichen Informationgewinn
berücksichtigt werden.
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Skalenniveaus von Merkmalen (3)

58

Zusammenfassung: Merkmale 

©TiHo Hannover / FU Berlin: Vorlesung Biometrie und Epidemiologie

Nominal
nur namentlich
unterscheidbar

Diskret
Zahlenwerte

ohne Zwischenwerte

Ordinal
Sortierbar,

innere Ordnung

Stetig
Zahlenwerte

beliebig fein messbar

Qualitativ Quantitativ

Geschlecht: m, w
Tierarten:
Hund, Katze, 
Maus

Anzahl der Boxen:
1, 2, 3
Log. Titerstufen
1, 2, 3

Appetit:
kein, mittel, normal
Hygiene:
gut, mittel, schlecht

Alter in Jahren
Gewicht in kg, g
Temperatur in Grad
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Nicht jede Zahl ist eine Zahl.

Häufig werden Daten verschlüsselt, um die anschliessende
Datenverarbeitung zu erleichtern

I Schulnoten: 1, 2, 3, 4, 5, 6 (ordinal)
I Testergebnis: 1, 0 (nominal)
I Kreiskennziffern: 3253, 3351 (nominal)
I Zuchtbuch-Nummern: 0511572 (nominal)

32 / 34



33 / 34



Einfache Datendarstellungen
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