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Unit 1 — Biostatistics: Intro to Probability
Theory

1.1 Fundamentals of biostatistics and its role in biological research

Biostatistics is the backbone of biological research, providing tools to analyze and interpret complex data. It
helps scientists design experiments, draw meaningful conclusions, and make data-driven decisions. From
epidemiology to genomics, biostatistics is essential for advancing our understanding of life sciences.

In this chapter, we'll explore the fundamentals of biostatistics and its role in various biological fields. We'll
cover experimental design, data analysis techniques, and ethical considerations, giving you a solid
foundation for applying statistical methods in your own research.

Biostatistics: Definition and Importance

Definition and Role

* Biostatistics is the application of statistical methods to biological data, focusing on the design,
analysis, and interpretation of data from biological experiments and studies

* Biostatistics plays a crucial role in making sense of the vast amounts of data generated in biological
research, allowing researchers to draw meaningful conclusions and make data-driven decisions

* Biostatistical methods help researchers to quantify the uncertainty in their data, assess the
significance of their findings, and make reliable inferences about the biological systems they study

Experimental Design and Reproducibility

* Biostatistics enables researchers to design efficient and effective experiments, ensuring that the data
collected are suitable for answering the research questions of interest

* Proper application of biostatistical techniques helps to minimize bias, control for confounding factors,
and ensure the reproducibility of research findings

* Biostatisticians work closely with biologists to determine appropriate sample sizes, randomization
procedures, and statistical power to ensure robust and reliable results

* Reproducibility is enhanced by clearly documenting and sharing statistical methods, data, and code,
allowing other researchers to verify and build upon the findings

Biostatistics Applications in Biology

Epidemiology and Public Health

* Biostatistics is widely used in epidemiological studies to investigate the distribution and determinants
of health and disease in populations

« This includes the design and analysis of observational studies, such as cohort studies and
case-control studies, to identify risk factors for diseases (cardiovascular disease, cancer)

* Biostatistical methods are employed to monitor disease outbreaks, assess the effectiveness of public
health interventions, and inform policy decisions
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* Examples include tracking the spread of infectious diseases (COVID-19), evaluating vaccination
programs, and analyzing health disparities across populations

Clinical Trials and Medical Research

* Biostatistics plays a central role in clinical trials, where it is used to design, monitor, and analyze the
safety and efficacy of new drugs, treatments, or interventions

* This involves determining appropriate sample sizes, randomization procedures, and statistical
methods for comparing treatment groups (placebo vs. drug)

* Biostatisticians work with medical researchers to develop study protocols, monitor data quality, and
conduct interim and final analyses to assess treatment effects

« Statistical methods such as survival analysis, longitudinal data analysis, and meta-analysis are
commonly used in medical research

Genomics and Bioinformatics

* In genomics and bioinformatics, biostatistics is used to analyze and interpret large-scale biological
data, such as gene expression profiles, DNA sequencing data, and protein-protein interactions

« Statistical methods are employed to identify differentially expressed genes, detect genetic
associations with diseases, and construct biological networks

* Biostatisticians develop and apply specialized statistical methods to handle the high dimensionality
and complexity of genomic data

» Examples include multiple testing correction, dimensionality reduction techniques (principal
component analysis), and machine learning algorithms for classification and prediction

Ecology and Environmental Sciences

* Biostatistics is applied in ecological and environmental studies to investigate the relationships
between organisms and their environment, assess biodiversity, and model population dynamics

« Statistical methods such as regression analysis, multivariate analysis, and time series analysis are
used to analyze ecological data and test hypotheses about ecological processes

« Examples include modeling species distributions, assessing the impact of environmental factors on
biodiversity, and predicting population trends in response to climate change

Data in Biostatistical Research

Data Collection and Management

+ Data collection is the process of gathering relevant information from biological experiments or studies
in a systematic and standardized manner

* This involves designing appropriate sampling strategies, selecting suitable measurement tools, and
ensuring data quality through proper data management and validation

* Biostatisticians work with biologists to develop data collection protocols, design questionnaires or
surveys, and establish data management systems

* This includes considerations such as sample size calculation, stratification, and data cleaning
procedures to ensure data integrity and minimize errors
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Data Analysis and Interpretation

 Data analysis involves applying statistical methods to the collected data to extract meaningful
patterns, relationships, and trends

* This includes descriptive statistics to summarize the main features of the data, such as measures of
central tendency (mean, median) and dispersion (standard deviation, range)

« Inferential statistics are used to make generalizations about populations based on sample data, such
as hypothesis testing, confidence intervals, and regression analysis

+ Data interpretation is the process of making sense of the results obtained from data analysis and
drawing conclusions in the context of the research question and biological knowledge

* This involves assessing the statistical significance of the findings, considering potential sources of
bias or confounding, and discussing the implications of the results for the field of study

* Biostatisticians collaborate with subject matter experts to ensure that the statistical results are
interpreted correctly and placed in the appropriate biological context

Communication and Visualization

« Effective communication of biostatistical findings is crucial for sharing research results with the
scientific community and stakeholders

* This includes presenting data using appropriate visual representations (graphs, charts), reporting
statistical results in a clear and standardized manner, and providing interpretations accessible to
non-statistical audiences

* Biostatisticians use various data visualization techniques to convey complex statistical information
effectively

» Examples include scatter plots, box plots, heatmaps, and interactive dashboards to explore and
communicate patterns in the data

* Clear and concise reporting of statistical methods, assumptions, and limitations is essential for
transparency and reproducibility

* This involves following established reporting guidelines (CONSORT, STROBE) and providing
sufficient detail for others to replicate the analyses

Ethics in Biostatistical Research

Data Privacy and Informed Consent

+ Biostatistical research often involves working with sensitive or confidential data, such as personal
health information or genetic data, which requires strict adherence to data privacy and security
regulations

* Biostatisticians must ensure compliance with legal and ethical guidelines, such as the Health
Insurance Portability and Accountability Act (HIPAA) and the General Data Protection Regulation
(GDPR)

* Informed consent is a critical ethical principle in biostatistical research, ensuring that participants are
fully aware of the purpose, risks, and benefits of the study and voluntarily agree to participate

Fiveable archived study guides Page 4



* Biostatisticians work with institutional review boards (IRBs) to develop informed consent procedures
and ensure that participant rights and welfare are protected

Data Integrity and Reproducibility

« Data integrity and reproducibility are essential ethical considerations in biostatistics, requiring
researchers to be transparent about their methods, data sources, and analysis procedures

* This includes using appropriate statistical methods, avoiding data manipulation or selective reporting,
and making data and code available for replication studies

* Biostatisticians have a responsibility to ensure the accuracy and reliability of their analyses and to
report any limitations or potential sources of bias

* This involves conducting sensitivity analyses, assessing the robustness of the results, and openly
discussing any assumptions or limitations in the study design or data

Bias and Conflicts of Interest

* Biostatisticians have a responsibility to ensure that their research is free from bias and conflicts of
interest, and that the results are reported accurately and objectively

* This includes disclosing any financial or personal relationships that may influence the research, such
as funding sources or industry affiliations

* Biostatisticians must be vigilant in identifying and addressing potential sources of bias in study design,
data collection, and analysis

» Examples include selection bias, measurement bias, and confounding factors that may distort the
results or limit the generalizability of the findings

Research in Vulnerable Populations

* When working with vulnerable populations or in resource-limited settings, biostatisticians must
consider the potential for exploitation and ensure that the research benefits the communities involved

« This includes engaging with community stakeholders, ensuring cultural sensitivity, and addressing any
power imbalances between researchers and participants

* Biostatisticians have a responsibility to ensure that the research is conducted ethically and that the
results are disseminated in a way that promotes health equity and social justice

* This may involve collaborating with local researchers, building research capacity, and advocating for
policies that address health disparities and promote access to care

1.2 Basic probability concepts and axioms

Probability is the backbone of biostatistics, helping us understand and predict outcomes in health and
medicine. It quantifies the likelihood of events, from rare diseases to treatment success rates, using
numbers between 0 and 1.

Basic probability concepts and axioms provide the foundation for more complex statistical analyses.
Understanding these fundamentals is crucial for interpreting research findings, designing studies, and
making informed decisions in healthcare and clinical practice.
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Probability and its axioms

Definition and notation

* Probability quantifies the likelihood an event will occur, expressed as a number between 0 and 1
inclusive

* The probability of an event A is denoted P(A)
* P(A) ranges from 0 to 1, where 0 represents an impossible event and 1 represents a certain event

» Example: The probability of rolling a 3 on a fair six-sided die is 1/6 (one favorable outcome out of six
possible outcomes)

Axioms and properties

» The sum of the probabilities of all possible outcomes in a sample space equals 1
» Sample space: The set of all possible outcomes of an experiment or random process

» Example: When rolling a fair six-sided die, the sample space is {1, 2, 3, 4, 5, 6}, and the sum of the
probabilities of each outcome is 1/6 + 1/6 + 1/6 + 1/6 + 1/6 + 1/6 = 1

+ For any two events A and B, the probability of A or B occurring is given by P(A or B) = P(A) + P(B) -
P(A and B)

* This is known as the addition rule
* P(A and B) represents the probability of both events A and B occurring simultaneously

* Example: In a deck of 52 cards, the probability of drawing a heart or a king is P(heart or king) =
P(heart) + P(king) - P(heart and king) = 13/52 + 4/52 - 1/52 = 16/52

Calculating probabilities

Addition and multiplication rules
* The addition rule states P(A or B) = P(A) + P(B) - P(A and B) for any two events A and B
* This rule accounts for the overlap between events A and B by subtracting P(A and B)

« Example: The probability of drawing a red card or a face card from a standard deck is P(red or face) =
P(red) + P(face) - P(red and face) = 26/52 + 12/52 - 6/52 = 32/52

» The multiplication rule states P(A and B) = P(A) x P(BJA) for any two events A and B

» P(BJA) is the conditional probability of B given A, which is the probability of B occurring given that A
has already occurred

« Example: The probability of drawing two kings from a deck of cards without replacement is P(king1
and king2) = P(king1) x P(king2|king1) = 4/52 x 3/51 = 1/221

Complement rule

* The complement rule states P(not A) = 1 - P(A) for any event A

* "not A" represents the event where A does not occur
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« Example: If the probability of a patient having a certain disease is 0.05, then the probability of the
patient not having the disease is P(not disease) = 1 - P(disease) = 1 - 0.05 = 0.95

Independent vs dependent events

Independent events

» Two events A and B are independent if the occurrence of one event does not affect the probability of
the other event occurring

* For independent events A and B, P(A and B) = P(A) x P(B)
» The multiplication rule simplifies for independent events because P(B|A) = P(B)

* Example: The probability of rolling a 4 on a fair die and then flipping a head on a fair coin is P(4 and
head) = P(4) x P(head) = 1/6 x 1/2 =1/12

Dependent events and conditional probability

» Two events A and B are dependent if the occurrence of one event affects the probability of the other
event occurring

* For dependent events A and B, P(A and B) = P(A) x P(B|A)
* P(B|A) is the conditional probability of B given A

» Example: The probability of drawing two aces from a deck of cards without replacement is P(ace1 and
ace?) = P(ace1) x P(ace2|ace1) = 4/52 x 3/51 = 1/221

« Conditional probability P(BJA) is the probability of event B occurring given that event A has already
occurred

« It is calculated as P(B|A) = P(A and B) / P(A)

» Example: The probability of drawing a king given that a face card has been drawn is P(king|face) =
P(king and face) / P(face) = 4/12 = 1/3

Mutually exclusive events

Definition and properties
* Two events A and B are mutually exclusive (or disjoint) if they cannot occur simultaneously
* In other words, the intersection of A and B is empty

« Example: When rolling a fair die, the events "rolling an even number" and "rolling a 5" are mutually
exclusive

* For mutually exclusive events A and B, P(A and B) =0
« Since A and B cannot occur simultaneously, the probability of both events occurring is 0
* If events A and B are mutually exclusive, then P(A or B) = P(A) + P(B)

* The addition rule simplifies for mutually exclusive events because P(A and B) = 0

Fiveable archived study guides Page 7



Mutually exclusive and exhaustive events

* In a set of mutually exclusive and exhaustive events, the sum of the probabilities of all events equals 1
» Mutually exclusive: No two events can occur simultaneously
» Exhaustive: The set of events covers all possible outcomes in the sample space

» Example: When rolling a fair die, the events "rolling an odd number" and "rolling an even number" are
mutually exclusive and exhaustive, and P(odd) + P(even) = 1/2 + 1/2 =1

1.3 Conditional probability and Bayes' theorem

Conditional probability and Bayes' theorem are essential tools in biostatistics. They help us understand
how one event affects the likelihood of another, which is crucial in medical diagnosis and research. These
concepts allow us to update our beliefs based on new information.

By applying conditional probability and Bayes' theorem, we can make more informed decisions in
healthcare and scientific studies. These methods help us interpret test results, evaluate hypotheses, and
assess the effectiveness of treatments, ultimately improving patient care and advancing medical
knowledge.

Conditional Probability and Applications

Definition and Formula

 Conditional probability is the probability of an event A occurring given that another event B has
already occurred, denoted as P(A|B)

* The conditional probability formula is:
— P(AnB)
«P(A|B) = ng)
« P(A n B) is the probability of both events A and B occurring

+ P(B) is the probability of event B

Applications and Independence

« Conditional probability calculates the likelihood of an event based on prior knowledge or information
» Medical diagnosis (probability of a disease given symptoms)

» Machine learning (probability of a classification given input features)

+ Decision-making in uncertain situations (probability of success given market conditions)

* Independence of events can be determined using conditional probability

e |f P(AlB) = P(A), then events A and B are independent

* Independent events do not influence each other's probabilities
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Calculating Conditional Probabilities

Using the Formula

* To calculate conditional probability using the formula:

1. Determine the probability of both events A and B occurring together, P(A n B)
2. Determine the probability of event B, P(B)

3. Divide P(A n B) by P(B) to obtain P(A|B)

* Example: In a group of 100 students, 60 are female, and 25 females wear glasses. What is the
probability that a randomly selected student is female given that they wear glasses?

« P(Female n Glasses) = 25/100 = 0.25

+ P(Glasses) = 0.25 (assumed from the problem)

. P(Female|Glasses) = 323 = 1

Using Tree Diagrams
* Tree diagrams are a graphical representation of conditional probabilities
» Each branch represents a possible outcome and the corresponding probability

* The probability of a specific path is calculated by multiplying the probabilities along the branches
leading to that outcome

* To calculate the probability of an event using a tree diagram:
1. Identify all paths leading to the event of interest
2. Sum the probabilities of these paths

* When constructing a tree diagram, ensure that the probabilities of all branches stemming from a single
node sum to 1

+ Conditional probabilities can be read directly from a tree diagram by following the path of interest and
multiplying the probabilities along that path

Bayes' Theorem for Updating Probabilities

Concept and Formula

» Bayes' theorem is a mathematical formula used to calculate the probability of an event based on prior
knowledge and new evidence

* The theorem states:

« P(A) is the prior probability of event A
« P(BJA) is the likelihood of observing event B given that event A has occurred

« P(B) is the marginal probability of event B
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 Bayes' theorem allows for the updating of probabilities as new information becomes available, making
it a powerful tool in decision-making and inference

Components of Bayes' Theorem

* The prior probability represents the initial belief or knowledge about an event before considering new
evidence

* In a medical context, the prior probability could be the prevalence of a disease in a population

« The likelihood function, P(B|A), quantifies the probability of observing the new evidence given that the
event of interest has occurred

* In a medical test, the likelihood function would be the probability of a positive test result given that the
patient has the disease

« The marginal probability, P(B), is the probability of observing the new evidence, regardless of whether
the event of interest has occurred or not

* In a medical test, the marginal probability would be the overall probability of a positive test result in the
population

Bayes' Theorem in Biological Research

Updating Probabilities of Hypotheses

« In biological research, Bayes' theorem can be used to update the probability of a hypothesis being
true based on new experimental data

* The prior probability represents the initial belief in the hypothesis before conducting the experiment

* The likelihood function quantifies the probability of observing the experimental data given that the
hypothesis is true

» The marginal probability is the probability of observing the experimental data, considering all possible
hypotheses

* By applying Bayes' theorem, researchers can calculate the posterior probability, which represents the
updated belief in the hypothesis after considering the new evidence

Comparing Hypotheses and Biomedical Applications

* Bayesian inference can be used to compare competing hypotheses and select the most plausible
explanation for observed data

» Multiple hypotheses can be evaluated based on their posterior probabilities
» The hypothesis with the highest posterior probability is considered the most likely explanation

* In biomedical applications, Bayes' theorem is used to calculate the probability of a patient having a
disease based on test results and the prevalence of the disease in the population

* The prior probability is the prevalence of the disease

* The likelihood function is the probability of a positive test result given the presence of the disease
(sensitivity) and the probability of a negative test result given the absence of the disease (specificity)

» The marginal probability is the overall probability of a positive test result in the population
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1.4 Random variables and probability distributions

Random variables and probability distributions are essential concepts in biostatistics. They help us model
and analyze uncertain outcomes in medical research and health-related studies. Understanding these tools
is crucial for making sense of data and drawing meaningful conclusions in biomedical sciences.

This section covers discrete and continuous random variables, their probability distributions, and key
properties. We'll explore common distributions like binomial, Poisson, and normal, and learn how to
calculate probabilities and important statistical measures for various scenarios in biostatistics.

Random Variables and Types

Definition and Concept

» A random variable assigns a numerical value to each outcome in a sample space of a random
experiment

» Random variables can be classified into two main types: discrete and continuous

* Discrete random variables have a countable number of possible values (number of defective items in
a batch, number of customers arriving at a store per hour)

« Continuous random variables can take on any value within a specified range or interval (weight of a
randomly selected product, time taken to complete a task)

Properties and Characteristics

* Random variables are typically denoted by uppercase letters, such as X or Y
*» The set of possible values a random variable can take is called its support or range
* The probability distribution of a random variable describes the likelihood of different outcomes

* The expected value (or mean) of a random variable is the average value it takes over many repetitions
of the experiment

» The variance and standard deviation measure the spread or dispersion of a random variable around
its expected value

Probability Distributions

Definition and Concept

« A probability distribution is a mathematical function that describes the likelihood of different outcomes
for a random variable

* The probability density function (PDF) gives the relative likelihood of a continuous random variable
taking on a specific value

* The probability mass function (PMF) gives the probability of a discrete random variable taking on a
specific value

» The cumulative distribution function (CDF) gives the probability that a random variable takes on a
value less than or equal to a specific value
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Properties and Requirements

* Probability distributions must satisfy certain properties to be valid

» The sum of probabilities for all possible outcomes must be equal to 1

* The probability of any single event must be between 0 and 1, inclusive

* For continuous random variables, the area under the PDF curve over the entire range must equal 1

* For discrete random variables, the sum of probabilities for all possible values must equal 1

Discrete Distributions

Binomial Distribution

* The binomial distribution models the number of successes in a fixed number of independent trials,
each with the same probability of success

* Its parameters are the number of trials (n) and the probability of success (p)
« The PMF of the binomial distribution is given by: P(X = k) = (7)p*(1 — p)"~¥

» Examples include the number of defective items in a batch of n items, or the number of successful free
throws in n attempts

Poisson Distribution

* The Poisson distribution models the number of events occurring in a fixed interval of time or space,
given the average rate of occurrence

* Its parameter is the average rate (A)

« The PMF of the Poisson distribution is given by: P(X = k) = e;:!’\k

» Examples include the number of customers arriving at a store per hour, or the number of defects per
unit area in a manufactured product

Other Discrete Distributions

» The geometric distribution models the number of trials until the first success, with probability of
success p

* The hypergeometric distribution models the number of successes in a fixed number of draws from a
population without replacement

* The negative binomial distribution models the number of failures before the r-th success, with
probability of success p

Continuous Distributions

Normal (Gaussian) Distribution

» The normal distribution is a symmetric, bell-shaped curve characterized by its mean (u) and standard
deviation ()

_be—w?
» The PDF of the normal distribution is given by: f(x) = ﬁe 20"
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* Many natural phenomena and measurement errors follow a normal distribution

» Examples include heights, weights, and IQ scores in a population

Exponential Distribution

» The exponential distribution models the time between events in a Poisson process, with a constant
average rate

* Its parameter is the rate (A)
« The PDF of the exponential distribution is given by: f(x) = Ae ™ ** forx =2 0

» Examples include the time between customer arrivals or the time until a machine failure

Other Continuous Distributions

 The uniform distribution has equal probability over a specified range (a, b)
* The beta distribution models probabilities or proportions, with parameters a and

» The gamma distribution models waiting times, with shape parameter k and scale parameter 6

Probability Calculations

Discrete Random Variables

* To calculate the probability of a specific outcome for a discrete random variable, use the PMF of the
corresponding distribution

» Example: For a binomial random variable with n=10 and p=0.3, the probability of exactly 4 successes
is: P(X =4) = (1?)0.3*(1 - 0.3)* = 0.2001

» The expected value of a discrete random variable is the sum of each possible value multiplied by its
probability: £(X) = ZX P(X=x)
Continuous Random Variables

* To calculate the probability of a range of values for a continuous random variable, integrate the PDF
over the given range

* Example: For a standard normal random variable (u=0, g=1), the probability of a value between -1 and

1 2
lis:P(-1=X=1)= [ Le %dx=0.6827
van

* The expected value of a continuous random variable is the integral of the product of the value and its
PDF over the entire range: E(X) = f_wx- f(x)dx

Variance and Standard Deviation

* The variance of a random variable measures the average squared deviation from its expected value:
Var(X) = E((X — E(X))?)

* The standard deviation is the square root of the variance: SD(X) = v Var(X)

» These measures quantify the spread or dispersion of a random variable around its expected value
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« Calculating variance and standard deviation using the probability distribution helps assess the
variability and uncertainty associated with the random variable
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Unit 2 — Biostatistics: Data Visualization &
Analysis

2.1 Measures of central tendency and variability

Measures of central tendency and variability are key tools for summarizing biological data. They help
scientists find typical values and understand how spread out the data is. These stats are crucial for
comparing groups, spotting trends, and making sense of complex datasets in biology.

Using both central tendency and variability measures gives a fuller picture of biological data. The mean or
median shows the average, while standard deviation or range shows the spread. Together, they help
biologists interpret results, compare groups, and draw meaningful conclusions from their research.

Central Tendency for Biological Data

Calculating Measures of Central Tendency

» The mean is the arithmetic average of a set of values, calculated by summing all values and dividing
by the number of values

« Sensitive to extreme values or outliers (unusually high or low values that differ greatly from other
observations)

» The median is the middle value in a sorted list of values

* Less sensitive to outliers than the mean

* For an even number of values, calculate the average of the two middle values
* The mode is the most frequently occurring value in a data set

+ Data sets can have no mode (no repeating values), one mode (unimodal), two modes (bimodal), or
more than two modes (multimodal)

Interpreting Measures of Central Tendency

* Measures of central tendency provide information about the typical or central value in a data set

+ Allow for comparisons between different data sets or subsets (comparing mean body temperatures of
different species)

* Help summarize large amounts of data into a single representative value (average height of plants in a
field)

« Useful for identifying trends or patterns in biological data (changes in median enzyme activity over
time)

» Can be used as a baseline for detecting unusual or abnormal values (identifying individuals with blood
pressure significantly above the mean)
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Variability in Biological Data

Calculating Measures of Variability

* Range is the difference between the maximum and minimum values in a data set
* Provides a simple measure of variability but is sensitive to outliers

* Variance is the average of the squared deviations from the mean, measuring how far individual values
are from the mean

+ Calculated by summing the squared deviations and dividing by the number of values (for a population)
or the number of values minus one (for a sample)

» Formula for population variance:

(xi = p)?
0-2 — i:zl '
N
» Formula for sample variance:
)3
(x; — X)?
52 = i=1 '
n-1

« Standard deviation is the square root of the variance, providing a measure of variability in the same
units as the original data

 Quantifies the average distance of individual values from the mean

» Formula for population standard deviation:

2 (xi=hy*
o=V =~ —
» Formula for sample standard deviation:
2 (X —x)?
— i=1
S= n—1

« Coefficient of variation is the standard deviation divided by the mean, expressed as a percentage

* Allows for comparison of variability between data sets with different means or units (comparing
variability in body sizes of different animal species)

« Formula for coefficient of variation: CV = ;% X 100%

« Interquartile range (IQR) is the difference between the third quartile (Q3) and the first quartile (Q1) in a
sorted data set

* Provides a measure of variability that is less sensitive to outliers than the range
« Formula for interquartile range: QR = Q3 — Q1
Interpreting Measures of Variability

« Variability measures quantify the spread or dispersion of values in a data set

* Indicate how much individual values deviate from the center (mean or median)
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* Provide information about the consistency or heterogeneity of the data (low variability suggests more
homogeneous data, while high variability suggests more heterogeneous data)

* Interpreting variability measures depends on the context and research question

« High variability may indicate the presence of subgroups or the influence of external factors (genetic
diversity within a population)

* Low variability may suggest a tightly controlled or homogeneous system (low variation in body
temperature of endothermic animals)

« Variability measures help assess the reliability and precision of measurements or experimental
techniques

+ Low variability in repeated measurements suggests high precision and reliability (low standard
deviation in replicate assays)

Central Tendency vs Variability

Importance of Using Both Measures

» Measures of central tendency alone do not provide a complete description of a data set
* Do not capture the spread or dispersion of values

» Can be misleading if the data is skewed or has outliers (mean income does not reflect income
inequality)

* Variability measures complement central tendency measures
+ Quantify how much individual values deviate from the center
* Provide information about the consistency or heterogeneity of the data

+ Reporting both central tendency and variability measures allows for a more comprehensive
understanding of the data distribution

» Enables more accurate comparisons between different data sets (comparing means and standard
deviations of treatment and control groups)

* Helps identify unusual patterns, such as bimodal distributions or the presence of outliers, which may
have biological significance (identifying subpopulations with distinct characteristics)

Examples of Using Both Measures

» Comparing the effects of different treatments on plant growth
* Report mean height and standard deviation for each treatment group

» Higher mean height suggests better growth, while lower standard deviation indicates more consistent
growth within the group

* Assessing the variability of a physiological parameter in a population
+ Calculate median and interquartile range of heart rate measurements

» Median heart rate represents the typical value, while interquartile range quantifies the spread of
values and helps identify individuals with unusually high or low heart rates
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« Evaluating the reliability of a new analytical method

» Measure the concentration of a substance in multiple replicates and calculate the mean and
coefficient of variation

* Low coefficient of variation suggests high precision and reliability of the method

Choosing Measures for Biological Data

Selecting Appropriate Measures Based on Data Distribution

* For normally distributed data (symmetric bell-shaped curve), use mean and standard deviation

* Mean is the most efficient and unbiased estimator of the population mean

« Standard deviation quantifies the average distance from the mean and is sensitive to extreme values
* For skewed data (asymmetric distribution with a long tail), use median and interquartile range

* Median is less sensitive to extreme values and provides a better representation of the central value

* Interquartile range is less influenced by outliers and captures the variability of the central 50% of the
data

* For categorical or ordinal data, use mode and frequencies or percentages
* Mode represents the most common category or value

* Frequencies or percentages describe the variability by quantifying the proportion of observations in
each category

Considering Research Questions and Data Use

*» The choice of measures depends on the research question and the intended use of the summary
statistics

» Comparing groups: use measures that are sensitive to differences between groups, such as mean
and standard deviation for normally distributed data or median and interquartile range for skewed data

+ Assessing reliability: use measures that quantify the consistency or precision of measurements, such
as standard deviation or coefficient of variation for continuous data or percentages for categorical data

+ Consider the audience and the interpretability of the measures

» Use measures that are easily understood by the intended audience (mean and standard deviation are
widely recognized)

* Provide clear explanations and context for less common measures (interquartile range, coefficient of
variation)

» Be aware of the limitations and assumptions of each measure
* Mean and standard deviation assume a normal distribution and are sensitive to outliers
» Median and interquartile range are robust to outliers but may not capture the full range of the data

* Mode is not always unique and may not be representative of the entire data set
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2.2 Data visualization techniques for biological data

Data visualization techniques are crucial for understanding and communicating biological data. From
histograms to scatter plots, these tools help scientists uncover patterns, trends, and outliers in complex
datasets. Effective visualizations can reveal relationships between variables and highlight important
findings.

Choosing the right visualization method depends on the data type, sample size, and research question. By
carefully selecting and designing visualizations, biologists can effectively communicate their findings to
diverse audiences. Proper labeling, color choices, and context are key to creating clear, informative
graphics.

Data Visualization for Biological Data

Histograms

* Histograms visualize the distribution of a continuous variable by dividing the data into bins and
displaying the frequency or count of data points within each bin

» The width of each bin represents a range of values, and the height represents the frequency or count
of data points falling within that range

« Histograms provide insights into the shape, center, and spread of the data distribution (normal,
skewed, bimodal)

» Example: Histograms can be used to display the distribution of plant heights in a sample, with bins
representing height ranges and the frequency of plants falling within each range

Box Plots

* Box plots (box-and-whisker plots) provide a summary of the distribution of a continuous variable,
displaying the median, quartiles, and potential outliers

* The box represents the interquartile range (IQR), which contains the middle 50% of the data, with the
median represented by a line inside the box

* Whiskers extend from the box to the minimum and maximum values within 1.5 times the IQR, and
data points outside this range are considered potential outliers

* Box plots are useful for comparing distributions across different groups or categories (treatment vs.
control)

» Example: Box plots can be used to compare the distribution of blood glucose levels between a
diabetic and non-diabetic population

Scatter Plots

« Scatter plots visualize the relationship between two continuous variables, with each data point
represented by a dot on a two-dimensional graph

» The independent variable is typically plotted on the x-axis, and the dependent variable is plotted on
the y-axis

« Scatter plots can reveal patterns, trends, and correlations between the two variables (positive,
negative, or no correlation)
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+ Additional variables can be represented using color, size, or shape of the data points to create a
multi-dimensional scatter plot

» Example: Scatter plots can be used to explore the relationship between body mass and metabolic rate
in a sample of animals, with each dot representing an individual animal

Choosing Data Visualization Techniques

Selecting Visualizations Based on Data Type

« Categorical data can be visualized using bar charts or pie charts, while continuous data is better
represented by histograms, box plots, or scatter plots

« Bar charts display the frequency or proportion of each category using rectangular bars, allowing for
easy comparison between categories

+ Pie charts show the proportion of each category relative to the whole, with each slice representing a
category

* The choice of data visualization technique depends on the research question and the message you
want to convey

* Example: When comparing the abundance of different species in a community, a bar chart would be
appropriate, while a histogram could be used to display the distribution of body sizes within a species

Considerations for Sample Size and Oultliers

+ Consider the sample size and the presence of outliers when selecting a visualization method
* For small sample sizes, individual data points may be more informative than summary statistics

« Outliers can significantly impact the interpretation of the data and may require special consideration or
visualization techniques, such as a log scale or a separate plot

* In some cases, removing outliers may be justified, but it is essential to disclose and justify any data
manipulation

* Example: When visualizing gene expression data with a few highly expressed genes (outliers), using a
log scale can help display the full range of expression values without the outliers dominating the plot

Visualizing Multiple Variables or Groups

* When visualizing multiple variables or groups, consider using techniques such as grouped bar charts,
faceted plots, or color-coding to facilitate comparisons

» Grouped bar charts display different categories side-by-side for each group, allowing for easy
comparison between groups and categories

* Faceted plots (small multiples) display subsets of the data in separate panels, using the same scales
and axes to facilitate comparison

+ Color-coding can be used to distinguish between different groups or categories within the same plot

« Example: When comparing the average height of plants across different treatment groups and time
points, a grouped bar chart could be used, with each group represented by a different color and each
time point by a separate bar within the group
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|dentifying Patterns and Oultliers

Recognizing Patterns and Trends

« Patterns in data can be identified through the shape and distribution of data points in visualizations
such as histograms or scatter plots

» A normal distribution in a histogram appears as a symmetric bell-shaped curve, while skewed
distributions have a longer tail on one side

« Scatter plots can reveal linear, exponential, or other types of relationships between variables

* Trends in time series data can be visualized using line plots, where the x-axis represents time and the
y-axis represents the variable of interest

* Example: In a scatter plot of body mass and metabolic rate, a positive linear trend would indicate that
as body mass increases, metabolic rate also increases

|dentifying Outliers and Their Significance

* QOuitliers, or data points that significantly deviate from the rest of the data set, can be identified visually
in box plots, scatter plots, or by using statistical methods such as the interquartile range rule

* Investigating the cause of outliers is crucial, as they may represent genuine extreme values,
measurement errors, or data entry mistakes

« Outliers can have a substantial impact on summary statistics, such as the mean, and may require
special consideration in statistical analyses

* Example: In a box plot of plant heights, data points falling outside the whiskers could be considered
potential outliers and may warrant further investigation to determine if they are genuine extreme values
or measurement errors

Detecting Clusters and Subgroups

+ Data visualization can help detect clusters or subgroups within the data, which may warrant further
investigation or analysis

« Clusters can be identified visually in scatter plots as groups of data points that are tightly packed
together and separated from other groups

» Subgroups within a larger data set may have different patterns, trends, or relationships that are not
apparent when analyzing the data as a whole

« Example: In a scatter plot of gene expression data, distinct clusters of genes with similar expression
patterns may be identified, suggesting co-regulation or involvement in similar biological processes

Communicating Biological Findings

Essential Components of Effective Visualizations

« Clear and informative titles, axis labels, and legends are essential for effective communication of
biological findings through data visualizations

« Titles should concisely describe the main message or finding of the visualization
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* Axis labels should clearly indicate the variable being measured and the units of measurement

* Legends should provide a clear explanation of any colors, symbols, or patterns used in the
visualization

« Example: A histogram displaying the distribution of plant heights should have a title such as
"Distribution of Plant Heights in Sample," an x-axis label of "Height (cm)," and a y-axis label of
"Frequency"

Designing Purposeful and Accessible Visualizations

* The choice of colors, scales, and visual elements should be purposeful and consider the target
audience and the medium of presentation

+ Use color palettes that are colorblind-friendly and ensure sufficient contrast between visual elements

+ Select appropriate scales for the data range and consider transformations (e.g., log scale) when
needed to effectively display the data

* Avoid clutter and excessive decoration in visualizations, as they can distract from the main message
and make the plot difficult to interpret

« Example: When presenting data to a general audience, use a color palette with distinct, easily
distinguishable colors and avoid using red and green together to accommodate colorblind individuals

Maintaining Consistency and Providing Context

* When presenting multiple plots, ensure consistency in design elements such as color schemes, fonts,
and scales to facilitate comparisons and maintain a professional appearance

* Use consistent formatting for titles, axis labels, and legends across related visualizations

* Provide context and narrative around the visualizations to guide the audience's interpretation and
highlight key findings or insights

* Include a brief description of the data, methods, and any limitations or caveats that may affect the
interpretation of the results

» Example: When presenting a series of plots comparing different treatment groups, use the same color
scheme and scale for each plot and provide a brief explanation of the experimental design and key
findings in the accompanying text or presentation

2.3 Exploratory data analysis in biological contexts

Exploratory data analysis in biology uncovers patterns and trends in complex datasets. It's a crucial first
step in understanding biological systems, helping researchers generate hypotheses and guide further
investigations.

From gene expression to ecological surveys, EDA techniques like summary statistics and visualizations
reveal relationships and anomalies. This process iteratively refines questions, setting the stage for more
targeted statistical analyses and experiments.

Exploratory Data Analysis for Biology

Techniques and Applications

 Apply exploratory data analysis techniques to investigate biological research questions
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» Exploratory data analysis (EDA) examines and summarizes data sets to uncover underlying patterns,
trends, and relationships

» EDA gains insights into complex biological systems, generates hypotheses, and guides further
analysis

» Common EDA techniques

* Calculating summary statistics

* Creating data visualizations (scatter plots, histograms, box plots)
« Identifying outliers or anomalies

» EDA can be applied to various types of biological data

* Gene expression data

+ Physiological measurements

* Ecological surveys

+ Clinical trial results

* The choice of EDA techniques depends on the nature of the data and the research questions being
investigated

« Continuous, categorical, or time series data

* EDA is an iterative process involving multiple rounds of data exploration, refinement of questions, and
generation of new hypotheses

Relationships, Trends, and Anomalies

« Identify potential relationships, trends, and anomalies in biological data through exploratory analysis
* Relationships between variables can be identified through

* Scatter plots

* Correlation analysis

* Regression techniques

* Trends in data over time or across different conditions can be visualized using
* Line plots

» Time series plots

* Heat maps

* Anomalies, such as outliers or unexpected patterns, can be detected using

* Box plots

» Z-scores

* Clustering techniques

* Biological relationships may include
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* Associations between gene expression levels
+ Correlations between physiological variables
*» Trends in population dynamics over time

« Identifying relationships and trends can help generate hypotheses about underlying biological
mechanisms

» Gene regulation

* Physiological responses

* Ecological interactions

* Anomalies in biological data may represent
* Measurement errors

* Biological variability

* Unique biological phenomena that warrant further investigation

Data Insights Through Visualization

Summary Statistics and Distributions

» Use summary statistics and data visualizations to gain insights into biological data sets

» Summary statistics provide concise descriptions of the central tendency and variability of data
* Mean, median

« Standard deviation, quartiles

+ Histograms and density plots display the distribution of a single variable, revealing patterns such as
» Skewness

* Multimodality

* Heavy tails

* Box plots summarize the distribution of a variable by displaying

* Median, quartiles

* Potential outliers

* Allows for comparisons across groups or conditions

Relationships and Patterns

« Scatter plots and correlation matrices reveal relationships between pairs of variables
* Positive or negative associations
* Linear or nonlinear trends

* Clustering patterns
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* Heat maps and clustered dendrograms can reveal patterns in high-dimensional data

» Gene expression profiles

* Ecological community structure

* Interactive data visualizations allow for exploratory analysis of large and complex biological data sets
« Zoomable plots

* Linked views

Hypothesis Generation from Exploration

Formulating Testable Hypotheses

+ EDA findings can generate new hypotheses about biological mechanisms, relationships, or patterns
that were not initially considered

» Hypotheses generated from EDA should be

* Testable

* Specific, making predictions about the direction and magnitude of effects or associations
» EDA can guide the selection of appropriate statistical methods for hypothesis testing

* T-tests, ANOVA

* Regression

* Machine learning techniques

Guiding Further Analysis

« EDA can identify potential confounding variables or effect modifiers that need to be controlled for in
subsequent analyses

» EDA can reveal the need for additional data collection or experimental designs to

* Test hypotheses

+ Validate findings

« Iterative cycles of EDA, hypothesis generation, and confirmatory analysis can lead to
* Deeper understanding of biological systems

» More robust scientific conclusions
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Unit 3 — Probability Distributions in Biology

3.1 Discrete probability distributions (e.g., Binomial, Poisson)

Discrete probability distributions are key tools in biostatistics, helping us model and analyze biological
events with countable outcomes. The Binomial and Poisson distributions are particularly useful for
understanding phenomena like genetic traits or mutation rates.

These distributions allow us to calculate probabilities, make predictions, and interpret biological data. By
applying them to real-world scenarios, we can gain insights into population genetics, disease occurrence,
and other important biological processes.

Discrete Probability Distributions

Characteristics and Properties

+ Discrete probability distributions are defined for discrete random variables that take on a countable
number of distinct values, often integers

* The probability distribution assigns a probability to each possible value of the discrete random variable
» The sum of all these probabilities must equal 1

* The mean (expected value) and variance of a discrete probability distribution can be calculated using
specific formulas based on the probability mass function

» The mode of a discrete probability distribution is the value with the highest probability
» The median is the middle value when the possible values are arranged in order

» The shape of a discrete probability distribution can be described as symmetric, right-skewed, or
left-skewed, depending on the relative positions of the mean, median, and mode

Calculating Probabilities and Interpreting Results

* To calculate probabilities using the Binomial distribution, use the formula
P(X =k) =C(n, k) *p“* (1 = p)'n — k)

* n is the number of trials

* k is the number of successes

* p is the probability of success in each trial

» C(n, k) represents the number of combinations of n items taken k at a time

* To calculate probabilities using the Poisson distribution, use the formula P(X = k) = (Ak*x e M)kt
* A is the average number of events in the given interval

* k is the number of events

+ e is the mathematical constant (approximately 2.71828)

» When calculating probabilities for biological data, identify the appropriate distribution based on the
nature of the data and the underlying assumptions
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» Cumulative probabilities can be calculated by summing the individual probabilities for all values less
than or equal to the desired value (for the Binomial distribution) or by using the cumulative distribution
function (for the Poisson distribution)

» When interpreting results, consider the context of the biological data and the research question being
addressed

» Comparing the observed data to the expected probabilities from the discrete distribution can help
determine if the data fit the assumed distribution well or if there are deviations that require further
investigation

« Confidence intervals can be constructed around the estimated parameters (p for Binomial, A for
Poisson) to quantify the uncertainty in the estimates based on the sample data

Binomial vs Poisson Distributions

Binomial Distribution

 The Binomial distribution models the number of successes in a fixed number of independent trials,
each with the same probability of success

* The trials must be independent
* There can only be two possible outcomes (success or failure) for each trial

» The Binomial distribution is appropriate when the number of trials is fixed and the probability of
success is constant

* The Binomial distribution has two parameters: the number of trials (n) and the probability of success

(p)

* In biological contexts, the Binomial distribution can model the number of individuals with a specific trait
in a population (number of plants with a specific genotype in a field)

« For the Binomial distribution, the expected number of successes is calculated as E(X) =n*p
« The variance of the Binomial distribution is Var(X) = n*p*(1 - p)

» These values provide information about the typical number of successes and the spread of the
distribution

Poisson Distribution

*» The Poisson distribution models the number of events occurring in a fixed interval of time or space,
given that the events occur independently and at a constant average rate

* The interval can be time, distance, area, or volume

» The Poisson distribution is suitable when the number of events is not fixed but the average rate of
occurrence is known

* The Poisson distribution has one parameter: the average number of events (A) in the given interval

* In biological contexts, the Poisson distribution can model the number of mutations in a gene sequence
or the number of bacteria colonies on a petri dish (number of rare disease cases in a population per
year)

* For the Poisson distribution, the mean and variance are both equal to A
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* This property is known as the equidispersion of the Poisson distribution

Probabilities in Biological Contexts

Identifying Appropriate Distributions

» When working with biological data, it is essential to identify the appropriate distribution based on the
nature of the data and the underlying assumptions

* Consider the characteristics of the data and the research question being addressed

* Is the number of trials fixed or variable?

« Is the probability of success constant or changing?

* Are the events independent or dependent?

« Examples of biological data that can be modeled using the Binomial distribution include:
» The number of individuals with a specific genotype in a population

» The number of successful treatments in a clinical trial

» Examples of biological data that can be modeled using the Poisson distribution include:
» The number of mutations in a gene sequence

» The number of bacteria colonies on a petri dish

» The number of rare disease cases in a population per year

Calculating Probabilities and Cumulative Probabilities

* To calculate probabilities for specific values using the Binomial or Poisson distribution, use the
appropriate formula and substitute the given parameters

» Cumulative probabilities can be calculated by summing the individual probabilities for all values less
than or equal to the desired value (for the Binomial distribution)

- Example: P(X < 3) = P(X = 0) + P(X = 1) + P(X = 2) + P(X = 3)

* For the Poisson distribution, cumulative probabilities can be calculated using the cumulative
distribution function

* Example: P(X < 3) = e -A) * (1 + A+ A*2/2! + A\3/3!)

* When calculating probabilities for biological data, ensure that the data meet the assumptions of the
chosen distribution and that the parameters are estimated accurately

Interpreting Discrete Probability Results

Comparing Observed Data to Expected Probabilities

« After calculating the expected probabilities using the appropriate discrete distribution, compare the
observed data to these probabilities

« If the observed data closely match the expected probabilities, it suggests that the chosen distribution
is a good fit for the data
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* This can provide support for the underlying assumptions and the research hypothesis

« If there are significant deviations between the observed data and the expected probabilities, it may
indicate that the chosen distribution is not appropriate or that there are other factors influencing the data

* In such cases, further investigation and possibly alternative models should be considered

Constructing Confidence Intervals

« Confidence intervals can be constructed around the estimated parameters (p for Binomial, A for
Poisson) to quantify the uncertainty in the estimates based on the sample data

+ A confidence interval provides a range of plausible values for the parameter, given the observed data
and a specified level of confidence (usually 95%)

* For the Binomial distribution, the confidence interval for p can be calculated using the normal
approximation when the sample size is large and p is not close to 0 or 1

* The formula is: ‘5 * Zos * ﬁ(ln— p)
* For the Poisson distribution, the confidence interval for A can be calculated using the chi-square
distribution

2 2
* The lower and upper limits are: x—“g'” =A< X71*“f222<”“

« Interpreting confidence intervals in the context of the biological data can help researchers make
informed decisions and draw meaningful conclusions based on the available evidence

3.2 Continuous probability distributions (e.g., Normal, Exponential)

Continuous probability distributions are crucial in biology, modeling variables like gene expression and
enzyme kinetics. They're described by probability density functions and cumulative distribution functions,
which help calculate probabilities for specific ranges of values.

The Normal distribution, with its bell shape, models many biological phenomena. The Exponential
distribution, often used for waiting times, is key in studying rare events like mutations. Understanding these
distributions helps biologists analyze data and make predictions.

Continuous Probability Distributions

Key Characteristics

* Represent measurements on a continuous scale with an infinite number of possible values within a
given range

+ Described by the probability density function (PDF), which represents the relative likelihood of each
value occurring in the distribution

» The area under the PDF curve between two values represents the probability of an observation falling
within that range

» The cumulative distribution function (CDF) gives the probability that a random variable takes a value
less than or equal to a given value

+ Calculated by integrating the PDF from negative infinity to the given value
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Measures of Central Tendency and Dispersion

* Mean (expected value), median (middle value), and mode (most frequent value) are measures of
central tendency for continuous distributions

* Variance and standard deviation quantify the spread of values around the mean
* Variance is the average squared deviation from the mean

« Standard deviation is the square root of the variance, expressing dispersion in the same units as the
original data

Normal vs Exponential Distributions

Normal (Gaussian) Distribution

« Symmetric and bell-shaped, characterized by its mean and standard deviation

» Models variables that are the sum of many independent, randomly occurring factors (heights, weights,
measurement errors)

» The Standard Normal distribution has a mean of 0 and a standard deviation of 1

» Any Normal distribution can be standardized using the Z-score, representing the number of standard
deviations an observation is from the mean

Exponential Distribution

* Models the time between events in a Poisson process, where events occur continuously and
independently at a constant average rate

» Characterized by its rate parameter (A) and has a memoryless property
* Right-skewed, with a higher probability of smaller values

« Often used to model waiting times (time between radioactive decay events, time until a mutation
occurs in a DNA sequence)

Probabilities in Biological Scenarios

Calculating Probabilities

 For Normal distributions, find the probability of a value falling within a specific range by calculating
Z-scores for the lower and upper bounds

» Use a Standard Normal table or calculator to find the area between the Z-scores

+ For Exponential distributions, calculate the probability of an event occurring within a given time interval
using the CDF: P(X<x) =1 — e{—=Ax)

- A is the rate parameter and X is the time interval

Applying Distributions to Biological Data

« Identify the appropriate distribution based on the characteristics of the data and the underlying
biological processes
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« Calculate probabilities related to various biological phenomena
« Likelihood of a gene expression level exceeding a certain threshold

* Probability of a cellular process occurring within a specific time frame

Analyzing Outcomes in Biology

Genetics and Quantitative Traits

» Normal distribution can model quantitative traits influenced by multiple genes and environmental
factors (height, weight, crop yield)

« Identify extreme phenotypes or select individuals for breeding programs based on the distribution of
these traits

Rare Events and Kinetics

» Exponential distributions model waiting times between rare events in biology
» Time between mutations in a DNA sequence
» Time between binding events of a protein to a specific target

+ Analyzing these distributions helps researchers understand the kinetics of biological processes

Setting Thresholds and Hypothesis Testing

+ Use continuous distributions to set thresholds for biological phenomena
 Determine the cut-off point for classifying a gene as differentially expressed
« Establish a critical value for a diagnostic test based on the distribution of a biomarker in a population

» Compare the observed distribution of a biological variable to the expected distribution under a null
hypothesis

* Test for significant deviations and draw conclusions about the underlying biological processes or the
effects of experimental treatments

3.3 Applications of probability distributions in biological phenomena

Probability distributions are essential tools for understanding biological phenomena. They help model rare
events, binary outcomes, continuous variables, and waiting times in various biological contexts. From
mutations to species abundance, these distributions provide a mathematical framework for analyzing
complex biological data.

Applying probability distributions to biological data offers insights into underlying mechanisms and
processes. By fitting and comparing distributions, researchers can calculate probabilities, identify
extremes, and make predictions. This approach enables hypothesis testing, experiment design, and
modeling of biological systems, advancing our understanding of life's complexities.

Probability distributions for biological phenomena

Modeling rare events and binary outcomes

» The Poisson distribution commonly models rare biological events
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* Number of mutations in a gene

* Number of individuals in a population with a specific trait

* The binomial distribution is suitable for modeling biological phenomena with binary outcomes
* Presence or absence of a particular gene variant in a population

* Success or failure of a biological experiment (germination of seeds)

Modeling continuous variables and waiting times

» The normal distribution often models continuous biological variables that are symmetrically distributed
around a mean

» Body weight or height in a population
» Measurement errors in biological experiments (blood glucose levels)

» The exponential distribution is appropriate for modeling the waiting time between events in biological
processes

* Time between cell divisions

« Time until a mutation occurs (time until a bacterial colony develops resistance to an antibiotic)

Modeling skewed distributions and proportions

» The gamma distribution is useful for modeling biological phenomena with skewed distributions

* Distribution of species abundance in an ecosystem

+ Distribution of survival times in a population (time until death after diagnosis of a terminal illness)
» The beta distribution commonly models proportions or probabilities in biological contexts

* Proportion of individuals in a population with a specific genotype

* Probability of a particular outcome in a biological experiment (proportion of cells expressing a specific
protein)

Goodness of fit for biological data

Statistical tests for goodness of fit

 The chi-square goodness of fit test determines whether observed data follow a specified probability
distribution by comparing observed to expected frequencies

« Testing if the distribution of blood types in a population follows the Hardy-Weinberg equilibrium

» The Kolmogorov-Smirnov test is a non-parametric test that assesses the goodness of fit between an
observed and theoretical cumulative distribution function

» Comparing the distribution of plant heights to a normal distribution

* The Anderson-Darling test modifies the Kolmogorov-Smirnov test, giving more weight to the tails of
the distribution, and detects deviations from normality

* Testing if the distribution of mutation rates in a population follows a normal distribution
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Graphical techniques and model selection criteria

* Probability plots visually assess the goodness of fit of a probability distribution to the observed data
» Normal probability plot to check if data follow a normal distribution (Q-Q plot of body mass index)

» Exponential probability plot to check if data follow an exponential distribution (Q-Q plot of cell cycle
durations)

* The likelihood ratio test compares the goodness of fit of two nested probability distributions, where
one is a special case of the other

« Comparing the fit of a Poisson distribution to a negative binomial distribution for count data (humber of
parasites per host)

» The Akaike information criterion (AIC) and the Bayesian information criterion (BIC) compare the
goodness of fit of different probability distributions while accounting for model complexity

* Selecting the best-fitting distribution for species abundance data among Poisson, negative binomial,
and log-series distributions

Implications of probability distributions in biology

Insights into biological mechanisms and processes

» The shape and parameters of a probability distribution provide insights into the underlying biological
mechanisms or processes generating the observed data

+» A bimodal distribution of plant heights may suggest the presence of two distinct subpopulations or
genotypes

* The mean and variance of a probability distribution characterize the central tendency and variability of
a biological variable

* Mean and standard deviation of body weight in a population indicate the typical weight and the range
of variation

» The skewness and kurtosis of a probability distribution indicate the presence of asymmetry or heavy
tails in the data

* Right-skewed distribution of species abundance suggests the presence of a few dominant species
and many rare ones

Calculating probabilities and comparing distributions

* The probability density or cumulative distribution function calculates probabilities of specific events or
outcomes in biological systems

* Probability of a particular genotype given the allele frequencies in a population
* Probability of survival beyond a certain age based on a survival function

» The hazard function, derived from the probability distribution, provides information about the
instantaneous risk of an event occurring at a specific time

 Age-specific risk of death in a population

* Instantaneous risk of a mutation occurring in a cell lineage

Fiveable archived study guides Page 33



» Comparing fitted probability distributions across different biological conditions or populations reveals
differences in underlying processes or mechanisms

» Comparing survival distributions between treated and untreated groups in a clinical trial

» Comparing mutation rate distributions between different environmental conditions

Predictions and conclusions using probability distributions

Estimating likelihoods and identifying extremes

+ Probability distributions estimate the likelihood of observing specific outcomes or events in future
biological experiments or studies

* Probability of detecting a rare genetic variant in a sample of a given size

* Probability of a population exceeding a certain threshold (probability of an invasive species
establishing in a new habitat)

» The quantiles or percentiles of a probability distribution identify extreme or unusual observations in
biological data

« Identifying the top 5% of individuals with the highest body mass index in a population

+ Detecting outliers in gene expression data based on the tails of the distribution

Hypothesis testing and modeling biological systems

+ Confidence intervals derived from probability distributions quantify the uncertainty associated with
estimated parameters or statistics

* 95% confidence interval for the mean expression level of a gene

* 99% confidence interval for the proportion of individuals with a specific trait

* Hypothesis testing based on probability distributions assesses the statistical significance of observed

differences or associations in biological data
» Comparing the mean values of a biological variable between two groups using a t-test
* Testing for the independence of two categorical variables using a chi-square test

* Probability distributions can be incorporated into mathematical models of biological systems to
simulate and predict the behavior of the system

* Modeling the spread of an infectious disease using a stochastic SIR model with Poisson-distributed
infection events

* Predicting the dynamics of a population over time using a birth-death process with
exponentially-distributed waiting times

* The properties of probability distributions guide the design and sample size determination of biological

experiments or studies

+ Determining the minimum sample size required to detect a specific effect size with a given power and

significance level

» Choosing an appropriate probability distribution to model the variability in the data and inform the
statistical analysis plan
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Unit 4 — Sampling and Design in
Biological Research

4.1 Sampling methods and sample size determination

Sampling methods and sample size determination are crucial in biological research. They ensure accurate
representation of populations and reliable results. Proper sampling techniques help researchers avoid bias
and draw valid conclusions from their studies.

Calculating the right sample size balances statistical power with resource constraints. It helps detect
meaningful effects while minimizing errors. Understanding these concepts is key to designing effective
experiments and interpreting research findings in biology.

Sampling Methods in Research

Probability Sampling Techniques
+ Simple random sampling
» Each member of the population has an equal chance of being selected
 Often used as a benchmark for other sampling methods
 Ensures unbiased representation of the population
» Requires a complete list of the population
» Systematic sampling
* Individuals are selected from a population at regular intervals after a random starting point
+ Useful when a complete list of the population is available and the population is homogeneous
« Easier to implement than simple random sampling
* May lead to biased results if there is a hidden pattern in the population
« Stratified sampling
+ Population is divided into distinct subgroups (strata) based on specific characteristics
* A random sample is taken from each stratum
* Ensures that all subgroups are represented in the sample
 Useful when the population is heterogeneous and subgroup comparisons are of interest
» Requires knowledge of the population's characteristics to define the strata
* Cluster sampling
* Population is divided into clusters (naturally occurring groups, such as schools or neighborhoods)
* A subset of these clusters is randomly selected

« All individuals within the selected clusters are sampled
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* Cost-effective when the population is geographically dispersed

« Less precise than other probability sampling methods due to potential differences between clusters

Non-Probability Sampling Techniques
» Convenience sampling
* Individuals are selected based on their availability and willingness to participate
« Easy to implement and less time-consuming than probability sampling methods
» May lead to biased results as the sample may not be representative of the population
* Useful for pilot studies or when the population is hard to access
* Purposive sampling
* Individuals are selected based on the researcher's judgment and the study's objectives
+ Useful when targeting a specific subgroup or when the population is hard to access
» Allows for the selection of information-rich cases
* Prone to researcher bias and may not be representative of the population

» Snowball sampling, a type of purposive sampling, involves participants recruiting other participants
from their networks

Sample Size Calculation

Factors Influencing Sample Size
* Desired level of confidence
* Represents the probability that the true population parameter falls within the confidence interval
» Commonly set at 95% (corresponding to a Z-score of 1.96)
* Higher confidence levels require larger sample sizes
* Margin of error
» The maximum acceptable difference between the sample estimate and the true population parameter
» Smaller margins of error require larger sample sizes
« Variability of the population
* Measured by the standard deviation or proportion
* More heterogeneous populations require larger sample sizes to capture the variability
 Expected effect size
» The magnitude of the difference or relationship between variables

» Smaller effect sizes require larger sample sizes to be detected
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Sample Size Formulas for Different Study Designs

* Simple random sample

« Formula: h = (Z?*p* (1 — p))/e?

* N is the sample size

- Z is the Z-score corresponding to the desired confidence level

* P is the estimated proportion of the population with the characteristic of interest
* € is the margin of error

» Comparing two means

« Formula: n = (2 *(Za/2 + Zp)* * 0°)/A?

* N is the sample size per group

+ Z4/2 is the Z-score corresponding to the desired level of significance
« Zp is the Z-score corresponding to the desired power

* U is the standard deviation

« A is the minimum difference to be detected

» Comparing two proportions

* Formula:
n=(Za/2%sqrt(2*p* (1 —p)) + Zg*sqrt(pl * (1 — pl) + p2 * (1 — p2)))?/(pl — p2)?

* N is the sample size per group

* Zo/2 and Zp are as defined above

* P is the average of the two proportions

«P1 and P2 are the proportions in the two groups
» Sample size calculators and statistical software

+» Used to determine the appropriate sample size for more complex study designs (factorial experiments,
repeated measures designs)

* Incorporate additional factors such as the number of groups, the correlation between repeated
measures, and the desired effect size

Sampling Bias and Representativeness

Types of Sampling Bias
+ Selection bias

» Sample is not representative of the population due to the sampling method or the willingness of
individuals to participate

+ Can lead to overestimation or underestimation of population parameters

« Example: Recruiting participants through social media may exclude individuals without internet access
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* Non-response bias

* Occurs when individuals who do not respond to a survey or participate in a study differ systematically
from those who do respond or participate

+ Can affect the generalizability of the results

* Example: Individuals with strong opinions on a topic may be more likely to respond to a survey than
those with neutral opinions

* Volunteer bias
* Occurs when individuals who volunteer to participate in a study differ from those who do not volunteer

 Can lead to biased results, especially if the study involves sensitive topics or requires a significant
time commitment

» Example: Individuals who volunteer for a study on exercise habits may be more health-conscious than
the general population

Assessing Sample Representativeness

» Compare sample characteristics to known population characteristics

» Demographic variables (age, gender, education level)

* Relevant clinical or behavioral characteristics

* Helps identify potential discrepancies between the sample and the population

» Conduct a non-response analysis

» Compare characteristics of respondents and non-respondents

« Identify potential differences that may affect the generalizability of the results

* Example: Comparing the age distribution of survey respondents to that of the target population
* Use probability sampling methods

+ Simple random sampling and stratified sampling are more likely to produce representative samples
than non-probability methods

+ Ensure that all members of the population have a known, non-zero probability of being selected

» Example: Using a random number generator to select participants from a complete list of the
population

Sample Size and Statistical Power

Importance of Adequate Sample Size

+ Ensures sufficient statistical power to detect a true effect or difference when it exists
« Statistical power is the probability of correctly rejecting a false null hypothesis
* Larger sample sizes increase the power of a study to detect a given effect size

» Example: A study with 100 participants may have 80% power to detect a medium effect size, while a
study with 500 participants may have 99% power to detect the same effect size

Fiveable archived study guides Page 38



* Avoids false-negative results (Type Il error)
» Underpowered studies may fail to detect a true effect due to small sample sizes

+ Can lead to the erroneous conclusion that there is no significant difference or relationship between
variables

» Example: A study with 50 participants may fail to detect a true difference in blood pressure between
two treatment groups, even if the difference exists in the population

* Prevents overinterpretation of results
» Overpowered studies may detect statistically significant but practically insignificant effects
 Can lead to the wastage of resources and the overemphasis of minor differences

* Example: A study with 10,000 participants may find a statistically significant difference in weight loss
between two diet groups, even if the difference is only 0.5 pounds

Balancing Type | and Type Il Errors
* Type | error (false positive)
* Rejecting a true null hypothesis
« Commonly set at 5% (a = 0.05)
» Smaller a levels require larger sample sizes
* Type Il error (false negative)
* Failing to reject a false null hypothesis
» Commonly set at 20% (B = 0.20, corresponding to a power of 80%)
» Smaller B levels (higher power) require larger sample sizes
» Adequate sample size determination helps balance the risks of Type | and Type Il errors
* Ensures sufficient power to detect meaningful effects
» Minimizes the chances of false positives

» Example: A study with a sample size of 200 may have a power of 90% to detect a medium effect size,
while maintaining a Type | error rate of 5%

Power Analysis and Study Design
+ Conduct power analysis before the study begins
+» Determine the appropriate sample size based on the desired power, effect size, and significance level
* Helps researchers design more efficient and informative studies
* Ensures that the study has sufficient power to answer the research question
* Use the results of power analysis to guide study design
+ Adjust the sample size, effect size, or significance level as needed

+ Consider the feasibility and cost of recruiting the required number of participants
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* Example: If a power analysis indicates that a sample size of 500 is needed to detect a small effect
size, but recruiting 500 participants is not feasible, researchers may need to adjust their research
question or consider alternative study designs

» Adequate sample size determination leads to more reliable and reproducible results
* Increases the chances of detecting true effects
* Reduces the risk of false positives and false negatives

* Enhances the credibility and generalizability of the study findings

4.2 Principles of experimental design in biology

Experimental design is crucial in biological research, ensuring reliable and meaningful results. Key
principles include clear hypotheses, controlled variables, proper sample sizes, randomization, and
appropriate controls. These elements help minimize bias and maximize the validity of findings.

Various design types, such as completely randomized, randomized block, and factorial designs, offer
different approaches to address research questions. Each design has strengths and limitations, allowing
researchers to choose the most suitable method for their specific study and optimize their experimental
outcomes.

Components of a Biological Experiment

Key Elements of Well-Designed Experiments

* Clear, testable hypothesis based on prior knowledge and observations

* Independent variable (factor being manipulated) and dependent variable (factor being measured)
+ Controlled variables to minimize confounding factors

» Ensures observed effects are due to the independent variable

* Examples: temperature, pH, and nutrient levels in a cell culture experiment

* Proper sample size and replication

+ Ensures statistical significance and reproducibility of results

* Larger sample sizes increase the power to detect true differences between groups

* Randomization of samples

* Minimizes bias and ensures differences between groups are due to the independent variable

» Randomly assigning treatments to experimental units (petri dishes, plots, or animals)

* Appropriate controls

* Positive controls validate the experimental results (known responder to treatment)

» Negative controls account for potential confounding factors (untreated or vehicle-treated group)

* Placebo controls help distinguish treatment effects from psychological factors (inactive substance)
* Blinding

» Minimizes experimenter bias and ensures objectivity in data collection and analysis
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« Single-blind: participants are unaware of the treatment they receive

+ Double-blind: both participants and experimenters are unaware of the treatment assignment
* Proper data collection methods

+ Use of reliable and accurate instruments

+ Consistent and standardized procedures across all experimental units

» Examples: calibrated pipettes, sterile techniques, and validated questionnaires

Experimental Design Types

Completely Randomized, Randomized Block, and Latin Square Designs

» Completely randomized design (CRD)

* Randomly assigns treatments to experimental units

« Each unit has an equal chance of receiving any treatment

« Simple and flexible but may not account for variability among units

» Example: testing the effect of different fertilizers on crop yield

* Randomized block design (RBD)

* Divides experimental units into homogeneous blocks based on a known source of variability
* Treatments are randomly assigned within each block

» Reduces variability and increases precision but requires knowledge of the blocking factor

» Example: testing the effect of different diets on weight loss, with blocks based on age or sex
* Latin square design (LSD)

» Used when there are two known sources of variability

» Treatments are arranged in a square grid, with each treatment appearing once in each row and
column

« Effective for small experiments but becomes complex with increasing numbers of treatments

» Example: testing the effect of different drugs on blood pressure, with rows and columns representing
different time points and subjects

Factorial and Split-Plot Designs
« Factorial design
* Tests multiple factors simultaneously
» Allows for the examination of main effects and interactions between factors
« Efficient and provides a comprehensive understanding of the system
» Can become complex with increasing numbers of factors

» Example: testing the effects of temperature and pH on enzyme activity
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* Split-plot design
» Used when some factors are harder to change than others

» Hard-to-change factors are assigned to main plots, while easier-to-change factors are assigned to
subplots within each main plot

« Useful for agricultural and industrial experiments but may have limited randomization

» Example: testing the effects of irrigation (main plot) and fertilizer (subplot) on crop yield
Designing a Biological Experiment

Developing a Testable Hypothesis and Identifying Variables

« State the biological question and develop a testable hypothesis

* Based on prior knowledge and observations

» Example: "Increasing temperature will increase the rate of photosynthesis in spinach leaves"
« Identify the independent variable (the factor being manipulated)

* Example: temperature (20°C, 25°C, 30°C)

« Identify the dependent variable (the factor being measured)

» Example: rate of photosynthesis (measured by oxygen production)

Selecting an Appropriate Design and Establishing Controls

» Determine the appropriate experimental design
» Based on the research question, available resources, and potential sources of variability

* Example: a completely randomized design with spinach leaves randomly assigned to different
temperature treatments

« Establish a clear protocol for the experiment
* Include methods for manipulating the independent variable and measuring the dependent variable

« Example: using a temperature-controlled growth chamber and measuring oxygen production with an
oxygen electrode

* Determine the necessary sample size and replication
* Ensure statistical significance and reproducibility of results

» Example: using a power analysis to determine the minimum sample size needed to detect a significant
difference in photosynthesis rates

* Include appropriate controls
* Positive control: leaves exposed to optimal temperature for photosynthesis
* Negative control: leaves kept in the dark to prevent photosynthesis

* Placebo control: leaves exposed to ambient temperature without manipulation
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Randomization, Blinding, and Data Collection

* Randomize samples

* Minimize bias and ensure objectivity

» Example: randomly assigning spinach leaves to different temperature treatments
* Implement blinding when possible

* Example: having a separate researcher measure oxygen production without knowledge of the
temperature treatments

* Collect and analyze data using appropriate statistical methods
* Example: using an ANOVA to compare photosynthesis rates across temperature treatments
* Interpret the results in the context of the original hypothesis

» Example: determining if the results support the hypothesis that increasing temperature increases
photosynthesis rate in spinach leaves

Experimental Design Evaluation

Strengths and Limitations of Completely Randomized and Randomized
Block Designs

» Completely randomized design (CRD)

« Strengths:

+ Simple, flexible, and easy to implement

» Provides unbiased estimates of treatment effects

* Limitations:

* Does not account for variability among experimental units

* May reduce precision and require larger sample sizes

» Randomized block design (RBD)

« Strengths:

* Reduces variability and increases precision by blocking

* Provides unbiased estimates of treatment effects

* Limitations:

* Requires knowledge of the blocking factor

* May be less efficient than CRD if blocking is ineffective

Strengths and Limitations of Latin Square and Factorial Designs

« Latin square design (LSD)

« Strengths:
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* Accounts for two known sources of variability

* Provides unbiased estimates of treatment effects

* Limitations:

* Limited to small experiments

* Becomes complex with increasing numbers of treatments
+ Factorial design

« Strengths:

« Efficient and allows for the examination of main effects and interactions between factors
* Provides a comprehensive understanding of the system

+ Limitations:

» Can become complex with increasing numbers of factors

* May require larger sample sizes to detect significant interactions

Strengths and Limitations of Split-Plot Designs
* Split-plot design
« Strengths:
* Useful when some factors are harder to change than others
* Reduces the need for large experimental units
* Example: testing the effects of soil type (main plot) and fertilizer (subplot) on plant growth
* Limitations:
+ Limited randomization, as main plot factors are not randomized within blocks
* May have lower precision for main plot factors due to fewer replicates

* Analysis can be complex due to the nested structure of the design

4.3 Randomization, replication, and blocking in biological experiments

Randomization, replication, and blocking are key tools for designing robust biological experiments. They
help reduce bias, increase reliability, and control variability. By using these techniques, researchers can
draw more accurate conclusions from their studies.

These methods are crucial for ensuring the validity of experimental results. Randomization minimizes bias,
replication improves precision, and blocking controls for known sources of variability. Together, they form
the foundation for sound experimental design in biological research.

Randomization for Bias Reduction

Randomization Process and Purpose

* Randomization is the process of randomly assigning subjects or experimental units to different
treatment groups to minimize the potential for bias in the allocation process
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* The purpose of randomization is to ensure that any differences in the characteristics of the subjects or
experimental units are evenly distributed across the treatment groups, reducing the impact of
confounding factors

* The use of random number generators, coin flips, or other methods of random allocation can be
employed to ensure that the assignment of subjects or experimental units to treatment groups is truly
random (coin flips, random number tables)

Bias and Confounding Factors

* Bias can occur when there are systematic differences between treatment groups that are not due to
the experimental treatment itself, leading to confounding factors that can influence the outcome of the
experiment

» Confounding factors are variables that are associated with both the treatment and the outcome,
making it difficult to determine the true effect of the treatment on the outcome (age, sex, genetic
background)

» Randomization helps to break the association between confounding factors and the treatment,
allowing for a more accurate assessment of the treatment effect

Replication for Reliability

Replication Definition and Benefits

+ Replication refers to the repetition of an experiment or the inclusion of multiple subjects or
experimental units within each treatment group to increase the precision and reliability of the results

* Replication allows for the estimation of experimental error, which is the variability in the response
variable that is not explained by the treatment

* By including multiple replicates within each treatment group, researchers can assess the consistency
of the treatment effect and determine whether the observed differences between treatment groups are
likely to be due to chance or the treatment itself (multiple cell cultures, multiple animals)

Considerations for Replication

» The number of replicates required depends on the variability of the response variable, the magnitude
of the treatment effect, and the desired level of precision and statistical power

« Insufficient replication can lead to inconclusive or misleading results, while excessive replication can
be wasteful of resources and may not provide additional benefit

* Replication helps to reduce the impact of random variation and measurement error on the
experimental results, increasing the power of the study to detect true treatment effects

Blocking for Variability Control

Blocking Technique and Purpose

* Blocking is a technique used to control for known sources of variability in an experiment by grouping
subjects or experimental units that are similar with respect to a particular characteristic

* Blocking helps to reduce the impact of nuisance factors, which are variables that are not of primary
interest but can influence the response variable and increase experimental error
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* By creating homogeneous blocks of subjects or experimental units with respect to the blocking factor,
researchers can remove the variability associated with that factor from the experimental error,
increasing the precision of the treatment comparisons (blocking by age, blocking by genetic strain)

Blocking Factors and Design Considerations

« Common blocking factors in biological experiments include age, sex, genetic background, and
environmental conditions such as temperature, humidity, or light intensity

* The choice of blocking factors should be based on prior knowledge or pilot studies that identify the
most important sources of variability in the response variable

* Randomization is still important within each block to ensure that any remaining variability is evenly
distributed across the treatment groups

» The number of blocks and the size of each block should be balanced with the number of treatment
groups and replicates to ensure adequate statistical power and efficient use of resources (balanced
incomplete block designs)

Validity of Experimental Conclusions

Integration of Design Principles

« Randomization, replication, and blocking are important design principles that work together to
enhance the validity of experimental conclusions by reducing bias, increasing precision, and controlling
for variability

» Randomization helps to ensure that the treatment groups are comparable at the start of the
experiment, reducing the potential for confounding factors to influence the results and increasing the
internal validity of the study

* Replication allows for the estimation of experimental error and the assessment of the consistency and
reliability of the treatment effects, increasing the external validity of the study and the ability to
generalize the results to other populations or settings

Limitations and Considerations

* The effectiveness of randomization, replication, and blocking depends on the proper identification of
potential confounding factors, nuisance variables, and blocking factors, as well as the appropriate
choice of sample size and allocation ratio

* Inadequate or improper use of these design principles can lead to biased or inconclusive results,
reducing the validity of the experimental conclusions and the ability to make sound scientific inferences

* The interpretation of experimental results should always take into account the strengths and
limitations of the study design, including the adequacy of randomization, replication, and blocking, and
the potential for residual confounding or bias

* Blocking helps to remove the impact of known sources of variability from the experimental error,
increasing the precision of the treatment comparisons and the power of the study to detect true
treatment effects
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4.4 Power analysis and effect size estimation

Power analysis and effect size estimation are crucial tools in biological research design. They help
researchers determine the optimal sample size needed to detect meaningful effects, balancing statistical
power with resource constraints and ethical considerations.

Understanding these concepts allows scientists to plan more efficient and reliable studies. By considering
power, effect size, and sample size, researchers can maximize their chances of detecting true effects while
minimizing the risk of false negatives or wasted resources.

Statistical Power and Sample Size

Definition and Relationships

« Statistical power represents the probability of correctly rejecting the null hypothesis when it is false
and detecting a true effect if it exists

» Power is influenced by sample size, effect size, and the significance level (alpha) used in the study
* Increasing any of these factors will increase power

» The power function describes the relationship between power, sample size, and effect size

» Shows how power changes as a function of sample size for a given effect size and significance level
» Underpowered studies have a high risk of Type Il errors (false negatives)

» Overpowered studies may waste resources or raise ethical concerns

» The convention in many fields is to aim for a power of 0.8 or higher

» Meaning an 80% chance of detecting a true effect if it exists

Power Function and Conventions

» The power function is a mathematical relationship that describes how power changes as a function of
sample size, effect size, and significance level

« Allows researchers to determine the sample size needed to achieve a desired level of power for a
given effect size and significance level

* The convention in many fields is to aim for a power of 0.8 or higher

« Balances the risk of Type Il errors with practical considerations such as resources and feasibility
» Underpowered studies (power < 0.8) have a high risk of Type Il errors

* Failing to detect a true effect due to insufficient sample size

» Overpowered studies (power > 0.9) may waste resources or raise ethical concerns

* Exposing more participants than necessary to potential risks or burdens
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Power Analysis for Sample Size

Conducting a Power Analysis

» A power analysis is a statistical procedure used to determine the minimum sample size needed to
detect an effect of a given size with a desired level of power and significance

* Inputs for a power analysis include:

* Desired power level (usually 0.8 or higher)
« Significance level (alpha, usually 0.05)

» Expected effect size

« Statistical test being used

« Effect size measures the magnitude of the difference between groups or the strength of the
relationship between variables

* Choice of effect size should be based on prior research, theoretical considerations, or the minimum
effect size of practical importance

» Power analysis can be conducted using specialized software (G*Power, nQuery) or built-in functions
in statistical packages (pwr package in R)

* The output of a power analysis is the minimum sample size required to achieve the desired power for
the specified effect size and significance level

Effect Size Measures

» Common effect size measures include:
» Cohen's d: Standardized difference between two means, expressed in standard deviation units
* Values of 0.2, 0.5, and 0.8 are considered small, medium, and large effects, respectively

* Pearson's r: Correlation coefficient measuring the strength and direction of the linear relationship
between two variables

* Values range from -1 to +1, with O indicating no correlation

» Odds ratio: Ratio of the odds of an event occurring in one group to the odds of it occurring in another
group

* Values greater than 1 indicate increased odds, while values less than 1 indicate decreased odds

Effect Size Interpretation

Interpreting Effect Sizes

« Effect sizes should be interpreted in the context of the research question, prior literature, and the
biological or practical significance of the findings

« Statistically significant results with small effect sizes may have limited biological or practical
importance

« Large effect sizes may be meaningful even if not statistically significant due to small sample sizes
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* Reporting effect sizes alongside p-values provides a more complete picture of the results

* Facilitates meta-analyses and comparisons across studies

Biological and Practical Significance

« Effect sizes provide information about the magnitude of the difference or relationship, independent of
sample size

* The biological or practical significance of an effect size depends on the context and research question
+ A small effect size may be meaningful in a public health context if it applies to a large population

* A large effect size may be less important if it applies to a rare condition or has limited practical
implications

» Researchers should consider the minimum effect size of interest based on theoretical or practical
considerations

* Helps guide the choice of sample size and interpretation of results

Power vs. Resources

Balancing Power and Resources

» Researchers must balance the desire for high statistical power with practical and ethical
considerations

+ Availability of resources (funding, time)

* Feasibility of recruiting participants

* Potential risks or burdens to subjects

* Increasing sample size to achieve higher power may be limited by:

* Funding constraints

* Time limitations

* Availability of suitable participants (rare conditions, hard-to-reach populations)

« Achieving high power may require exposing more participants to potentially harmful interventions or
withholding beneficial treatments

« Raises ethical concerns

Strategies for Balancing Power and Resources

» Adaptive designs can help balance power and resource constraints
» Group sequential trials allow for early stopping based on interim analyses
» Sample size re-estimation allows for adjustments based on observed effect sizes

* Collaborative efforts can help increase power by pooling resources and participants across research
teams

» Multi-site studies
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+ Data sharing initiatives

* When resource constraints limit the achievable power, researchers should:
* Be transparent about the limitations

* Interpret the results cautiously

* Emphasize the need for replication and meta-analyses to build a more robust evidence base
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Unit 5 — Biological Hypothesis Testing &
Inference

5.1 Null and alternative hypotheses in biological research

Null and alternative hypotheses are the foundation of statistical testing in biology. They help researchers
frame their questions and determine if observed differences are significant or just due to chance.
Understanding these concepts is crucial for designing experiments and interpreting results.

Formulating clear hypotheses is essential for rigorous scientific inquiry. By learning to state null and
alternative hypotheses correctly, choose appropriate tests, and interpret results, biologists can draw
meaningful conclusions from their data and advance our understanding of living systems.

Formulating hypotheses for biological research

Null and alternative hypotheses

+ The null hypothesis (HO) states that there is no significant difference between specified populations, or
that a particular treatment has no effect

» Assumed to be true until statistical evidence nullifies it
* The alternative hypothesis (H1 or Ha) is the opposite of the null hypothesis

« States that there is a significant difference between specified populations, or that a particular
treatment has an effect

* Null and alternative hypotheses are mutually exclusive and exhaustive

* One must be true and the other must be false

Stating hypotheses

* Hypotheses should be stated in terms of population parameters (mean, proportion) and not sample
statistics

* Hypotheses should be clearly defined, testable, and relevant to the research question

» Example: HO: The mean weight of mice treated with a new drug is equal to the mean weight of mice
treated with a placebo

* Example: H1: The proportion of patients who recover from a disease is higher when treated with a
new therapy compared to the standard treatment

One-tailed vs Two-tailed hypotheses

One-tailed (directional) hypotheses

* A one-tailed alternative hypothesis specifies the direction of the difference or effect
« Example: Group A has a higher mean than group B

* Example: The treatment increases the response variable
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* One-tailed tests have more statistical power than two-tailed tests

+ Can only detect differences in one direction

Two-tailed (non-directional) hypotheses

* A two-tailed alternative hypothesis states that there is a difference or effect, but does not specify the
direction

» Example: There is a difference between the means of group A and group B

« Example: The treatment affects the response variable

» The choice between a one-tailed or two-tailed alternative hypothesis depends on:
» The research question

* Prior knowledge

» The consequences of making a Type | or Type Il error

Choosing the right hypothesis test

Factors influencing the choice of hypothesis test

* The research question
* The type of data (nominal, ordinal, interval, or ratio)
» The number of groups or variables

» The assumptions of the test

Common hypothesis tests

* Tests for comparing means:

« t-test (for one or two samples)

* ANOVA (for three or more groups)

* Paired t-test (for dependent samples)

* Tests for comparing proportions:

« z-test (for one or two samples)

+ Chi-square test (for contingency tables)
» Non-parametric tests (when assumptions of parametric tests are violated):
* Mann-Whitney U test

* Wilcoxon signed-rank test

* Kruskal-Wallis test

* Correlation and regression tests

* Examine the relationship between two or more variables
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Interpreting hypothesis test results

P-value and significance level

* The p-value is the probability of observing a test statistic as extreme as, or more extreme than, the
one calculated from the sample data, assuming the null hypothesis is true

* A small p-value (typically < 0.05) indicates strong evidence against the null hypothesis
* The significance level (a) is the threshold for rejecting the null hypothesis, usually set at 0.05

« If the p-value is less than a, the null hypothesis is rejected in favor of the alternative hypothesis

Interpreting results

* Rejecting the null hypothesis suggests that there is a significant difference or effect

* Does not prove that the alternative hypothesis is true

* Failing to reject the null hypothesis does not prove that there is no difference or effect

* The effect size measures the magnitude of the difference or effect and is independent of sample size
» Examples: Cohen's d, eta-squared, Pearson's r

« Confidence intervals provide a range of plausible values for the population parameter and indicate the
precision of the estimate

» Can be used to assess the practical significance of the results
* Results should be interpreted in the context of:

» The research question

* The study design

* The limitations of the study

* The biological significance of the findings

5.2 Type | and Type Il errors, and significance levels

Hypothesis testing is a crucial tool in biostatistics, helping researchers make evidence-based decisions.
Type | and Type Il errors, along with significance levels, play key roles in this process, affecting the
reliability of research findings.

Understanding these concepts is vital for interpreting study results and assessing their implications.
Balancing the risks of false positives and false negatives is essential in various biological contexts, from
medical research to ecological studies.

Type | vs Type Il Errors

Defining Errors in Hypothesis Testing

* Type | error (false positive) occurs when the null hypothesis is rejected when it is actually true

» Concludes there is an effect when there is not
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* Example: Concluding a new drug is effective when it is not better than a placebo

* Type Il error (false negative) occurs when the null hypothesis is not rejected when it is actually false
+ Concludes there is no effect when there actually is one

* Example: Failing to detect a real difference in blood pressure between two groups

» The null hypothesis is the default position that there is no effect or relationship between variables

» Example: There is no difference in mean test scores between two teaching methods

* The alternative hypothesis states that there is an effect or relationship

* Example: There is a difference in mean test scores between two teaching methods

* Hypothesis testing is a statistical method that uses sample data to evaluate two mutually exclusive
statements about a population to determine which statement is best supported by the data

* Involves collecting data from a representative sample and using statistical analysis to make inferences
about the larger population

* Allows researchers to make evidence-based decisions about whether an effect or relationship exists

Significance Level and Type | Errors

Defining Significance Level (Alpha)
* The significance level (alpha) is the probability of making a Type | error if the null hypothesis is true
* Typically set at 0.05, meaning there is a 5% chance of rejecting a true null hypothesis
+ Can be thought of as the maximum acceptable level of risk for a Type | error
» Example: If alpha is 0.05 and the null hypothesis is true, there is a 5% chance of incorrectly rejecting it

* Lowering the significance level decreases the probability of making a Type | error, but increases the
probability of making a Type Il error

* A lower alpha makes it harder to reject the null hypothesis, reducing false positives but increasing
false negatives

» Example: Lowering alpha from 0.05 to 0.01 reduces the chance of a Type | error but increases the
chance of a Type Il error

+ Raising the significance level has the opposite effect

* A higher alpha makes it easier to reject the null hypothesis, increasing false positives but reducing
false negatives

» Example: Raising alpha from 0.05 to 0.10 increases the chance of a Type | error but decreases the
chance of a Type Il error

Understanding P-Values

*» The p-value is the probability of obtaining the observed results or more extreme results, assuming the
null hypothesis is true

* Represents the strength of evidence against the null hypothesis
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* A smaller p-value indicates stronger evidence against the null hypothesis

» Example: A p-value of 0.02 means there is a 2% chance of observing the results or more extreme
results if the null hypothesis is true

« If the p-value is less than the significance level, the null hypothesis is rejected

* The results are considered statistically significant

» Example: If alpha is 0.05 and the p-value is 0.03, the null hypothesis is rejected because 0.03 < 0.05
« If the p-value is greater than or equal to the significance level, the null hypothesis is not rejected

* The results are not considered statistically significant

» Example: If alpha is 0.05 and the p-value is 0.07, the null hypothesis is not rejected because 0.07 >
0.05

Consequences of Errors in Research

Medical and Pharmaceutical Research

* In medical testing, a Type | error may lead to unnecessary treatment or further testing

* Example: Falsely concluding a patient has a disease, leading to unnecessary medication or invasive
procedures

» A Type Il error in medical testing may result in failing to diagnose and treat a condition

« Example: Falsely concluding a patient does not have a disease, leading to a delay in treatment and
potential health complications

+ In pharmaceutical research, a Type | error may lead to releasing an ineffective or harmful drug
« Example: Approving a new drug that is no better than existing treatments or has severe side effects
» A Type Il error in pharmaceutical research may result in not releasing a potentially beneficial drug

* Example: Failing to detect the effectiveness of a new drug, preventing patients from accessing a
potentially life-saving treatment

Ecological and Conservation Research

* In ecological research, a Type | error may lead to unnecessary conservation efforts or regulations

* Example: Falsely concluding a species is endangered, leading to costly protection measures and
restrictions on land use

* A Type Il error in ecological research may result in failing to protect a threatened species or
ecosystem

» Example: Falsely concluding a species is not endangered, leading to a lack of conservation efforts
and potential extinction

» Type | errors in conservation biology can lead to wasted resources and public skepticism

» Example: Allocating funds to protect a species that is not actually at risk, reducing resources available
for truly endangered species
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* Type Il errors in conservation biology can have irreversible consequences

» Example: Failing to detect a decline in a keystone species, leading to a cascade of negative effects on
the ecosystem

Significance Level Selection

Balancing Type | and Type Il Errors

* The choice of significance level should be based on a balance between the consequences of Type |
and Type |l errors in the specific research context

» Researchers must weigh the relative costs and risks of false positives and false negatives
» The optimal significance level may vary depending on the research question and field of study

* A lower significance level (e.g., 0.01) may be appropriate when the consequences of a Type | error
are severe

» Example: In medical research where a false positive could lead to harmful treatment, a lower alpha
reduces the risk of Type | errors

* A higher significance level (e.g., 0.10) may be appropriate when the consequences of a Type |l error
are severe

» Example: In conservation biology where failing to detect a decline in a species could lead to extinction,
a higher alpha reduces the risk of Type Il errors

Conventional and Alternative Approaches

» The conventional significance level of 0.05 is often used as a compromise between the risks of Type |
and Type |l errors

» Widely accepted in many fields as a standard threshold for statistical significance
* Provides a consistent benchmark for comparing results across studies

* However, researchers should carefully consider the specific implications of their study and adjust the
significance level accordingly

» The 0.05 threshold is somewhat arbitrary and may not be appropriate for all research contexts

» Some researchers advocate for using lower significance levels (e.g., 0.005) to reduce false positives
and improve reproducibility

* Alternative approaches, such as confidence intervals and effect sizes, can provide additional
information beyond p-values and significance levels

« Confidence intervals indicate the precision and uncertainty of the estimated effect
« Effect sizes measure the magnitude of the difference or relationship between variables

« Ultimately, the selection of significance level and statistical approach should be justified based on the
research question, study design, and potential consequences of errors

« Transparency in reporting the chosen significance level and the rationale behind it is essential for
interpreting and evaluating research findings
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5.3 t-tests and their applications in biology

T-tests are crucial statistical tools in biology for comparing means between groups or to known values.
They help researchers analyze experimental data, from plant heights to blood pressure changes, under
specific conditions like normality and independence.

Performing t-tests involves using software, interpreting results, and considering assumptions. Researchers
must report findings clearly, including statistics and biological significance, to draw meaningful conclusions
about their hypotheses in various biological contexts.

T-tests for Biological Data

Situations for T-tests in Biology

* T-tests compare means between two groups or a sample mean to a known population mean
« Commonly used in biology to analyze experimental data

* One-sample t-tests compare a sample mean to a known population mean to determine if there is a
significant difference

« Compare the mean height of a sample of plants to the known mean height of the plant species

+ Paired t-tests (dependent samples) compare means from two related groups, such as measuring a
variable before and after treatment on the same subjects

» Compare blood pressure in patients before and after taking a medication
» Two-sample t-tests (independent samples) compare means from two independent groups

» Compare the mean weight of mice on two different diets (high-fat vs. low-fat)

Appropriate Conditions for T-tests

* Response variable is continuous and approximately normally distributed
» Sample size is relatively small (typically less than 30)

* Independence of observations within each group

* Paired t-tests require that the pairs are related or matched

* Homogeneity of variance for two-sample t-tests

+ Variances of the two groups should be approximately equal

Performing T-tests

Using Statistical Software or Calculators
* One-sample t-test: Enter sample data, hypothesized population mean, and significance level (alpha)
* Output includes t-statistic, degrees of freedom, p-value, and confidence interval
* Paired t-test: Enter paired data for each subject or unit and specify significance level

« Software calculates differences between pairs and performs t-test on these differences
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» Two-sample t-test: Enter data for each group separately and specify whether variances are assumed
equal or unequal (Welch's t-test)

* Output includes t-statistic, degrees of freedom, p-value, and confidence interval for the difference
between means

Reporting T-test Results
* Include t-statistic, degrees of freedom, p-value, and confidence interval
* Report means and standard deviations of the groups being compared
* Provide a clear statement of the findings and their biological interpretation

+ Consider the biological significance of the results in addition to statistical significance

T-test Assumptions

Independence

* Observations within each group should be independent of each other
* Paired t-tests require that the pairs are related or matched

* Measurements taken on the same subjects before and after treatment

Normality

+ Data should be approximately normally distributed within each group
» Check using histograms, Q-Q plots, or normality tests (Shapiro-Wilk test)

* For larger sample sizes (n > 30), t-test is robust to moderate violations of normality due to the Central
Limit Theorem

« If data is severely non-normal, consider transforming the data or using a non-parametric alternative

* Wilcoxon signed-rank test or Mann-Whitney U test

Homogeneity of Variance (for two-sample t-tests)

+ Variances of the two groups should be approximately equal
» Check using Levene's test or by comparing the variances directly

« If variances are unequal, use Welch's t-test, which adjusts the degrees of freedom

Outliers

* Check for extreme values that may unduly influence the results

* Investigate the cause of outliers and consider removing them if they are due to measurement error or
other factors unrelated to the research question

* An outlier may be caused by a data entry error or an instrument malfunction
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Interpreting T-test Results

P-value and Statistical Significance

* P-value indicates the probability of observing a difference as extreme as the one found in the sample
data, assuming the null hypothesis is true

» A small p-value (typically < 0.05) suggests that the observed difference is unlikely to have occurred by
chance alone, providing evidence against the null hypothesis

* A p-value of 0.01 indicates a 1% chance of observing the difference if the null hypothesis is true

« Confidence interval for the mean difference provides a range of plausible values for the true difference
in the population

« If the confidence interval does not contain zero, it suggests a significant difference between the means

Biological Significance and Interpretation

+ Consider the biological significance of the findings in addition to the statistical significance

« A statistically significant result may not always be biologically meaningful, depending on the
magnitude of the difference and the context of the research question

» A small difference in plant height may be statistically significant but not biologically relevant
* Use the results of the t-test to draw conclusions about the research question or hypothesis

« If a two-sample t-test comparing the effects of two treatments on plant growth yields a significant
result, conclude that the treatments have different effects on growth

» When reporting the results, include a clear statement of the findings, along with the relevant statistics
(means, standard deviations, t-statistic, p-value, and confidence interval) and the biological
interpretation of the results

5.4 Confidence intervals and estimation

Confidence intervals and estimation are crucial tools in biostatistics, helping researchers gauge the
accuracy of their findings. They provide a range of likely values for population parameters, offering insights
into the precision and reliability of estimates from sample data.

These methods play a key role in hypothesis testing and inference, allowing scientists to draw conclusions
about biological populations. By understanding confidence intervals, researchers can better interpret their
results and make informed decisions about the significance of their findings in various biological contexts.

Confidence Intervals for Parameters

Constructing Confidence Intervals

« Confidence intervals are ranges of values computed from sample statistics that are likely to contain
the true population parameter with a specified level of confidence (95%)

 The general formula for a confidence interval: point estimate + (critical value) x (standard error)
* Point estimate is the sample statistic (mean, proportion)

« Critical value is determined by the confidence level and the sampling distribution
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« Standard error measures the variability of the point estimate

« Confidence intervals can be constructed for various population parameters using appropriate formulas
and assumptions

* Means
* Proportions
» Variances

* Regression coefficients

Interpreting Confidence Intervals

* The interpretation of a confidence interval is based on the confidence level

* A 95% confidence interval means that if the sampling process were repeated many times, about 95%
of the resulting intervals would contain the true population parameter

 Confidence intervals provide a range of plausible values for the population parameter
+ Confidence intervals indicate the precision of the estimate
» Narrower intervals indicate greater precision

 Wider intervals indicate less precision

Confidence Level, Sample Size, and Interval Width

Relationship between Confidence Level and Interval Width

» The confidence level represents the long-run probability that the confidence interval will contain the
true population parameter

* Typically expressed as a percentage (90%, 95%, 99%)
* A higher confidence level results in a wider confidence interval

» Requires a larger critical value from the sampling distribution to capture a greater proportion of
possible values

Relationship between Sample Size and Interval Width

* The width of a confidence interval is inversely related to the sample size

« Larger sample sizes generally lead to narrower confidence intervals

* Provide more precise estimates of the population parameter

* The standard error decreases as the sample size increases, resulting in a narrower interval
* The relationship between sample size and the width of a confidence interval is not linear

« Doubling the sample size reduces the width by a factor of /2, not by half
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Confidence Intervals for Estimation and Inference

Estimating Effect Sizes with Confidence Intervals

« Effect sizes can be estimated using confidence intervals
« Difference between two means
« Strength of a correlation

* A confidence interval for an effect size provides a range of plausible values for the true population
effect

+ Allows researchers to assess the magnitude and precision of the observed effect

* When a confidence interval for an effect size includes zero, it suggests that the observed effect may
not be statistically significant or meaningfully different from zero in the population

Making Inferences about Population Parameters with Confidence
Intervals

+ Confidence intervals can be used to make inferences about population parameters by examining
whether a hypothesized value falls within the interval

« If a hypothesized population parameter value lies outside the confidence interval, it suggests that the
hypothesized value is not supported by the data at the specified confidence level

+ Confidence intervals can be used to estimate population parameters
* Disease prevalence
* Treatment effects

+ Confidence intervals can be used to compare groups or conditions

Confidence Intervals vs Hypothesis Tests

Similarities between Confidence Intervals and Hypothesis Tests

* Both are inferential statistical methods used to make conclusions about population parameters based
on sample data

+ Both provide information about the statistical significance of an effect

Differences between Confidence Intervals and Hypothesis Tests

* Hypothesis tests provide a decision rule for rejecting or failing to reject a null hypothesis based on the
probability (p-value) of observing the sample data or more extreme results if the null hypothesis were
true

» Confidence intervals estimate a range of plausible values for a population parameter with a specified
level of confidence

* Allow researchers to assess the precision and magnitude of an effect

* Hypothesis tests focus on the statistical significance of an effect, while confidence intervals emphasize
the practical significance by providing an estimate of the effect size

Fiveable archived study guides Page 61



» Confidence intervals can be used in conjunction with hypothesis tests to provide additional information
about the magnitude and precision of an effect, even when the hypothesis test results in a failure to
reject the null hypothesis

Applications in Biological Research

* In biological research, confidence intervals are particularly useful for estimating population parameters
and comparing groups or conditions

* Hypothesis tests are commonly used for decision-making and testing specific research questions in
biological research

Fiveable archived study guides Page 62



Unit 6 — ANOVA for Biological
Experiments

6.1 One-way ANOVA and its assumptions

One-way ANOVA is a powerful tool for comparing means across multiple groups in biological experiments.
It helps researchers determine if there are significant differences between group means, making it useful
for analyzing treatment effects or environmental impacts on organisms.

Understanding the assumptions of one-way ANOVA is crucial for proper application. These include
independence of observations, normality of data distribution, homogeneity of variances, and absence of
outliers. Violating these assumptions may require data transformation or alternative statistical methods.

One-way ANOVA in Research

Purpose and Application

» One-way Analysis of Variance (ANOVA) is a statistical method used to compare means of three or
more groups or levels of an independent variable

» Determines whether there are any statistically significant differences between the means of these
groups

« Commonly used in biological research to analyze data from experiments with a single categorical
independent variable (factor) and a continuous dependent variable (outcome)

* Examples of applications in biological research:
» Comparing the effectiveness of different treatments
* Assessing the impact of various environmental conditions on organism growth

« Evaluating differences in gene expression levels across multiple cell types

Hypothesis Testing

* One-way ANOVA tests the null hypothesis that the population means of all groups are equal against
the alternative hypothesis that at least one group mean is different from the others

* Produces an F-statistic, which is the ratio of the between-group variability to the within-group
variability

* A larger F-statistic indicates a greater likelihood that the null hypothesis is false and that significant
differences exist among the group means

» The p-value associated with the F-statistic determines whether the null hypothesis is rejected or not at
a specified significance level (usually a = 0.05)

« If the p-value is less than the significance level, the null hypothesis is rejected, and it is concluded that
there are significant differences among the group means
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Assumptions of One-way ANOVA

Independence and Normality

* Independence: Observations within each group should be independent of each other

» The value of one observation does not influence the value of another observation within the same
group

* Normality: The dependent variable should be approximately normally distributed within each group

» Can be assessed using graphical methods (histograms, Q-Q plots) or statistical tests (Shapiro-Wilk
test, Kolmogorov-Smirnov test)

* Moderate departures from normality are generally tolerated, especially with larger sample sizes, due
to the Central Limit Theorem

Homogeneity of Variances and Oultliers

* Homogeneity of variances: The variance of the dependent variable should be approximately equal
across all groups (homoscedasticity)

» Can be assessed using graphical methods (residual plots) or statistical tests (Levene's test, Bartlett's
test)

« |f violated, alternative tests such as Welch's ANOVA or the Kruskal-Wallis test can be used

* No significant outliers: There should be no extreme values in the data that could substantially
influence the results

* QOutliers can be identified using graphical methods (boxplots) or statistical methods (Z-scores, Tukey's
method)

« If assumptions are violated, it may be necessary to transform the data (log transformation, square root
transformation) to meet the assumptions or consider using non-parametric alternatives (Kruskal-Wallis
test)

Interpreting One-way ANOVA Results
ANOVA Output and Post-hoc Tests

* The one-way ANOVA output typically includes degrees of freedom (df), sum of squares (SS), mean
squares (MS), F-statistic, and p-value for both the between-group and within-group sources of variation

« If the p-value associated with the F-statistic is less than the chosen significance level (usually a =
0.05), reject the null hypothesis and conclude that there are significant differences among the group
means

« If the null hypothesis is rejected, post-hoc tests can be conducted to determine which specific group
means differ significantly from each other

* Post-hoc tests (Tukey's HSD, Bonferroni correction) control the familywise error rate, which is the
probability of making at least one Type | error (false positive) when conducting multiple pairwise
comparisons
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Reporting and Interpreting Results

* Report the results of the one-way ANOVA, including the F-statistic, degrees of freedom, p-value, and
effect size (eta-squared, omega-squared)

* Interpret these results in the context of the research question and hypotheses
« Consider the practical significance of the findings in addition to the statistical significance

« Even if the one-way ANOVA results are statistically significant, the differences among group means
may not be large enough to be practically meaningful or relevant in the given context

+ Be cautious when drawing causal conclusions from a one-way ANOVA, as this analysis only
establishes whether there are significant differences among group means, but does not prove causality

* Other factors or confounding variables may be responsible for the observed differences

One-way ANOVA vs Other Methods
When to Use One-way ANOVA

* Appropriate when the research question involves comparing means of a continuous dependent
variable across three or more levels of a single categorical independent variable (factor)

» The independent variable should be categorical and have at least three levels or groups
« If there are only two levels, an independent samples t-test would be more appropriate
» The dependent variable should be continuous and measured on an interval or ratio scale

« If the dependent variable is categorical or ordinal, other statistical methods (chi-square test,
Kruskal-Wallis test) should be used

« Suitable for both experimental and observational studies, provided that the assumptions of
independence, normality, and homogeneity of variances are reasonably met

Alternatives to One-way ANOVA

» One-way ANOVA is not appropriate when there are multiple independent variables or when the
relationship between the independent and dependent variables is not expected to be linear

* In such cases, other methods should be considered:

» Two-way ANOVA: When there are two independent variables (factors) and their interaction effects
need to be examined

« ANCOVA: When there are one or more continuous covariates that need to be controlled for while
comparing group means

* Multiple regression: When the relationship between multiple independent variables and a continuous
dependent variable needs to be modeled and predicted

6.2 Two-way ANOVA and factorial designs

Two-way ANOVA and factorial designs are powerful tools in biostatistics. They allow researchers to study
how multiple factors affect biological outcomes simultaneously, revealing both individual and combined
effects of variables on experimental results.

Fiveable archived study guides

Page 65



This approach is crucial for understanding complex biological systems. By examining main effects and
interactions, scientists can uncover nuanced relationships between factors, leading to more
comprehensive insights into biological processes and potential treatment strategies.

Factorial Designs in Biology

Principles of Factorial Designs

+ Factorial designs involve manipulating two or more independent variables (factors) simultaneously to
study their individual and combined effects on a dependent variable

« Each factor has two or more levels, and all possible combinations of factor levels are tested

« Allows researchers to examine main effects (the effect of each individual factor on the dependent
variable) and interaction effects (the combined effect of two or more factors on the dependent variable)

« Particularly useful in biological experiments where multiple factors may influence the outcome
(studying the effects of different treatments, environmental conditions, or genetic variations on an
organism's response)

Advantages of Factorial Designs

« Efficiency: testing multiple factors in a single experiment

* Reduces the number of experiments needed compared to testing each factor separately
« Saves time, resources, and reduces the number of subjects or samples required

* Ability to detect interaction effects between factors

* Interactions occur when the effect of one factor depends on the level of another factor

* Factorial designs can reveal these complex relationships that might be missed in single-factor
experiments

* Increased generalizability of results

* By testing all combinations of factor levels, factorial designs provide a more comprehensive
understanding of the factors' effects

* Results can be applied to a wider range of conditions or populations

Two-way ANOVA for Factorial Designs
Setting up Two-way ANOVA Models

» Two-way ANOVA is a statistical method used to analyze data from factorial designs with two
independent variables (factors) and one dependent variable

* The two factors are typically referred to as Factor A and Factor B, each with two or more levels

+ Data should be organized in a table with factors as rows and columns, and the dependent variable
values in each cell

* The null hypothesis states that there is no significant difference in the means of the dependent
variable across the levels of Factor A, Factor B, or their interaction
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* The alternative hypothesis suggests that at least one of the factors or their interaction has a significant
effect on the dependent variable

Interpreting Two-way ANOVA Results

* The two-way ANOVA calculates the sum of squares, degrees of freedom, mean squares, and F-ratios
for each factor, their interaction, and the error term

* F-ratios are compared to the critical F-values at a chosen significance level (a = 0.05) to determine the
statistical significance of the main effects and interaction

« If a significant main effect or interaction is found, post-hoc tests (Tukey's HSD) can be used to
determine which specific group means differ significantly from each other

« Interpreting the results involves examining the main effects and interaction effects

+ A significant main effect for a factor indicates that the means of the dependent variable differ
significantly across the levels of that factor, regardless of the levels of the other factor

+ A significant interaction effect suggests that the combined effect of the two factors on the dependent
variable is not additive and cannot be explained by the main effects alone

Main Effects and Interactions

Understanding Main Effects

+» Main effects in a two-way ANOVA represent the individual effects of each factor on the dependent
variable, averaged across the levels of the other factor

* A significant main effect for Factor A indicates that the means of the dependent variable differ
significantly across the levels of Factor A, regardless of the levels of Factor B

* A significant main effect for Factor B indicates that the means of the dependent variable differ
significantly across the levels of Factor B, regardless of the levels of Factor A

Interaction Effects

* An interaction effect occurs when the effect of one factor on the dependent variable depends on the
level of the other factor

» The combined effect of the two factors on the dependent variable is not additive and cannot be
explained by the main effects alone

« Interaction plots can be used to visualize the presence or absence of an interaction effect
* Plots the means of the dependent variable for each combination of factor levels

« Parallel lines in an interaction plot indicate no interaction effect, while non-parallel or crossing lines
suggest the presence of an interaction effect

Applying Two-way ANOVA to Research

Suitable Research Questions

» Two-way ANOVA can be applied to various biological research questions involving the effects of two
factors on a continuous dependent variable
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* Investigating the effects of different drug treatments and dosages on the growth of bacterial cultures
» Examining the influence of temperature and humidity on the germination rate of plant seeds

+ Assessing the impact of diet and exercise on blood glucose levels in a population

Assumptions and Considerations

* When applying two-way ANOVA to real-world datasets, researchers should ensure that the
assumptions of the test are met

+ Independence of observations, normality of residuals, and homogeneity of variances

« If assumptions are violated, data transformations or non-parametric alternatives (Friedman's test) may
be considered

* Interpreting results in the context of the research question
* Consider the biological significance of the findings alongside statistical significance

* Report results using appropriate statistical language (F-ratios, degrees of freedom, p-values, and
effect sizes) and a clear description of the main effects and interactions found

6.3 Repeated measures ANOVA

Repeated measures ANOVA is a powerful tool in biological research, letting scientists track changes in the
same subjects over time or across conditions. It's great for studying drug effects, physiological changes, or
behavioral patterns, offering more statistical power with fewer subjects.

This method shines in biology by reducing individual variability and increasing efficiency. However, it
comes with challenges like order effects and strict data requirements. Understanding its strengths and
limitations helps researchers design better experiments and interpret results accurately.

Repeated Measures ANOVA in Biology

Concept and Applications

* Repeated measures ANOVA is a statistical method used to analyze data from studies where the same
subjects are measured multiple times under different conditions or at different time points

* Particularly useful in biological studies where researchers are interested in comparing the effects of
different treatments or interventions on the same individuals over time

» Can be used to analyze data from various biological fields where the focus is on changes within
subjects rather than differences between groups

» Pharmacology (drug efficacy)
+ Physiology (changes in blood pressure)
* Behavioral studies (learning and memory)

« Accounts for the variability within subjects, reducing the impact of individual differences on the overall
results

» Requires fewer subjects compared to other designs, as each subject serves as their own control

« Beneficial in studies with limited resources
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» Advantageous when recruiting subjects is challenging (rare diseases)

Advantages vs Limitations of Repeated Measures ANOVA

Advantages

* Increased statistical power compared to other designs, as it reduces the variability caused by
individual differences

* More efficient than other designs, requiring fewer subjects to detect significant differences between
conditions or time points

* Allows for the examination of both between-subject and within-subject effects, providing a more
comprehensive understanding of the data

* Reduces the impact of confounding variables, as each subject serves as their own control

Limitations

« Sensitive to order effects, such as practice or fatigue, which can influence the results if not properly
controlled

» Counterbalancing the order of conditions can help mitigate this issue

» Assumes sphericity, meaning the variances of the differences between all pairs of conditions or time
points are equal

* Violations of this assumption can lead to inflated Type | error rates
« Corrections (Greenhouse-Geisser or Huynh-Feldt) can be applied to adjust for violations

» May not be suitable for studies with high dropout rates or missing data, as it requires complete data
from all subjects across all conditions or time points

* Repeated testing may lead to habituation or sensitization effects, potentially confounding the results

Interpreting Repeated Measures ANOVA Results
Key Output and Interpretation

» Main output includes the F-statistic, degrees of freedom, and p-value for the overall effect of the
within-subject factor (time or condition)

* A significant F-statistic indicates differences between the means of the conditions or time points,
rejecting the null hypothesis of equal means

* Post-hoc tests, such as pairwise comparisons or contrasts, can be used to determine which specific
conditions or time points differ significantly from each other

« Bonferroni correction is often used to adjust for multiple comparisons

« Effect sizes, such as partial eta-squared or Cohen's d, should be reported to quantify the magnitude of
the differences between conditions or time points

« Partial eta-squared: proportion of variance in the dependent variable explained by the within-subject
factor

» Cohen's d: standardized difference between two means
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Interaction Effects and Assumptions

* Interaction effects between the within-subject factor and any between-subject factors (treatment
groups) should be examined

» Determines if the effect of the within-subject factor differs across levels of the between-subject factor

» Assumptions of repeated measures ANOVA should be checked and reported, along with any
corrections applied

* Normality: residuals should be normally distributed

* Homogeneity of variances: variances should be equal across groups

+ Sphericity: variances of the differences between all pairs of conditions or time points should be equal
» Mauchly's test can be used to assess sphericity

» Greenhouse-Geisser or Huynh-Feldt corrections can be applied for violations

Designing Repeated Measures ANOVA Studies

Research Question and Design

« Identify the research question and hypotheses, specifying the independent variables (within-subject
and between-subject factors) and the dependent variable

* Example research question: Does a new drug improve memory performance over time in patients with
Alzheimer's disease compared to a placebo?

« Within-subject factor: time (baseline, 1 month, 3 months)
» Between-subject factor: treatment (drug vs. placebo)
» Dependent variable: memory performance score

+» Determine the number of conditions or time points for the within-subject factor and the number of
levels for any between-subject factors

« Calculate the required sample size based on the desired power, effect size, and number of conditions
or time points, taking into account the increased statistical power of the repeated measures design

» G*Power or other statistical software can be used for sample size calculations

Data Collection and Analysis

* Recruit participants and randomly assign them to between-subject factor levels (if applicable)

* Collect data from each participant under all conditions or time points, ensuring that the order of
presentation is counterbalanced to minimize order effects

« Example: half of the participants receive the conditions in the order A-B-C, while the other half receive
them in the order C-B-A

« Enter the data into a statistical software package (SPSS, R, or SAS) and specify the repeated
measures ANOVA model, including the within-subject factor, any between-subject factors, and the
dependent variable

Fiveable archived study guides Page 70



* Run the analysis and interpret the results, reporting the F-statistic, p-value, effect sizes, and post-hoc
tests as appropriate

* Discuss the implications of the findings for the research question and hypotheses, considering the
limitations of the study and potential future directions

* Example limitation: the study only included patients with mild Alzheimer's disease, so the results may
not generalize to more severe cases

« Example future direction: investigate the long-term effects of the drug on memory performance
beyond 3 months

6.4 Post-hoc tests and multiple comparisons

When conducting ANOVA, post-hoc tests help pinpoint which group means differ significantly. These tests
are crucial when the overall F-test shows differences exist, but doesn't specify where. They're essential for
maintaining accuracy in multiple comparisons.

Post-hoc tests adjust for increased Type | error risk when comparing multiple groups. By controlling the
familywise error rate or false discovery rate, they ensure the overall significance level stays at the desired
0.05. This balance between finding differences and avoiding false positives is key in biological
experiments.

Post-Hoc Tests in ANOVA
The Need for Post-Hoc Tests

* Post-hoc tests are used in ANOVA when the overall F-test is significant, indicating that at least one
group mean differs from the others

+ Post-hoc tests identify which specific group means are significantly different from each other

* Multiple comparisons arise when performing multiple hypothesis tests simultaneously on the same
data set

* In ANOVA, this occurs when comparing more than two group means

* The use of post-hoc tests and multiple comparison adjustments is necessary to maintain the desired
Type | error rate (usually a = 0.05) across all comparisons

 Without these adjustments, the probability of making a Type | error increases with the number of
comparisons performed

Multiple Comparisons and Type | Error

* Multiple comparisons occur when conducting multiple hypothesis tests on the same data set
simultaneously

 Each additional comparison increases the likelihood of making a Type | error (rejecting a true null
hypothesis)

* The familywise error rate (FWER) is the probability of making at least one Type | error across all
comparisons

* Controlling the FWER ensures that the overall Type | error rate is maintained at the desired level
(0.05)
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* Post-hoc tests and multiple comparison adjustments are crucial for maintaining the desired Type |
error rate in ANOVA with multiple group means

» These methods adjust the significance level for each comparison to account for the increased risk of
Type | errors

Choosing Post-Hoc Tests

Common Post-Hoc Tests for One-Way ANOVA

* Tukey's Honestly Significant Difference (HSD) test is a commonly used post-hoc test for one-way
ANOVA

« Controls the familywise error rate and is appropriate when sample sizes are equal and all pairwise
comparisons are of interest

+ Calculates the minimum difference between group means required for significance, based on the
studentized range distribution

+ Bonferroni correction is a simple and conservative method for adjusting the significance level for
multiple comparisons

« The adjusted significance level is calculated as a/m, where M is the number of comparisons

+ Can be applied to various ANOVA designs, but may be overly conservative when the number of
comparisons is large

* Dunnett's test is used when comparing each treatment group to a control group in a one-way ANOVA

+ Maintains the familywise error rate and is more powerful than the Bonferroni correction for this specific
comparison type

« Calculates critical values based on the multivariate t-distribution

« Scheffe's test is a conservative post-hoc test that can be used for all possible contrasts in a one-way
ANOVA, not just pairwise comparisons

* Appropriate when the number of comparisons is large or when the comparisons are not planned in
advance

* Uses the F-distribution to calculate critical values, making it more conservative than other methods

Post-Hoc Tests for Factorial ANOVA

* For factorial ANOVA designs, post-hoc tests such as Tukey's HSD or Bonferroni correction can be
applied to main effects or simple effects when the corresponding F-test is significant

» Main effects compare the means of each level of a factor, averaged across all levels of the other
factor(s)

 Simple effects compare the means of one factor at a specific level of another factor

» When interpreting post-hoc tests in factorial ANOVA, consider the presence of interactions between
factors

« If a significant interaction exists, focus on interpreting simple effects rather than main effects

+ Adjust the significance level for the number of comparisons within each main effect or simple effect
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* For example, in a 2x3 factorial ANOVA, there are 3 comparisons for the main effect of the factor with 3
levels, and 2 comparisons for each simple effect of one factor at each level of the other factor

Interpreting Post-Hoc Results

Understanding Adjusted P-Values and Significance

* Post-hoc test results are typically presented as adjusted p-values for each pairwise comparison

» A comparison is considered statistically significant if the adjusted p-value is less than the chosen
significance level (0.05)

* Adjusted p-values account for the multiple comparisons performed, ensuring that the familywise error
rate or false discovery rate is controlled

* The specific adjustment method (Bonferroni, Holm-Bonferroni, Tukey's HSD, etc.) should be reported
along with the results

Practical Significance and Confidence Intervals

» When interpreting post-hoc test results, it is essential to consider the practical significance of the
observed differences in addition to statistical significance

» The magnitude of the differences between group means and the context of the research question
should be taken into account

* A statistically significant difference may not always be practically meaningful or relevant

+ Confidence intervals for the difference between group means can provide additional information about
the precision and practical significance of the observed differences

» A 95% confidence interval that does not contain zero indicates a statistically significant difference at
the 0.05 level

» The width of the confidence interval reflects the precision of the estimated difference, with narrower
intervals indicating greater precision

Drawing Valid Conclusions

* When drawing conclusions based on post-hoc tests, researchers should be cautious about making
claims that extend beyond the specific comparisons tested and the study's design limitations

* Post-hoc tests provide information about pairwise differences between group means, but do not
establish causal relationships or generalize beyond the study sample

« Consider the context of the research question, the study design, and any potential confounding
variables when interpreting post-hoc test results

« Differences between group means may be attributed to factors other than the independent variable of
interest

* Be transparent about the post-hoc tests performed, the adjustment methods used, and any limitations
or assumptions of the analysis

* Clearly state which comparisons were planned a priori and which were conducted post-hoc
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Controlling Type | Error in ANOVA
Familywise Error Rate (FWER) Control Methods

* The familywise error rate (FWER) is the probability of making at least one Type | error across all
comparisons

* Controlling the FWER ensures that the overall Type | error rate is maintained at the desired level
(0.05)

» The Bonferroni correction is a simple method for controlling the FWER by dividing the desired
significance level by the number of comparisons

» While conservative, it can be applied to various ANOVA designs and post-hoc tests

- The adjusted significance level is a/m, where @ is the desired familywise error rate and m is the
number of comparisons

» The Holm-Bonferroni method is a step-down procedure that offers more power than the standard
Bonferroni correction while still controlling the FWER

« It sequentially adjusts the significance level for each comparison based on the rank of the
corresponding p-value

+ Begin with the smallest p-value and compare it to @/(m — i+ 1) where i is the rank of the p-value,
and proceed until a non-significant result is obtained

False Discovery Rate (FDR) Control Methods

* The false discovery rate (FDR) is an alternative to the FWER that controls the expected proportion of
false positives among all significant results

* The FDR is less conservative than FWER-controlling methods and may be preferred when a higher
number of false positives is acceptable in exchange for increased power

» The Benjamini-Hochberg procedure is a popular method for controlling the FDR
* Sort the p-values from smallest to largest and assign ranks (/) to each p-value

« Compare each p-value to (i/M)q, where M is the total number of comparisons and 9 is the desired
FDR level

« The largest p-value that satisfies £i=(i//m)q and all smaller p-values are considered significant

Choosing a Multiple Comparison Adjustment Method

» When selecting a multiple comparison adjustment method, researchers should consider factors such
as:

* The desired balance between Type | and Type Il error rates
* The number and type of comparisons (pairwise, many-to-one, etc.)
* The specific research question and study design

» The assumptions and limitations of each method
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* In general, FWER-controlling methods (Bonferroni, Holm-Bonferroni, Tukey's HSD) are more
conservative and prioritize controlling Type | errors

» These methods are appropriate when the cost of a Type | error is high or when the number of
comparisons is relatively small

* FDR-controlling methods (Benjamini-Hochberg) are less conservative and prioritize maintaining power
while controlling the proportion of false positives

» These methods may be preferred when the cost of a Type Il error is high, when the number of
comparisons is large, or when some false positives are acceptable in exchange for increased power
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Unit 7 — Correlation and Linear
Regression in Biology

7.1 Correlation analysis and interpretation

Correlation analysis is a powerful tool in biology, helping researchers uncover relationships between
variables. From metabolic rates to gene expression, it's used to identify patterns and generate hypotheses.
However, it's crucial to remember that correlation doesn't equal causation.

Pearson's correlation coefficient quantifies the strength and direction of linear relationships between
variables. While it's a valuable metric, interpreting results requires careful consideration of context, sample
size, and potential confounding factors. Understanding correlation's strengths and limitations is key to
applying it effectively in biological research.

Correlation in Biology

Concept and Applications

« Correlation is a statistical measure describing the strength and direction of the linear relationship
between two quantitative variables

* The correlation coefficient ranges from -1 to +1

+ -1 indicates a perfect negative correlation

« +1 indicates a perfect positive correlation

+ 0 indicates no correlation

« Correlation analysis explores relationships between variables in biological research
* Relationship between body mass and metabolic rate

* Relationship between gene expression levels and disease severity

« Correlation analysis generates hypotheses for further investigation but does not establish causality
between variables

* Applications of correlation in biological research
« Identifying potential biomarkers for diseases (prostate-specific antigen for prostate cancer)
* Assessing the effectiveness of treatments (tumor size reduction after chemotherapy)

» Understanding relationships between environmental factors and biological processes (temperature
and plant growth rate)

Pearson's Correlation Coefficient

Calculation and Interpretation
» Pearson's correlation coefficient (r) measures the linear relationship between two continuous variables

* The formula for calculating Pearson's correlation coefficient is:
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e r=(Z(x = X)y = YDIV(Z(x = X)?Z(y — ¥)?)

» x and y are the two variables

* X and y are their respective means

* The sign of the correlation coefficient indicates the direction of the relationship

* Positive r value suggests a positive linear relationship (height and weight)

* Negative r value suggests a negative linear relationship (age and lung capacity)

» The magnitude of the correlation coefficient indicates the strength of the linear relationship
* Values closer to -1 or +1 suggest a stronger linear relationship

* Values closer to 0 suggest a weaker linear relationship

* The coefficient of determination (r?) represents the proportion of variance in one variable explained by
the other variable

* Ranges from 0 to 1

« Higher values indicate a stronger predictive relationship between the variables

Considerations for Interpretation

* When interpreting Pearson's correlation coefficient, consider the context of the data, sample size, and
potential confounding variables that may influence the relationship

+ Correlation coefficients should be reported with their associated p-values to assess statistical
significance

* The strength of the correlation should be interpreted based on the research question and the
biological context

* A weak correlation (r = 0.2) may be meaningful in a large ecological study

* A strong correlation (r = 0.8) may not be clinically relevant if the relationship is already
well-established

* Correlation coefficients should not be used to compare the strength of relationships across different
studies or datasets due to differences in sample characteristics and measurement scales

Correlation Analysis: Strengths vs Limitations

Strengths
+ Quantifies the relationship between two variables
« Useful in generating hypotheses for further research
* Relatively simple calculation and interpretation
+ Valuable tool for exploring relationships in large datasets (gene expression data, ecological surveys)

Limitations

« Cannot establish causality between variables
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« Correlation may be due to a third variable (confounding factor) influencing both variables under study

» Assumes a linear relationship between variables, which may not always be the case in biological
systems

* Non-linear relationships may be overlooked or misinterpreted

« Sensitive to outliers, which are extreme values that deviate substantially from the overall trend
* QOuitliers should be carefully examined and addressed if necessary

* Sensitive to the range of values in the dataset

* A restricted range can lead to an underestimation of the true correlation

» A wide range can lead to an overestimation

Correlation vs Causation

Distinguishing Between Correlation and Causation

« Correlation refers to the statistical relationship between two variables
» Causation implies that one variable directly influences or causes changes in another variable
* A correlation between two variables does not necessarily imply causation

* The relationship may be due to a third variable (confounding factor) that affects both variables under
study

« Establishing causation often requires well-designed experiments that control for potential confounding
variables and manipulate the independent variable to observe its effect on the dependent variable

Examples of Correlations without Causation in Biology

* Relationship between ice cream sales and shark attacks (both influenced by summer weather)

+ Relationship between coffee consumption and reduced risk of Parkinson's disease (may be due to a
common genetic factor)

* Relationship between shoe size and reading ability in children (both related to age and development)

Supporting Causal Inferences

+ Consider the temporal relationship between variables (the cause must precede the effect)
+ Assess the consistency of the relationship across studies

+ Evaluate the presence of a dose-response relationship

» Determine the biological plausibility of the proposed causal mechanism

* When interpreting correlations in biological contexts, researchers should be cautious about making
causal claims and instead use correlations as a starting point for generating hypotheses and designing
experiments to test causal relationships
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7.2 Simple linear regression model and assumptions

Simple linear regression is a powerful tool in biology for understanding relationships between variables. It
models how one variable predicts another, like how temperature affects growth rate or body size influences
metabolic rate.

This method finds the best-fitting line to describe data, estimating coefficients and testing assumptions. It's
crucial for analyzing biological phenomena, from nutrient effects on plants to habitat size impacts on
species diversity.

Simple Linear Regression Principles

Overview of Simple Linear Regression

« Simple linear regression is a statistical method used to model the linear relationship between two
continuous variables

* One variable (the predictor or independent variable) is used to predict the value of another variable
(the response or dependent variable)

*» The goal of simple linear regression is to find the best-fitting straight line that describes the
relationship between the predictor and response variables

* This line minimizes the sum of squared differences between the observed and predicted values

Applications in Biology
« Simple linear regression can be applied to various scenarios in biology
* Predicting the growth rate of an organism based on temperature
« Estimating the relationship between body size and metabolic rate
+ Analyzing the correlation between gene expression levels and disease severity
* Examples of simple linear regression in biology include
* Modeling the effect of nutrient concentration on plant growth
« Examining the relationship between habitat size and species diversity

* Investigating the impact of environmental factors on population dynamics

Linear Regression Model Formulation

Model Equation
« The simple linear regression model is represented by the equation: ¥ = Bo + Bix + €
+ Y is the response variable
* X is the predictor variable
« Bo is the y-intercept
« B1 is the slope

» &€ is the random error term
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* The y-intercept (,30) represents the expected value of the response variable when the predictor
variable is zero

* The slope (l31) represents the change in the response variable for a one-unit increase in the predictor
variable

Error Term and Coefficient of Determination

» The random error term (€) accounts for the variability in the response variable that cannot be
explained by the linear relationship with the predictor variable

* |t is assumed to have a mean of zero and a constant variance

* The coefficient of determination (R?) measures the proportion of the total variation in the response
variable that is explained by the linear relationship with the predictor variable

« It ranges from 0 to 1, with higher values indicating a stronger linear relationship

* For example, an R? of 0.8 means that 80% of the variability in the response variable can be explained
by the linear relationship with the predictor variable

Assumptions of Linear Regression

Linearity and Independence

* Linearity: The relationship between the predictor and response variables should be linear

* This can be assessed by examining a scatterplot of the data points and checking for a straight-line
pattern

* Deviations from linearity may indicate the need for data transformation or the use of a different
regression model

* Independence: The observations should be independent of each other

*» The value of one observation should not be influenced by or related to the values of other
observations

* Violation of independence can lead to biased estimates and incorrect inferences

Homoscedasticity and Normality

» Homoscedasticity: The variability of the response variable should be constant across all levels of the
predictor variable

* This can be checked by examining a plot of the residuals against the predicted values, which should
show a random scatter without any systematic patterns

* Heteroscedasticity (non-constant variance) can be addressed through data transformation or the use
of weighted least squares

» Normality: The residuals (differences between the observed and predicted values) should be normally
distributed

* This can be assessed using a histogram or a normal probability plot of the residuals

» Non-normality of residuals may indicate the need for data transformation or the use of non-parametric
regression methods
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Multicollinearity

* In simple linear regression, there is only one predictor variable, so multicollinearity is not a concern

» However, in multiple linear regression, the predictor variables should not be highly correlated with
each other

 High multicollinearity can lead to unstable coefficient estimates and difficulty in interpreting the
individual effects of predictor variables

* Multicollinearity can be detected using correlation matrices or variance inflation factors (VIF)

Coefficient Estimation and Interpretation

Estimation of Coefficients

* The coefficients of the simple linear regression model (,30 and ,31) can be estimated using the method
of least squares

* This method minimizes the sum of squared residuals

* The estimated y-intercept (BO) and slope (Bl) are obtained from the sample data and are used to
construct the fitted regression line: Y =Bo+ Bix

- ¥ represents the predicted value of the response variable for a given value of the predictor variable

* The standard errors of the estimated coefficients provide a measure of the uncertainty associated with
the estimates

» They can be used to construct confidence intervals and perform hypothesis tests on the population
parameters (Bo and B1)

Interpretation and Significance Testing

* The significance of the estimated coefficients can be assessed using t-tests or F-tests
* These tests determine whether the coefficients are statistically different from zero

« A significant slope (B1) indicates that there is a linear relationship between the predictor and response
variables

* The interpretation of the estimated coefficients depends on the context of the study

« For example, if the slope (B1) is 0.5 and the predictor variable is temperature, it means that for every
one-unit increase in temperature, the expected value of the response variable increases by 0.5 units,
assuming all other factors remain constant

 Confidence intervals for the coefficients provide a range of plausible values for the population
parameters

* A 95% confidence interval means that if the study were repeated many times, 95% of the intervals
would contain the true population parameter

» Examples of coefficient interpretation in biology include

* A slope of 1.2 in a regression of plant height on soil nitrogen content indicates that for every one-unit
increase in soil nitrogen, plant height is expected to increase by 1.2 units
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* A y-intercept of 10.5 in a regression of species richness on island area suggests that even for an
island with zero area, the expected species richness would be 10.5 (likely due to immigration from
nearby islands)

7.3 Model diagnostics and residual analysis

Model diagnostics and residual analysis are crucial for validating simple linear regression models in
biology. These techniques help assess assumptions like linearity, homoscedasticity, and normality of
errors, ensuring reliable results and meaningful interpretations.

By examining residual plots, R-squared values, and significance tests, researchers can identify potential
issues and improve model fit. This process is essential for drawing accurate conclusions about
relationships between biological variables and making informed decisions in research and applications.

Diagnostic Tests for Regression Models

Assessing Model Validity

« Diagnostic tests evaluate the validity and appropriateness of a simple linear regression model by
checking for violations of assumptions and identifying potential issues

* The coefficient of determination (R-squared) measures the proportion of variance in the response
variable explained by the predictor variable

* A higher R-squared value indicates a better fit of the model to the data (0.8 or above is generally
considered a good fit)

» The F-test assesses the overall significance of the regression model by testing the null hypothesis that
the slope coefficient is equal to zero

* A significant F-test (p-value < 0.05) suggests that the model is a good fit for the data and the predictor
variable has a significant impact on the response variable

Significance of Regression Coefficients

* The t-test assesses the significance of individual regression coefficients by testing the null hypothesis
that the coefficient is equal to zero

« A significant t-test (p-value < 0.05) indicates that the predictor variable has a significant impact on the
response variable, controlling for other variables in the model

* Residual plots, such as residuals vs. fitted values and residuals vs. predictor variable, visually assess
the assumptions of linearity, homoscedasticity, and independence of errors

» A random scatter of residuals around zero in the residuals vs. fitted values plot suggests that the
linearity assumption is met (no clear pattern or curvature)

* A consistent spread of residuals across the range of fitted values in the residuals vs. fitted values plot
indicates that the homoscedasticity assumption is met (no funnel shape or increasing/decreasing
spread)

* A lack of pattern in the residuals vs. predictor variable plot suggests that the independence of errors
assumption is met (no clustering or trends)
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Residual Analysis for Goodness-of-Fit

Assessing Residual Properties

* Residuals are the differences between the observed values of the response variable and the predicted
values from the regression model, representing the unexplained variation in the data

* Residual analysis assesses the goodness-of-fit of a simple linear regression model by examining the
properties and patterns of the residuals

 The normality assumption can be assessed using a normal probability plot (Q-Q plot) of the residuals

« If the residuals follow a straight line, it suggests that the normality assumption is met (points fall close
to the diagonal line)

» The homoscedasticity assumption can be assessed by examining the spread of residuals in the
residuals vs. fitted values plot

* A consistent spread of residuals across the range of fitted values indicates that the homoscedasticity
assumption is met (no widening or narrowing of the residual spread)

Identifying Influential Observations

» The independence of errors assumption can be assessed by examining the residuals vs. order of data
collection plot

* A lack of pattern or trend in the residuals suggests that the independence assumption is met (no
autocorrelation or time-dependent patterns)

* Outliers and influential observations can be identified using residual plots and diagnostic measures
such as leverage, Cook's distance, and studentized residuals

+ Observations with high leverage values (> 2p/n, where p is the number of predictors and n is the
sample size) may have a disproportionate impact on the regression model

+ Observations with large Cook's distances (> 4/n) or studentized residuals (> 2 or < -2) may be
influential and should be carefully examined

Regression Assumptions and Violations

Identifying Assumption Violations

+ Violations of the assumptions of simple linear regression can lead to biased or inefficient estimates of
the regression coefficients and affect the validity of the model

+ Non-linearity can be identified by a curved pattern in the residuals vs. fitted values plot or the residuals
vs. predictor variable plot

* Transforming the variables (logarithmic or polynomial transformations) or considering non-linear
regression models may address this issue

» Heteroscedasticity (non-constant variance) can be identified by a funnel-shaped pattern in the
residuals vs. fitted values plot

* Using weighted least squares regression or transforming the variables may address this issue
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Addressing Assumption Violations

« Autocorrelation (non-independence of errors) can be identified by a pattern or trend in the residuals
vs. order of data collection plot

* Using time series models or including lagged variables may address this issue

* Non-normality of residuals can be identified by deviations from a straight line in the normal probability

plot (Q-Q plot) of the residuals
* Transforming the variables or using robust regression methods may address this issue

* Outliers and influential observations can be identified using diagnostic measures and should be
carefully examined

* Removing or adjusting these observations may improve the model fit, but it should be done with
caution and justification (e.g., data entry errors or measurement issues)

Interpreting Diagnostics in Biological Contexts

Drawing Meaningful Conclusions

* Interpreting the results of model diagnostics and residual analysis is crucial for drawing meaningful
conclusions and making informed decisions in biological contexts

* A high R-squared value indicates that a large proportion of the variance in the biological response
variable is explained by the predictor variable, suggesting a strong relationship between the variables

* For example, an R-squared value of 0.85 in a study of plant growth and nutrient availability suggests
that 85% of the variation in plant growth can be attributed to nutrient availability

* A significant F-test suggests that the overall regression model is a good fit for the biological data and
that the predictor variable has a significant impact on the response variable

» For example, a significant F-test in a study of animal body size and metabolic rate indicates that the
regression model adequately captures the relationship between these variables

Considering Biological Implications

« Significant t-tests for individual regression coefficients indicate that the corresponding predictor

variables have a significant influence on the biological response variable, controlling for other variables

in the model

* For example, a significant t-test for the coefficient of temperature in a model predicting insect
development time suggests that temperature has a significant impact on development time,
independent of other factors

* Residual plots that show random scatter around zero, consistent spread, and lack of patterns suggest

that the assumptions of linearity, homoscedasticity, and independence of errors are met, providing
confidence in the validity of the regression model for the biological data

* For example, residual plots in a study of bird migration timing and climate variables that exhibit these

properties support the use of linear regression for modeling the relationship

* Identifying and addressing violations of assumptions, such as non-linearity or heteroscedasticity,
helps to improve the accuracy and reliability of the regression model in representing the biological
relationships
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* For example, transforming variables or using non-linear models may be necessary to accurately
capture the relationship between plant biomass and light intensity

Examining Outliers and Influential Observations

* Qutliers and influential observations in the biological data should be carefully examined to determine
their impact on the regression model and whether they represent genuine biological phenomena or
measurement errors

+ For example, an outlier in a study of animal body size and metabolic rate may represent a unique
adaptation or a measurement error that needs to be investigated further

* The results of model diagnostics and residual analysis should be interpreted in the context of the
specific biological research question, considering the limitations and assumptions of the regression
model and the nature of the biological variables studied

» For example, the interpretation of diagnostics in a study of species richness and habitat characteristics
should consider the ecological processes and sampling methods involved
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Unit 8 — Multiple Regression for Biological
Data

8.1 Multiple linear regression and its applications

Multiple linear regression is a powerful tool for analyzing complex biological systems. It allows researchers
to model relationships between multiple variables, identify key predictors, and make informed predictions
about biological outcomes.

This statistical method helps control for confounding variables and quantify the effects of multiple factors
simultaneously. Understanding regression coefficients, assessing statistical significance, and interpreting
model results are crucial skills for applying this technique effectively in biological research.

Multiple Linear Regression for Biological Data

Understanding Multiple Linear Regression

* Multiple linear regression is a statistical method used to model the linear relationship between a
dependent variable and two or more independent variables

* The purpose of multiple linear regression in biological data analysis is to understand how multiple
predictor variables simultaneously influence a response variable, allowing for more complex and
realistic modeling of biological systems

* Multiple linear regression can be used to:
* Identify the most important predictors

* Quantify their effects

* Make predictions based on the model

« The general form of a multiple linear regression equation is: ¥ = Bo + BiX1 + B2Xz+ ... + BoXp + €
, Where:

« Y is the dependent variable

« X1, X2, ..., Xp are the independent variables
« Bo is the y-intercept

« BBz ... Bp are the regression coefficients

» € is the error term

Controlling for Confounding Variables

 Multiple linear regression can be used to control for confounding variables, which are variables that
are related to both the dependent and independent variables and can obscure the true relationship
between them

+ By including confounding variables in the model, researchers can account for their effects and better
isolate the relationship between the independent and dependent variables
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 For example, when studying the effect of a drug on blood pressure, age and weight might be
confounding variables that need to be controlled for in the analysis

Interpreting Regression Coefficients

Understanding Regression Coefficients

* The regression coefficients (,31, Bz, ..., Bp) represent the change in the dependent variable for a
one-unit increase in the corresponding independent variable, holding all other variables constant

* The sign of the coefficient indicates the direction of the relationship between the independent and
dependent variables (positive or negative)

» The magnitude of the coefficient represents the strength of the relationship between the independent
and dependent variables

+ For example, if the coefficient for age in a model predicting blood pressure is 0.5, it means that for
every one-year increase in age, blood pressure is expected to increase by 0.5 units, holding all other
variables constant

Assessing Statistical Significance

» The p-values associated with each coefficient indicate the statistical significance of the relationship
between the independent and dependent variables

A small p-value (typically < 0.05) suggests that the relationship is statistically significant and unlikely to
have occurred by chance

* A large p-value (> 0.05) indicates that the relationship may not be statistically significant and could
have occurred by chance

« Standardized coefficients (beta coefficients) can be used to compare the relative importance of each
independent variable in the model, as they are measured on the same scale

 For example, if the p-value for the age coefficient in a blood pressure model is 0.01, it suggests that
the relationship between age and blood pressure is statistically significant

Applying Multiple Regression to Biology
Data Preparation and Model Fitting

« Identify the dependent variable and potential independent variables in the biological dataset

* Prepare the data by checking for missing values, outliers, and ensuring that the variables are
measured on appropriate scales

* Use statistical software (e.g., R, Python, or SPSS) to fit a multiple linear regression model to the data

* Interpret the model summary, including the R-squared value, which represents the proportion of
variance in the dependent variable explained by the independent variables

Model Interpretation and Prediction

» Examine the coefficients and their p-values to determine which independent variables have a
significant relationship with the dependent variable
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» Use the model to make predictions for new data points and assess the accuracy of these predictions
using techniques such as cross-validation

+ Draw biological conclusions based on the relationships identified in the model, considering the
limitations and assumptions of the model

* For example, a multiple linear regression model could be used to predict crop yield based on factors
such as temperature, rainfall, and soil nutrients, allowing farmers to optimize their management
practices

Assumptions and Limitations of Multiple Regression

Key Assumptions

* Multiple linear regression assumes a linear relationship between the dependent and independent
variables. Violations of this assumption can lead to biased estimates and incorrect conclusions

» The model assumes that the error terms are normally distributed with a mean of zero and constant
variance (homoscedasticity). Violations of these assumptions can affect the validity of the model and
the accuracy of the coefficients and p-values

» Multiple linear regression assumes that the independent variables are not highly correlated with each
other (absence of multicollinearity). High multicollinearity can lead to unstable estimates of the
coefficients and difficulty in interpreting the individual effects of the independent variables

» The model assumes that the observations are independent of each other. Violations of this
assumption, such as in the case of clustered or longitudinal data, can lead to biased estimates and
incorrect standard errors

Limitations and Considerations

* Multiple linear regression does not imply causation; it only identifies associations between variables.
Causal relationships should be established through experimental designs or other methods

* The model may not capture non-linear relationships or interactions between variables, which can limit
its ability to accurately represent complex biological systems

* The results of multiple linear regression can be sensitive to the presence of outliers or influential
observations, which can have a disproportionate impact on the model estimates

* For example, when studying the relationship between body mass index (BMI) and various health
outcomes, the assumption of linearity may not hold if the relationship is actually U-shaped, with both
low and high BMI being associated with increased health risks

8.2 Model selection and validation techniques

Model selection and validation are crucial steps in building reliable regression models for biological data.
These techniques help researchers identify the most relevant predictors and assess model performance,
ensuring accurate and generalizable results.

By carefully selecting variables and validating models, scientists can avoid overfitting and create robust
models that balance complexity and predictive power. This process is essential for drawing meaningful
conclusions from biological data and making reliable predictions in various research contexts.
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Model Selection and Validation

Importance of Model Selection and Validation

* Model selection is the process of choosing the best subset of predictor variables to include in a
regression model, balancing model complexity and predictive performance

* Model validation is the process of assessing the performance and generalizability of a regression
model using data that was not used in model training

» Model selection and validation are crucial for avoiding overfitting, where a model performs well on
training data but poorly on new, unseen data

* Robust regression models should have good predictive accuracy, interpretability, and stability across
different datasets or subsamples

* Failing to properly select and validate models can lead to biased or unreliable predictions, as well as
incorrect conclusions about the relationships between variables

Key Considerations in Model Selection and Validation

» The choice of model selection technique depends on factors such as the number of predictor
variables, the presence of multicollinearity, and the desired balance between model complexity and
interpretability

* The choice of validation method and performance metric depends on factors such as the sample size,
the complexity of the model, and the desired balance between bias and variance

* When interpreting and comparing model selection and validation results, it is important to consider the
limitations and assumptions of each approach, as well as the practical implications of the chosen model
for the specific application or research question

Model Selection Techniques

Stepwise Regression

« Stepwise regression is an iterative model selection technique that adds or removes predictor variables
based on their statistical significance or contribution to the model's performance

 Forward selection starts with an empty model and sequentially adds the most significant predictor
variables until a stopping criterion is met

» Backward elimination starts with a full model containing all predictor variables and sequentially
removes the least significant variables until a stopping criterion is met

« Stepwise regression can be useful when dealing with a large number of potential predictor variables
and helps identify the most relevant subset of variables for the model

* However, stepwise regression can be sensitive to the order in which variables are added or removed
and may not always find the optimal subset of predictors

Best Subset Selection and Regularization Methods

* Best subset selection evaluates all possible combinations of predictor variables and selects the subset
that optimizes a chosen criterion, such as adjusted R-squared or Mallow's Cp
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* Best subset selection can be computationally intensive, especially when the number of potential
predictors is large

* The chosen criterion should balance model fit and complexity to avoid overfitting

* Regularization methods, such as Ridge regression and Lasso, introduce a penalty term to shrink the
coefficients of less important variables towards zero

* Ridge regression adds a penalty term proportional to the square of the coefficients, which can help
reduce the impact of multicollinearity

* Lasso (Least Absolute Shrinkage and Selection Operator) adds a penalty term proportional to the
absolute value of the coefficients, which can perform variable selection by setting some coefficients to
exactly zero

Regression Model Evaluation

Cross-Validation Techniques

* Cross-validation is a resampling technique that assesses the performance and stability of a regression
model by repeatedly splitting the data into training and validation sets

» K-fold cross-validation divides the data into K equally-sized folds, using K-1 folds for training and the
remaining fold for validation, and repeats this process K times (common values for K include 5 or 10)

* Leave-one-out cross-validation (LOOCYV) is a special case of K-fold cross-validation where K equals
the number of observations, using each observation as a validation set once

* Cross-validation helps estimate the model's performance on unseen data and can identify potential
issues such as overfitting or underfitting

* The choice of K in K-fold cross-validation involves a trade-off between bias and variance: smaller
values of K lead to lower bias but higher variance, while larger values of K lead to higher bias but lower
variance

Other Validation Methods and Performance Metrics

* Holdout validation involves reserving a fixed portion of the data (e.g., 20-30%) for validation and using
the remaining data for training

* Holdout validation is simple to implement but may not provide a reliable estimate of the model's
performance if the validation set is not representative of the overall data

* Bootstrapping involves resampling the data with replacement to create multiple training and validation
sets

* Bootstrapping can help assess the stability and variability of the model's performance across different
subsamples

+ Performance metrics for regression models include:

» Mean squared error (MSE): the average of the squared differences between the predicted and actual
values

* Root mean squared error (RMSE): the square root of the MSE, which has the same units as the
response variable

Fiveable archived study guides Page 90



* Mean absolute error (MAE): the average of the absolute differences between the predicted and actual
values

* R-squared: the proportion of the variance in the response variable that is explained by the model

Comparing Model Selection Approaches

Interpreting Model Selection Results

* Interpreting the results of model selection involves examining the selected predictor variables, their
coefficients, and their statistical significance to understand the relationships between the predictors and
the response variable

» The selected predictor variables should be relevant to the research question and have a plausible
biological or practical interpretation

* The coefficients represent the change in the response variable associated with a one-unit change in
the corresponding predictor variable, holding other variables constant

« Statistical significance (e.g., p-values) indicates the likelihood that the observed relationship between
a predictor and the response variable is due to chance

» Comparing the performance of different model selection techniques can help identify the most
appropriate subset of predictor variables and balance model complexity and predictive accuracy

« Different model selection techniques may yield different subsets of predictors, and it is important to
consider the consistency and robustness of the selected variables across different approaches

» The chosen model should have good predictive performance (e.g., low MSE or high R-squared) while
maintaining interpretability and avoiding overfitting

Interpreting Model Validation Results

* Interpreting the results of model validation involves assessing the model's performance on unseen
data and evaluating its generalizability and stability across different subsamples or datasets

* The model's performance on the validation set should be similar to its performance on the training set,
indicating that the model is not overfitting or underfitting

* The model's performance should be consistent across different validation methods (e.g., K-fold
cross-validation, holdout validation) and performance metrics (e.g., MSE, RMSE, MAE)

» Comparing the performance of a model across different validation methods can provide insights into
the model's sensitivity to the choice of training and validation sets and help identify potential issues
such as overfitting or underfitting

« If the model's performance varies significantly across different validation methods, it may indicate that
the model is not stable or generalizable

« If the model consistently performs well across different validation methods, it provides greater
confidence in the model's ability to make accurate predictions on new, unseen data

8.3 Generalized linear models (e.g., logistic regression)

Generalized linear models expand on traditional linear regression, allowing us to analyze various types of
data. Logistic regression, a key GLM, tackles binary outcomes like presence/absence in biological studies.
It's perfect for predicting probabilities and understanding factors influencing binary events.
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In this section, we'll dive into logistic regression's concepts, assumptions, and interpretation. We'll explore
how to fit models, assess their performance, and compare logistic regression to other GLMs. This
knowledge will empower you to analyze binary data in your biological research effectively.

Logistic Regression: Concept and Purpose

Generalized Linear Models (GLMs)

+ Extend the linear modeling framework to response variables with non-normal error distributions

* Allow for modeling various types of response variables (binary, count, continuous data with
non-normal distributions)

* Encompass a broad class of statistical models beyond traditional linear regression

* Provide a flexible approach to modeling the relationship between predictors and response variables

Logistic Regression as a GLM

+ Specific type of GLM used when the response variable is binary or dichotomous (presence/absence,
success/failure)

* Models the relationship between a set of predictor variables and the probability of the binary response
variable

* Uses a logit link function to transform the linear combination of predictors to a probability scale
» Ensures predicted probabilities fall between 0 and 1, maintaining the binary nature of the response

* Enables the estimation of the effect of predictors on the odds of the response occurring

Logistic Regression for Biological Data

|dentifying Variables and Meeting Assumptions

« Identify the binary response variable and potential predictor variables in the biological dataset
» Ensure independence of observations to avoid biased estimates and incorrect standard errors

* Check linearity of continuous predictors with the log odds using graphical methods (lowess curves) or
statistical tests

* Consider potential interactions and confounding variables that may influence the relationship between
predictors and response

Fitting and Interpreting the Model
* Use statistical software (R, SAS, SPSS) to fit a logistic regression model to the data
* Specify the binary response variable and predictor variables in the model formula
* Assess the statistical significance of individual predictors using Wald tests or likelihood ratio tests

* Interpret the model coefficients and odds ratios to understand the relationship between predictors and
the binary response

+ Determine the direction and magnitude of the effects based on the sign and size of the coefficients
and odds ratios
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Interpreting Logistic Regression Coefficients

Coefficients and Log Odds

« Coefficients represent the change in the log odds of the response variable for a one-unit change in the
corresponding predictor variable

* The sign of the coefficient indicates the direction of the relationship (positive coefficients increase the
log odds, negative coefficients decrease the log odds)

« Coefficients are interpreted in terms of the log odds scale, which is a logarithmic transformation of the
odds

» The magnitude of the coefficient represents the strength of the relationship between the predictor and
the log odds of the response

Odds Ratios

« Obtained by exponentiating the coefficients (ec°e™c/ent)
» Represent the multiplicative change in the odds of the response for a one-unit change in the predictor

* An odds ratio greater than 1 indicates higher odds of the response with increasing values of the
predictor

» An odds ratio less than 1 indicates lower odds of the response with increasing values of the predictor

 Confidence intervals for the odds ratios assess the precision and statistical significance of the
estimated effects

Evaluating Logistic Regression Models

Goodness of Fit Tests

* Likelihood ratio test compares the full model to a reduced model (intercept-only) to assess the overall
significance of predictors

» Wald test assesses the significance of individual predictors by comparing their estimated coefficients
to zero

* Hosmer-Lemeshow test compares observed and predicted probabilities across groups to evaluate
model calibration

» Pseudo R-squared measures (McFadden's, Nagelkerke's) provide an indication of the model's
explanatory power

Predictive Performance

« Classification tables compare predicted and observed binary outcomes at various probability
thresholds

* Sensitivity and specificity measure the model's ability to correctly identify positive and negative cases
* ROC curves plot sensitivity against 1-specificity to assess the model's discriminatory power

+ Area under the ROC curve (AUC) quantifies the overall predictive performance of the model
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« Cross-validation techniques (k-fold, leave-one-out) estimate the model's performance on unseen data

Logistic Regression vs Other GLMs

Response Variable Types
« Logistic regression handles binary response variables (0/1, yes/no)
+ Poisson regression models count data (number of events occurring in a fixed interval)
* Linear regression is used for continuous response variables with normally distributed errors

» Other GLMs (gamma, inverse Gaussian) handle continuous response variables with specific
non-normal distributions

Link Functions

* Logistic regression uses the logit link to relate the linear predictor to the probability of the response
* Poisson regression employs the log link to connect the linear predictor to the expected count

« Linear regression uses the identity link, equating the linear predictor directly to the expected value of
the response

« Different link functions are chosen based on the distribution of the response variable and the desired
interpretation of coefficients

Coefficient Interpretation
* In logistic regression, coefficients are interpreted in terms of log odds and odds ratios
+ Poisson regression coefficients are interpreted in terms of log rates and rate ratios

« Linear regression coefficients represent the change in the expected value of the response for a
one-unit change in the predictor

* The interpretation of coefficients depends on the link function and the scale of the response variable

Model Assumptions and Diagnostics

* Logistic regression assumes linearity between continuous predictors and the log odds, assessed
using graphical methods or statistical tests

+ Poisson regression requires the mean and variance of the response to be equal, with overdispersion
indicating a violation of this assumption

« Linear regression assumes normality and homoscedasticity of residuals, checked using diagnostic
plots (Q-Q plot, residuals vs. fitted values)

» Each GLM has specific assumptions and diagnostic tools to assess the appropriateness and validity of
the model
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Unit 9 — Categorical Data Analysis in
Biology

9.1 Chi-square tests for independence and goodness-of-fit

Chi-square tests are crucial tools in biology for analyzing categorical data. They help researchers
determine if there's a significant relationship between variables or if observed data fits expected patterns.

These tests are vital for understanding associations in biological phenomena. Whether examining gene
frequencies, species distributions, or treatment outcomes, chi-square tests provide valuable insights into
categorical data relationships in various biological contexts.

Categorical Data in Biology

Understanding Categorical Data

« Categorical data consists of variables that can be divided into distinct groups or categories (gender,
blood type, treatment groups)

« Categorical variables are typically measured on a nominal or ordinal scale
* Nominal scale values represent different categories without any inherent order (eye color, species)

+ Ordinal scale values represent categories with a natural order or ranking (disease severity: mild,
moderate, severe)

* In biological research, categorical data is commonly encountered when studying characteristics, traits,
or outcomes that fall into distinct categories

* Analyzing categorical data allows researchers to identify patterns, associations, and differences
between groups, providing valuable insights into biological phenomena

Importance of Categorical Data in Biological Research

» Comparing the effectiveness of different treatments (drug A vs. drug B) helps determine the most
beneficial interventions

* Investigating the relationship between genetic variants and disease outcomes (presence or absence
of a specific gene variant) contributes to understanding the genetic basis of diseases

» Examining the distribution of species across different habitats (forest, grassland, wetland) provides
insights into ecological preferences and biodiversity patterns

+ Analyzing the association between risk factors and disease occurrence (smoking status and lung
cancer) helps identify potential causal relationships and develop preventive strategies

« Studying the inheritance patterns of traits (flower color in plants) elucidates the underlying genetic
mechanisms and assists in breeding programs
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Chi-Square Tests for Independence

Conducting Chi-Square Tests for Independence

* The chi-square test for independence determines whether there is a significant association between
two categorical variables

*» The test compares the observed frequencies of each combination of categories to the expected
frequencies under the assumption of independence

* The null hypothesis (HO) states that the two categorical variables are independent, while the
alternative hypothesis (Ha) suggests an association between the variables

* To conduct a chi-square test for independence:
1. Construct a contingency table displaying the observed frequencies of each combination of categories

2. Calculate the expected frequencies for each cell in the contingency table using the row and column
totals, assuming independence between the variables

3. Compute the chi-square test statistic by summing the squared differences between the observed and
expected frequencies, divided by the expected frequencies for each cell

4. Compare the calculated chi-square statistic to a critical value from the chi-square distribution, based
on the desired level of significance and the degrees of freedom

Assumptions and Considerations

* The chi-square test for independence assumes that the sample is randomly selected from the
population of interest

» The expected frequencies in each cell of the contingency table should be at least 5 for the test to be
valid

« If the expected frequencies are too small, the test may not be reliable
* In such cases, alternative tests like Fisher's exact test can be used

* The chi-square test for independence does not provide information about the direction or strength of
the association between the variables

« Additional measures, such as odds ratios or risk ratios, can be calculated to quantify the direction and
magnitude of the association

* The test is sensitive to sample size, and large sample sizes may lead to statistically significant results
even for small effect sizes

« It is important to consider the practical significance of the association in addition to statistical
significance

Interpreting Chi-Square Results

Assessing Statistical Significance

* The p-value associated with the chi-square test statistic indicates the probability of observing the
given data or more extreme results if the null hypothesis of independence is true
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« If the p-value is less than the chosen significance level (typically 0.05), the null hypothesis is rejected,
suggesting a significant association between the categorical variables

* When the null hypothesis is rejected, it implies that the observed frequencies differ significantly from
the expected frequencies under the assumption of independence

* A significant result indicates that there is evidence to support the existence of an association between
the variables in the population

Evaluating the Strength of Association

* The strength of the association between the variables can be assessed using measures such as
Cramer's V or the phi coefficient

» Cramer's V ranges from 0 to 1 and is used when one or both variables have more than two categories

* The phi coefficient ranges from -1 to 1 and is used when both variables are binary (have only two
categories)

* Higher absolute values of these measures indicate a stronger association between the variables,
while lower values suggest a weaker association

* Interpreting the strength of association should consider the context and practical significance of the
results

* A statistically significant association may not always have a strong practical impact, especially with
large sample sizes

» Examining the specific patterns or trends in the contingency table helps understand the nature of the
association between the variables

« Identifying which categories are over- or under-represented compared to the expected frequencies
provides insights into the relationship between the variables

Chi-Square Goodness-of-Fit Tests

Comparing Observed and Expected Frequencies

* The chi-square goodness-of-fit test determines whether the observed frequencies of a categorical
variable differ significantly from the expected frequencies based on a hypothesized distribution

* The null hypothesis (HO) states that the observed frequencies follow the hypothesized distribution,
while the alternative hypothesis (Ha) suggests that the observed frequencies differ significantly from the
expected distribution

* To perform a chi-square goodness-of-fit test:

1. Calculate the expected frequencies for each category by multiplying the total sample size by the
hypothesized probabilities for each category

2. Compute the chi-square test statistic by summing the squared differences between the observed and
expected frequencies, divided by the expected frequencies for each category

3. Compare the calculated chi-square statistic to a critical value from the chi-square distribution, based
on the desired level of significance and the degrees of freedom
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« If the p-value associated with the chi-square statistic is less than the chosen significance level, the null
hypothesis is rejected, indicating that the observed frequencies differ significantly from the expected
frequencies based on the hypothesized distribution

Applications and Considerations

* The chi-square goodness-of-fit test is useful when testing whether a sample follows a specific
theoretical distribution (uniform distribution, normal distribution)

« It can also be used to compare observed frequencies to expected frequencies based on a known or
hypothesized population distribution (Mendelian inheritance ratios)

* The test assumes that the categories are mutually exclusive and exhaustive, meaning that each
observation falls into exactly one category and all possible categories are included

» The sample size should be sufficiently large to ensure that the expected frequencies in each category
are at least 5

« If the expected frequencies are too small, the test may not be reliable, and alternative tests like the
exact binomial test can be considered

» When the null hypothesis is rejected, it suggests that the observed data does not follow the
hypothesized distribution, and alternative distributions or explanations should be explored

* Interpreting the results should involve examining the specific deviations between the observed and
expected frequencies to understand the nature of the discrepancy

« Identifying which categories have higher or lower observed frequencies compared to the expected
frequencies can provide insights into the underlying patterns or processes

9.2 Fisher's exact test and McNemar's test

Fisher's exact test and McNemar's test are key tools for analyzing categorical data in biology. These tests
help researchers assess associations between variables and changes in proportions, especially when
dealing with small sample sizes or paired data.

Understanding these tests is crucial for interpreting results in biological studies. Fisher's exact test is ideal
for small samples, while McNemar's test shines in before-after designs. Both tests provide valuable
insights into categorical data analysis in biostatistics.

Fisher's exact test for small samples

When to use Fisher's exact test

» Analyzes contingency tables, typically 2x2 tables, when the sample size is small or the expected
frequencies in any cell are less than 5

» Based on the hypergeometric distribution and calculates the exact probability of observing the given
data or more extreme data, assuming the null hypothesis of no association between the variables is
true

* Particularly useful when dealing with rare events (genetic disorders) or when the assumptions of the
chi-square test, such as the minimum expected cell frequency, are not met due to small sample sizes

* Developed by Ronald Fisher in the 1930s as an alternative to the chi-square test for small samples or
sparse data (ecological studies with limited observations)
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Hypergeometric distribution and exact probability

* Fisher's exact test uses the hypergeometric distribution to calculate the exact probability of observing
the given data or more extreme data

» Assumes the row and column totals are fixed and the null hypothesis of no association between the
variables is true

* The probability of a specific table configuration is calculated using the formula:
(@a+b)!(c+d)(a+c)t(b+d)!/(alblctd!n!) wherea,b,c,and d are the cell frequencies and
n is the total sample size

« Summing the probabilities of the observed table and all more extreme tables (tables with the same
row and column totals but a smaller probability) yields the p-value for a one-tailed test, which is doubled
for a two-tailed test

Fisher's exact test for 2x2 tables

Arranging data and calculating probabilities

* Arrange the data in a 2x2 contingency table with two categorical variables, each having two levels
(treatment vs. control and success vs. failure)

+ Calculate the probability of observing the given table or a more extreme table using the
hypergeometric distribution formula: (& + b)! (c+ d)! (a+c)! (b + d)!/(a! bl c!d!n!)

» Sum the probabilities of the observed table and all more extreme tables to obtain the p-value for a
one-tailed test, and double this value for a two-tailed test

» Compare the p-value to the chosen significance level (0.05) to determine if the association between
the variables is statistically significant

Example of Fisher's exact test

» Suppose a study investigates the association between a rare genetic variant and a disease in a small
sample of 50 individuals

» The 2x2 contingency table shows 8 individuals with the variant and disease, 2 with the variant but no
disease, 12 without the variant but with the disease, and 28 without the variant and disease

+ Calculating the exact probabilities using the hypergeometric distribution and summing them yields a
one-tailed p-value of 0.0198

* Doubling the one-tailed p-value results in a two-tailed p-value of 0.0396, which is less than the
significance level of 0.05, indicating a significant association between the genetic variant and the
disease

McNemar's test for paired data

Applying McNemar's test

* McNemar's test is a non-parametric statistical test used to compare paired proportions or analyze
changes in proportions for dichotomous variables in a before-after design or matched-pair samples

* Introduced by Quinn McNemar in 1947 as a modification of the chi-square test for paired data
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* Arrange the data in a 2x2 contingency table, where the rows and columns represent the two time
points or conditions (before and after) and the cells contain the frequencies of subjects falling into each
combination of categories

* The null hypothesis is that the proportions of subjects changing from one category to the other are
equal in both directions (no significant change in proportions over time or between conditions)

Calculating the test statistic and interpreting results

« Calculate the test statistic using the formula: X*> = (b — ¢)?/(b + ¢) where b and ¢ are the
frequencies of subjects who changed categories in each direction

* The test statistic follows a chi-square distribution with 1 degree of freedom

» Compare the calculated test statistic to the critical value from the chi-square distribution at the chosen
significance level to determine if the change in proportions is statistically significant

* A significant result (test statistic > critical value) indicates a significant change in the proportions of
subjects falling into each category between the two time points or conditions

* The direction of the change can be determined by comparing the frequencies of subjects who
changed categories in each direction (b and c in the test statistic formula)

Interpreting Fisher's and McNemar's tests

Interpreting Fisher's exact test results

* A significant result (p-value < significance level) indicates a significant association between the two
categorical variables in the 2x2 contingency table

* The direction of the association can be determined by comparing the observed frequencies to the
expected frequencies under the null hypothesis of no association

+ A non-significant result suggests insufficient evidence to conclude that an association exists between
the variables, but it does not necessarily prove that no association exists

« In biological research, Fisher's exact test can be used to assess the effectiveness of treatments
(comparing treatment response rates) or compare the prevalence of conditions between groups
(genetic variants and disease risk)

Interpreting McNemar's test results

* A significant result (test statistic > critical value) indicates a significant change in the proportions of
subjects falling into each category between the two time points or conditions

* The direction of the change can be determined by comparing the frequencies of subjects who
changed categories in each direction (b and c in the test statistic formula)

+ A non-significant result suggests insufficient evidence to conclude that the proportions have changed
significantly over time or between conditions

« In biological research, McNemar's test can be used to analyze changes in biological characteristics
over time (disease status before and after treatment) or compare paired samples (tumor vs. adjacent
normal tissue)
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Limitations and considerations

* Fisher's exact test assumes independence between observations, while McNemar's test requires
paired data

» Researchers should consider these limitations when interpreting the results and drawing conclusions

* Both tests are useful for analyzing categorical data in biological research, but the choice between
them depends on the study design and the nature of the data (independent vs. paired observations)

« It is essential to report the effect size (odds ratio for Fisher's exact test and proportion of discordant
pairs for McNemar's test) alongside the p-value to provide a more comprehensive understanding of the
results

9.3 Log-linear models for multi-way contingency tables

Log-linear models are powerful tools for analyzing multi-way contingency tables in biostatistics. They help
uncover complex relationships between categorical variables by expressing cell frequencies as linear
combinations of main effects and interactions.

These models are crucial for understanding associations in categorical data, a key aspect of this chapter.
By examining main effects and interactions, researchers can gain insights into the intricate relationships
between variables in biological studies.

Log-linear models for contingency tables

Introduction to log-linear models

* Log-linear models are a class of statistical models used to analyze the associations and interactions
among multiple categorical variables in a contingency table

» Multi-way contingency tables are cross-tabulations of three or more categorical variables, where each
cell represents the frequency or count of observations falling into a specific combination of categories
(gender, age group, and education level)

+ Log-linear models express the logarithm of the expected cell frequencies as a linear combination of
main effects and interaction terms, allowing for the examination of the relationships among the
variables

Components and assumptions of log-linear models

» The main effects in a log-linear model represent the independent effects of each variable on the cell
frequencies, while the interaction terms capture the dependencies or associations between the
variables

* Log-linear models assume that the cell frequencies follow a Poisson distribution and that the logarithm
of the expected frequencies can be modeled as a linear function of the parameters

» The Poisson distribution is appropriate for modeling count data, such as the number of individuals
falling into each cell of a contingency table

* The logarithmic transformation of the expected frequencies allows for the additive decomposition of
the effects and interactions, making the interpretation of the model parameters more straightforward
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Constructing log-linear models

Defining variables and model formula

* To construct a log-linear model, the first step is to define the variables and the possible categories for
each variable in the multi-way contingency table

 For example, in a study examining the relationship between gender, age group, and education level,
the variables would be defined as follows:

* Gender: Male, Female
» Age group: Young, Middle-aged, Old
+ Education level: Low, Medium, High

» The model formula specifies the variables and the interaction terms to be included in the log-linear
model, using a notation similar to that of analysis of variance (ANOVA) models

» The formula includes the main effects of each variable and the interaction terms of interest, such as
Gender + Age + Education + Gender:Age + Gender:Education + Age:Education +
Gender:Age:Education

Hierarchical models and the principle of marginality

* The saturated log-linear model includes all possible main effects and interaction terms, representing
the most complex model that perfectly fits the observed data

+ Hierarchical log-linear models are constructed by systematically removing or adding interaction terms
to the model based on the principle of marginality, ensuring that lower-order terms are included before
higher-order terms

* The principle of marginality states that if a higher-order interaction term is included in the model, all
lower-order terms that are subsets of the higher-order term must also be included

* For example, if the Gender:Age:Education interaction is included, the main effects of Gender, Age,
and Education, as well as the two-way interactions Gender:Age, Gender:Education, and
Age:Education, must also be present in the model

Parameter estimation and model fitting

» The parameters of the log-linear model are estimated using maximum likelihood estimation (MLE)
techniques, such as iterative proportional fitting (IPF) or Newton-Raphson algorithms

« IPF is an iterative algorithm that adjusts the cell frequencies to match the marginal totals of the
observed data, converging to the maximum likelihood estimates of the model parameters

* Newton-Raphson is a general optimization algorithm that iteratively updates the parameter estimates
by minimizing the negative log-likelihood function

» The model fitting process involves estimating the parameters that maximize the likelihood of observing
the data given the specified log-linear model
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Interpreting log-linear model parameters

Main effects and interaction parameters

» The parameters of a log-linear model represent the effects of the variables and their interactions on
the logarithm of the expected cell frequencies

» The main effect parameters indicate the independent contribution of each variable to the cell
frequencies, while the interaction parameters capture the associations or dependencies among the
variables

* For example, the main effect parameter for Gender represents the difference in the logarithm of the
expected frequencies between males and females, assuming all other variables are held constant

* The interaction parameter for Gender:Age represents the additional effect on the logarithm of the
expected frequencies due to the combination of specific levels of Gender and Age, beyond their
individual main effects

Assessing model fit and goodness-of-fit measures

» Goodness-of-fit measures, such as the likelihood ratio chi-square (G?) and Pearson's chi-square (X?),

assess how well the log-linear model fits the observed data

* A non-significant goodness-of-fit test suggests that the model adequately describes the associations

and interactions in the data

* For example, if the likelihood ratio chi-square test for a log-linear model has a p-value greater than
0.05, it indicates that the model fits the data well and captures the important relationships among the
variables

* A significant goodness-of-fit test indicates that the model does not fit the data well, and additional
interaction terms or alternative models should be considered

* The deviance (G?) and the Akaike information criterion (AIC) are commonly used to compare the fit of

nested log-linear models, with lower values indicating better fit

* Nested models are models where one model is a special case of the other, obtained by setting some

parameters to zero or constraining them to be equal

Model selection for log-linear models

Model selection techniques

* Model selection in log-linear analysis involves choosing the most parsimonious model that adequately

describes the associations and interactions among the variables

» Backward elimination is a model selection technique that starts with the saturated model and
sequentially removes non-significant interaction terms, based on the likelihood ratio test or other
criteria, until a final model is obtained

* The process begins with the most complex model and gradually simplifies it by removing higher-order

interactions that do not significantly contribute to the model fit

* Forward selection begins with the simplest model (usually the independence model) and gradually
adds interaction terms that significantly improve the model fit
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* The independence model assumes that all variables are independent of each other, and the cell
frequencies are determined solely by the main effects of the variables

* Interaction terms are added one at a time, based on their contribution to the model fit, until no further
significant improvements can be made

Assessing the significance of interactions

* The likelihood ratio test is used to assess the significance of the difference in fit between nested
log-linear models, determining whether the inclusion or exclusion of specific interaction terms is justified

* The test compares the deviance (G?) of the simpler model to that of the more complex model, and a
significant result indicates that the additional interaction terms in the complex model significantly
improve the fit

« Partial association tests examine the significance of individual interaction terms by comparing the fit of
models with and without the interaction, while controlling for other variables and interactions

* These tests assess the conditional independence of the variables involved in the interaction, given the
other variables in the model

+ The significance of the interaction terms in the selected log-linear model provides insight into the
dependencies and associations among the categorical variables, guiding the interpretation of the
results

« Significant interactions suggest that the relationship between two or more variables depends on the
levels of other variables, while non-significant interactions indicate that the variables are conditionally
independent
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Unit 10 — Survival Analysis: Kaplan-Meier
In Biology

10.1 Survival function and hazard rate concepts

Survival function and hazard rate are key concepts in survival analysis. They help us understand how long
individuals survive and their risk of experiencing an event over time. These tools are crucial for analyzing
data in medical research, epidemiology, and other biological studies.

By examining survival functions and hazard rates, researchers can compare different groups, assess
treatment effectiveness, and identify risk factors. These concepts form the foundation for more advanced
survival analysis techniques, enabling scientists to draw meaningful conclusions from time-to-event data in
various biological contexts.

Survival function and its properties

Definition and notation

» The survival function, denoted as S(t), represents the probability that an individual survives beyond a
specific time point t in a given study

+ 5(0) = 1 indicates that all individuals are alive at the beginning of the study

+ S(») = 0 indicates that no individual survives indefinitely

Estimation methods
* The survival function can be estimated using various methods, such as:
» Kaplan-Meier estimator
+ Life-table method

» The choice of estimation method depends on the nature of the data and the assumptions made
Median survival time

» The median survival time is the time point at which the survival function equals 0.5

* This indicates that half of the individuals in the study have experienced the event of interest

Properties

* The survival function is a non-increasing function of time
« It starts at 1 (all individuals alive) and decreases towards 0 (no individual survives indefinitely)

* The rate of decrease in the survival function reflects the hazard rate (instantaneous risk) at each time
point
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Hazard rate and its relationship to survival function

Definition and notation

* The hazard rate, also known as the hazard function or instantaneous failure rate, is the instantaneous
probability of experiencing an event at a specific time point t, given that the individual has survived up
to that time point

« The hazard rate is denoted as h(t)

Relationship to survival function
« The hazard rate is related to the survival function through the equation: h(t) = —Z[log(5(t))]

* This relationship allows for the estimation of the hazard rate from the survival function and vice versa

Types of hazard rates

* The hazard rate can be:

* Increasing over time (e.g., aging processes)
* Decreasing over time (e.g., infant mortality)
 Constant over time (e.g., random events)

» The shape of the hazard rate reflects the underlying biological processes and the nature of the event
being studied

Cumulative hazard function
« The cumulative hazard function, denoted as H(t), is the integral of the hazard rate over time
« It represents the accumulated risk of experiencing the event up to time t

« H(t) is related to the survival function through the equation: S(t) = exp(—H(t))

Survival curves and their implications

Graphical representation

« Survival curves are graphical representations of the survival function, plotting the estimated probability
of survival against time

* The y-axis represents the survival probability, and the x-axis represents time

Interpreting survival curves

« Steep drops in the survival curve indicate time periods with a higher incidence of the event of interest
(e.g., high mortality after surgery)

* Plateaus in the survival curve suggest periods of lower risk (e.g., stable survival after successful
treatment)
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Comparing survival curves

» Comparing survival curves between different groups (e.g., treatment vs. control) allows researchers to
assess the effectiveness of interventions or the impact of risk factors on the event of interest

* The log-rank test is commonly used to compare survival curves between groups, testing the null
hypothesis that there is no difference in survival between the groups

Confidence intervals

« Confidence intervals can be constructed around the survival curves to quantify the uncertainty in the
estimates

* These intervals facilitate comparisons between groups and help assess the precision of the survival
estimates

Applications in biological research

« Survival curves are widely used in cancer research to compare treatment options and assess
prognostic factors

* In epidemiological studies, survival curves help identify risk factors and evaluate public health
interventions

« Survival analysis is also applied in reliability engineering and failure time analysis of biological
systems (e.g., mechanical heart valves)

Censoring mechanisms and their impact on survival analysis

Types of censoring

* Right-censoring: occurs when an individual is still alive or has not experienced the event of interest by
the end of the study

* Most common type of censoring in survival analysis
» Examples: study ends before all participants experience the event, or participants are lost to follow-up

* Left-truncation: occurs when individuals are not included in the study until they have already been at
risk for the event of interest for some time

* Example: studying time to disease recurrence, but only including patients who have survived an initial
treatment

Informative vs. non-informative censoring

» Censoring mechanisms can be informative or non-informative, depending on whether the censoring is
related to the event of interest or not

« Informative censoring: the reason for censoring is related to the event of interest (e.g., patients with
more severe conditions are more likely to be lost to follow-up)

* Non-informative censoring: the reason for censoring is unrelated to the event of interest (e.g., study
ends at a predetermined time point)
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Accounting for censoring in survival analysis

« Survival analysis methods, such as the Kaplan-Meier estimator and Cox proportional hazards model,
account for censoring by incorporating information from both censored and uncensored individuals in
the estimation process

» These methods use the available information from censored individuals up to the time of censoring
and then remove them from the risk set

Impact of ignoring or mishandling censoring

+ Ignoring censoring or incorrectly handling censored observations can lead to biased estimates of the
survival function and hazard rate

* Biased estimates may affect the validity of the study conclusions and lead to incorrect interpretations
of the data

« Example: ignoring right-censoring may overestimate the survival probabilities, as the analysis would
not account for the fact that some individuals may experience the event after the end of the study

10.2 Kaplan-Meier estimation and log-rank test

Kaplan-Meier estimation is a key method in survival analysis, helping researchers understand how long
subjects survive in a study. It handles censored data, where some subjects don't experience the event of
interest during the study period.

The log-rank test compares survival curves between groups, determining if differences are statistically
significant. This test is crucial for assessing treatment effects or comparing survival rates across different
populations in biological studies.

Kaplan-Meier Survival Analysis

Estimating Survival Probabilities

» The Kaplan-Meier method is a non-parametric statistical technique used to estimate survival
probabilities over time in the presence of censored data

+» Censoring occurs when the exact survival time of an individual is unknown

* Right-censoring: individual has not experienced the event of interest by the end of the study

* Left-censoring: individual was lost to follow-up during the study period

» The Kaplan-Meier estimator calculates the probability of survival at each distinct event time

+ Considers the number of individuals at risk and the number of events that occurred at that time

« Survival probability at a given time point is the product of the conditional probabilities of surviving each
preceding time interval

» The Kaplan-Meier estimator assumes that censoring is non-informative

» Censoring mechanism is independent of the survival time

Interpreting Survival Probabilities

* The survival probability estimates the likelihood of an individual surviving beyond a specific time point
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 For example, a survival probability of 0.8 at 12 months indicates an 80% chance of surviving beyond
12 months

« Survival probabilities can be used to estimate the median survival time
* The median survival time is the time point at which the estimated survival probability reaches 0.5

* Represents the time by which 50% of the individuals are expected to have experienced the event of
interest

+ Confidence intervals can be calculated for the survival probability estimates
* Provide a measure of the uncertainty associated with the estimates

» Wider confidence intervals indicate greater uncertainty in the survival probability estimates

Survival Curves for Groups

Constructing Survival Curves

» Kaplan-Meier survival curves are graphical representations of the estimated survival probabilities over
time for one or more groups

* Y-axis represents the estimated survival probability

» X-axis represents the time since the start of the study or a specific event

» Each step in the survival curve corresponds to an event time

* Vertical drop in the curve represents the change in the estimated survival probability at that time
» Censored observations are typically marked on the survival curve using symbols

« Tick marks or circles distinguish censored observations from actual event times

Comparing Survival Curves

* When comparing survival curves for different groups, a larger separation between the curves indicates
a more substantial difference in survival probabilities between the groups

 For example, if the survival curve for treatment group A is consistently higher than the survival curve
for treatment group B, it suggests that individuals in group A have a higher probability of survival over
time

» The median survival time for each group can be determined from the survival curve
« Identify the time point at which the estimated survival probability reaches 0.5
* Allows for a direct comparison of the median survival times between groups

« Statistical tests, such as the log-rank test, can be used to formally compare the survival distributions
between groups

» Assess whether the observed differences in survival curves are statistically significant
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Log-rank Test for Comparisons

Hypothesis Testing

* The log-rank test is a non-parametric hypothesis test used to compare the survival distributions of two
or more groups

* Null hypothesis: there is no difference in the survival distributions between the groups being compared
* Alternative hypothesis: there is a difference in the survival distributions between the groups

* The test statistic for the log-rank test is calculated based on the observed and expected number of
events in each group at each distinct event time

» Expected number of events is determined using the pooled estimate of the hazard rate, assuming that
the null hypothesis is true

* The log-rank test follows a chi-square distribution with degrees of freedom equal to the number of
groups minus one

* A significant log-rank test result indicates a statistically significant difference in the survival
distributions between the groups

Interpreting Log-rank Test Results

* P-value: probability of observing the test statistic or a more extreme value under the null hypothesis

A small p-value (typically < 0.05) suggests strong evidence against the null hypothesis and in favor of
the alternative hypothesis

+ For example, if the p-value is 0.01, there is a 1% chance of observing the difference in survival
distributions between the groups if the null hypothesis were true

* Hazard ratio: ratio of the hazard rates between two groups

» Hazard rate is the instantaneous risk of experiencing the event of interest at a given time point
* A hazard ratio of 1 indicates no difference in hazard rates between the groups

* A hazard ratio > 1 indicates a higher hazard rate in one group compared to the other

* A hazard ratio < 1 indicates a lower hazard rate in one group compared to the other

Assumptions of Kaplan-Meier and Log-rank Test

Non-informative Censoring

» The Kaplan-Meier method assumes that censoring is non-informative
» Censoring mechanism is independent of the survival time

« Survival probabilities of censored individuals are similar to those of individuals who remain under
observation

* Violation of the non-informative censoring assumption can lead to biased estimates of survival
probabilities
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* For example, if individuals with poor prognosis are more likely to be censored, the survival
probabilities may be overestimated

Proportional Hazards Assumption

* The log-rank test assumes that the hazard ratio between the groups remains constant over time
(proportional hazards assumption)

* The relative risk of experiencing the event of interest remains constant throughout the study period

* Violation of the proportional hazards assumption can lead to incorrect conclusions about the
difference in survival distributions

» For example, if the hazard ratio between the groups changes over time, the log-rank test may not
accurately capture the overall difference in survival distributions

Limitations and Considerations

» The Kaplan-Meier estimator may be unstable when the number of individuals at risk becomes small,
particularly at later time points

+ Confidence intervals for survival probabilities may be wide when the number of individuals at risk is
low

* The log-rank test may have limited power to detect differences in survival distributions when the
sample size is small or when the difference between the groups is not constant over time

* Alternative tests, such as the Wilcoxon test or the Peto-Peto test, may be more appropriate in these
situations

* Both the Kaplan-Meier method and the log-rank test do not account for the potential confounding
effects of other variables on the survival outcomes

« Adjusting for confounders may require the use of more advanced survival analysis techniques, such
as Cox proportional hazards regression

« Stratification or multivariate modeling can be used to control for confounding variables and assess
their impact on survival outcomes

10.3 Cox proportional hazards model

Survival analysis is crucial in biostatistics, helping researchers understand time-to-event data. The Cox
proportional hazards model is a powerful tool in this field, allowing us to examine how various factors affect
survival rates over time.

This model estimates how different variables impact the risk of an event occurring, like death or disease
recurrence. It's flexible, handling both continuous and categorical predictors, and doesn't require specifying
a particular distribution for survival times.

Cox Proportional Hazards Model

Overview and Assumptions

» The Cox proportional hazards model is a semi-parametric survival analysis method used to investigate
the association between the survival time of patients and one or more predictor variables (age,
treatment group)
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* The model assumes that the hazard function for an individual depends on the values of the covariates
and the baseline hazard

» The baseline hazard function is the hazard function when all covariates are equal to zero, and it is
estimated non-parametrically

» The model assumes that the hazard ratio comparing any two specifications of predictors is constant
over time, known as the proportional hazards assumption

» The Cox model estimates the effect of covariates on the hazard rate rather than directly modeling the
survival time

» The model can handle both continuous (age, blood pressure) and categorical covariates (gender,
treatment group), as well as time-dependent covariates

Estimation and Interpretation

* The partial likelihood function is used to estimate the coefficients in the Cox model, and the maximum
partial likelihood estimates are obtained through iterative methods

* The coefficients in the Cox model represent the change in the log of the hazard ratio for a one-unit
increase in the corresponding covariate, while holding other covariates constant

* A positive coefficient indicates an increased hazard and shorter survival time, while a negative
coefficient indicates a decreased hazard and longer survival time

» The exponentiated coefficients in the Cox model provide hazard ratios, which represent the
multiplicative effect of the covariate on the hazard

* A hazard ratio greater than 1 indicates an increased risk of the event (death, relapse), while a hazard
ratio less than 1 indicates a decreased risk

« Confidence intervals for the hazard ratios can be used to assess the precision and statistical
significance of the estimated effects

Interpreting Coefficients and Hazard Ratios

Hazard Ratios

» The exponentiated coefficients in the Cox model provide hazard ratios, which represent the
multiplicative effect of the covariate on the hazard

» For example, if the hazard ratio for a treatment group is 0.5, the hazard of the event in the treatment
group is half that of the reference group

* A hazard ratio greater than 1 indicates an increased risk of the event, while a hazard ratio less than 1
indicates a decreased risk

« Confidence intervals for the hazard ratios can be used to assess the precision and statistical
significance of the estimated effects

« If the confidence interval for a hazard ratio includes 1, the effect of the covariate is not statistically
significant at the chosen level (0.05)
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Reference Levels and Interpretation

* The reference level for categorical covariates should be carefully chosen to facilitate meaningful
interpretation of the hazard ratios

* For example, when comparing treatment groups, the placebo or standard care group is often chosen
as the reference level

* The interpretation of hazard ratios for continuous covariates depends on the scale of the covariate

+ For example, a hazard ratio of 1.05 for age (in years) indicates a 5% increase in the hazard for each
one-year increase in age

* Interactions between covariates can be included in the model to assess whether the effect of one
covariate depends on the level of another covariate

* The interpretation of interaction terms requires careful consideration of the reference levels and the
combined effects of the interacting covariates

Building and Assessing Cox Models

Model Building Strategies

» Model building in Cox regression involves selecting relevant covariates based on subject matter
knowledge, statistical significance, and model fit

« Univariate Cox models can be used to assess the individual effects of covariates on the hazard,
followed by multivariable model building

* Covariates with p-values less than a specified threshold (0.1 or 0.2) in the univariate analyses may be

considered for inclusion in the multivariable model

« Stepwise selection methods (forward, backward, or a combination) can be employed to identify a
parsimonious set of covariates

» Forward selection starts with an empty model and adds covariates one at a time based on a specified

criterion (p-value, AIC)

« Backward elimination starts with a full model and removes covariates one at a time based on a
specified criterion

Model Assessment and Goodness-of-Fit

* The likelihood ratio test, Wald test, and score test can be used to assess the overall significance of the

model and individual covariates

* The goodness-of-fit of a Cox model can be assessed using the Cox-Snell residuals, which should
follow a standard exponential distribution if the model fits well

* Plotting the Nelson-Aalen cumulative hazard estimate against the Cox-Snell residuals can help
visualize the model fit

* Deviations from a straight line with a slope of 1 indicate a lack of fit

» Other methods for assessing model fit include the Akaike Information Criterion (AIC) and the Bayesian

Information Criterion (BIC), which balance model complexity and fit
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* Lower values of AIC and BIC indicate better model fit, while penalizing for the number of parameters
in the model

Proportional Hazards Assumption vs Violations

Assessing the Proportional Hazards Assumption

* The proportional hazards assumption states that the hazard ratio comparing any two specifications of
predictors is constant over time

* Graphical methods, such as plotting the scaled Schoenfeld residuals against time for each covariate,
can help assess the proportional hazards assumption

* A non-random pattern or trend in the residuals suggests a violation of the assumption
* Parallel lines indicate that the proportional hazards assumption is met

» Formal statistical tests, such as the Grambsch-Therneau test, can be used to test the proportional
hazards assumption for individual covariates and the overall model

* A significant p-value indicates a violation of the proportional hazards assumption

Addressing Non-Proportional Hazards

« If the proportional hazards assumption is violated, alternative modeling strategies can be employed:

« Stratified Cox models allow for different baseline hazard functions for each stratum of a categorical
covariate (disease stage) while assuming proportional hazards within each stratum

» Time-dependent covariates can be included in the model to allow for non-proportional hazards, where
the effect of a covariate changes over time

» For example, the effect of a treatment may be strong initially but diminish over time

* Piecewise constant models or flexible parametric models can be used to model non-proportional
hazards by allowing the baseline hazard to vary over different time intervals

* Model diagnostics, such as examining the martingale and deviance residuals, can help identify
influential observations and assess the functional form of continuous covariates

» Martingale residuals can be plotted against each covariate to assess the functional form and identify
potential outliers

* Deviance residuals can be used to identify observations that are not well fit by the model
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Unit 11 — Nonparametric Methods in
Biostatistics

11.1 Wilcoxon rank-sum and signed-rank tests

Wilcoxon rank-sum and signed-rank tests are powerful nonparametric tools for comparing two samples
without assuming normal distribution. They're perfect for analyzing biological data that doesn't fit typical
parametric assumptions, like gene expression or species diversity.

These tests use ranking instead of actual values, making them robust against outliers and non-normal
data. The rank-sum test compares independent samples, while the signed-rank test handles paired data.
Both help biologists uncover significant differences in their research.

Nonparametric Tests for Two Samples

Principles and Assumptions

* Nonparametric tests are statistical methods that do not require assumptions about the underlying
distribution of the data

« Suitable for analyzing data that violate the assumptions of parametric tests (normality, homogeneity of

variance)

» The Wilcoxon rank-sum and signed-rank tests are nonparametric alternatives to the two-sample t-test

and paired t-test, respectively

» The Wilcoxon rank-sum test assumes that the two independent samples are randomly drawn from
populations with the same shape and variability

» The Wilcoxon signed-rank test assumes that the paired differences are symmetric about the median

Ranking-Based Approach

* These tests are based on ranking the observations rather than using the actual values
* Less sensitive to outliers

» More robust to departures from normality

* Ranking involves assigning a rank to each observation based on its relative position in the combined

dataset
* Smallest observation receives rank 1, second smallest rank 2, and so on

* Ties are assigned the average rank of the tied positions

Wilcoxon Rank-Sum Test

Test Procedure

» The Wilcoxon rank-sum test, also known as the Mann-Whitney U test, compares two independent
samples
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* Determines whether the samples come from the same population or if one sample tends to have
larger values than the other

* To perform the test:

1. Combine the observations from both samples

2. Rank the combined observations from smallest to largest, assigning the average rank in case of ties
3. Calculate the sum of the ranks for each sample

4. Determine the U statistic for each sample by subtracting the sum of the ranks from the product of the
sample size and the sum of the first n integers, where n is the sample size

* The test statistic is the smaller of the two U values

Interpretation and Significance

* The test statistic can be compared to a critical value or used to calculate a p-value
 Determines the significance of the difference between the two samples

+ A small p-value (typically < 0.05) indicates a significant difference between the two samples
* Suggests that the factor of interest has an effect on the measured variable

* Example: Comparing the weights of male and female mice in a study

* A significant result would suggest that gender has an effect on mouse weight

Wilcoxon Signed-Rank Test

Test Procedure

» The Wilcoxon signed-rank test compares two paired samples or tests whether the median difference
between paired observations is zero

* To perform the test:

1. Calculate the differences between each pair of observations

2. Rank the absolute values of the differences, excluding any differences equal to zero

3. Assign the average rank in case of ties and attach the sign of the original difference to each rank
4. Calculate the sum of the positive ranks (W+) and the sum of the negative ranks (W-)

* The test statistic is the smaller of the two sums (W+ or W-)

Interpretation and Significance

» Compare the test statistic to a critical value or calculate a p-value to determine the significance of the
difference between the paired samples

+ A small p-value (typically < 0.05) indicates a significant difference between the paired observations
» Suggests that the treatment or intervention has a significant effect on the measured variable

» Example: Comparing the blood pressure of patients before and after taking a new medication
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* A significant result would suggest that the medication has an effect on blood pressure

Interpreting Wilcoxon Tests in Biology

Biological Context

* A significant result in the Wilcoxon rank-sum test indicates that the two independent samples come
from populations with different median values

» Suggests that the factor of interest (treatment, condition, etc.) has an effect on the measured variable

+ A significant result in the Wilcoxon signed-rank test indicates that the median difference between the
paired observations is significantly different from zero

» Suggests that the treatment or intervention has a significant effect on the measured variable

+ Consider the biological context, the magnitude of the difference between the samples or paired
observations, and the potential limitations of the study design or data collection methods

P-Values and Limitations

» The p-value represents the probability of observing a difference as extreme as or more extreme than
the one observed, assuming the null hypothesis is true

* Nonparametric tests may have lower power than their parametric counterparts when the assumptions
of the parametric tests are met

* Consider the trade-off between robustness and power when choosing between parametric and
nonparametric methods

» Example: Comparing the expression levels of a gene in two different tissues

* A significant result would suggest that the gene is differentially expressed between the tissues, but the
biological relevance of the difference should be considered

11.2 Kruskal-Wallis and Friedman tests

Nonparametric tests like Kruskal-Wallis and Friedman are lifesavers when your data doesn't play nice with
normal distributions. They use ranks instead of actual values, making them more robust against outliers
and weird data shapes.

These tests help you compare multiple groups or repeated measures without assuming anything about
your data's distribution. They're perfect for ordinal data or when ANOVA's assumptions are too strict for
your biological samples.

Nonparametric Tests for Multiple Samples

Principles and Assumptions

» Nonparametric tests are statistical methods that do not rely on assumptions about the underlying
distribution of the data (normality or equal variances)

» Nonparametric tests are useful when the assumptions of parametric tests (ANOVA or t-tests) are
violated or when the data is measured on an ordinal scale
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* The null hypothesis in nonparametric tests for comparing multiple samples states that the samples
come from populations with the same distribution

* The alternative hypothesis suggests that at least one sample comes from a population with a different
distribution

Rank-Based Approach

» Nonparametric tests for comparing multiple samples are based on the ranks of the observations rather
than their actual values

» Ranking observations makes nonparametric tests less sensitive to outliers and extreme values

* The test statistics for nonparametric tests (Kruskal-Wallis and Friedman) are calculated based on the
ranks of the observations

* Degrees of freedom for nonparametric tests are equal to the number of samples or paired samples
minus one (k - 1)

Kruskal-Wallis Test for Independent Samples

Test Overview and Purpose

* The Kruskal-Wallis test is a nonparametric alternative to the one-way ANOVA for comparing multiple
independent samples

* The test is used to determine if there are statistically significant differences between three or more
independent samples when the assumptions of one-way ANOVA are not met

» The Kruskal-Wallis test is suitable for data measured on an ordinal scale or when the distribution of
the data is not normal

Test Procedure and Interpretation

* To conduct the Kruskal-Wallis test, rank all observations from smallest to largest, ignoring the sample
membership

* Calculate the sum of ranks for each sample

* The test statistic for the Kruskal-Wallis test, H, is calculated based on the ranks of the observations in
each sample and follows a chi-square distribution under the null hypothesis

« If the Kruskal-Wallis test results in a statistically significant difference, post-hoc pairwise comparisons
using Dunn's test or the Mann-Whitney U test with a Bonferroni correction can be used to determine
which samples differ significantly from each other

Friedman Test for Paired Samples

Test Overview and Purpose

» The Friedman test is a nonparametric alternative to the repeated measures ANOVA for comparing
multiple paired samples

* The test is used to determine if there are statistically significant differences between three or more
paired samples (repeated measurements on the same subjects) when the assumptions of repeated
measures ANOVA are not met
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» The Friedman test is suitable for data measured on an ordinal scale or when the distribution of the
data is not normal

Test Procedure and Interpretation

* To conduct the Friedman test, rank the observations within each subject from smallest to largest
* Calculate the sum of ranks for each paired sample

* The test statistic for the Friedman test, Q, is calculated based on the ranks of the observations within
each subject and follows a chi-square distribution under the null hypothesis

« If the Friedman test results in a statistically significant difference, post-hoc pairwise comparisons using
the Wilcoxon signed-rank test with a Bonferroni correction can be used to determine which paired
samples differ significantly from each other

Interpreting Nonparametric Test Results

Statistical Significance and Effect Size

+ A statistically significant result in the Kruskal-Wallis test indicates that at least one of the independent
samples comes from a population with a different distribution, suggesting that the factor of interest has
an effect on the response variable

* A statistically significant result in the Friedman test indicates that at least one of the paired samples
comes from a population with a different distribution, suggesting that the factor of interest has an effect
on the response variable

* The effect size for the Kruskal-Wallis and Friedman tests can be calculated using the eta-squared (n?)
statistic, which represents the proportion of variance in the response variable explained by the factor of
interest

Biological Significance and Reporting Results

* When interpreting the results of nonparametric tests in biological data analysis, it is essential to
consider the biological significance of the findings in addition to the statistical significance

« Consider the limitations of the study design and potential confounding factors when interpreting results

* The results of Kruskal-Wallis and Friedman tests should be reported in a clear and concise manner,
including the test statistic, degrees of freedom, p-value, effect size, and a brief interpretation of the
findings in the context of the research question and biological system under study

11.3 Spearman's rank correlation and Kendall's tau

Spearman's rank correlation and Kendall's tau are essential tools for analyzing relationships in biological
data. These methods work well with non-normal data and outliers, making them perfect for gene
expression studies or disease severity ratings.

Both measure monotonic relationships, ranging from -1 to +1. Spearman's uses rank differences, while
Kendall's focuses on concordant and discordant pairs. Choose based on your data's characteristics and
research goals for the best results.
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Nonparametric Association Measures

Principles and Assumptions

* Assess the monotonic relationship between two variables, meaning as one variable increases or
decreases, the other variable also increases or decreases, but not necessarily in a linear fashion

« Suitable for non-normally distributed data or data with outliers (gene expression data) as they do not
require the assumption of normality

» The null hypothesis states that there is no monotonic relationship between the two variables, while the
alternative hypothesis suggests the presence of a monotonic relationship

» Commonly used when the data violate the assumptions of parametric tests or when the variables are
measured on an ordinal scale (disease severity ratings)

Spearman's Rank Correlation

Calculation and Interpretation

» Measures the strength and direction of the monotonic relationship between two variables, denoted as
porrs

* Rank the data for each variable separately, assigning the smallest value a rank of 1, the second
smallest a rank of 2, and so on. Tied values receive the average of the ranks they would have received
if they were not tied

+ Calculate using the formula: p =1 - (6 * 2d?) / (n * (n? - 1)), where d is the difference between the ranks
of corresponding values, and n is the number of pairs of values

* Ranges from -1 to +1, with -1 indicating a perfect negative monotonic relationship, +1 indicating a
perfect positive monotonic relationship, and 0 indicating no monotonic relationship

Significance Testing

* Assess the statistical significance of Spearman's rank correlation using a hypothesis test or by
constructing a confidence interval

* The null hypothesis states that there is no monotonic relationship between the two variables, while the
alternative hypothesis suggests the presence of a monotonic relationship

* A p-value less than the chosen significance level (usually 0.05) indicates a statistically significant
monotonic relationship between the variables

« Confidence intervals provide a range of plausible values for the true population correlation coefficient

Kendall's Tau

Calculation and Interpretation

» Another nonparametric measure of the strength and direction of the monotonic relationship between
two variables, denoted as 1

» Compare each pair of observations and determine whether they are concordant (both values in one
observation are higher or lower than the corresponding values in the other observation) or discordant
(one value is higher, and the other is lower)
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+ Calculate using the formula: 1= (C-D)/(n * (n - 1)/ 2), where C is the number of concordant pairs, D
is the number of discordant pairs, and n is the number of pairs of values

* Ranges from -1 to +1, with -1 indicating a perfect negative monotonic relationship, +1 indicating a
perfect positive monotonic relationship, and 0 indicating no monotonic relationship

* Represents the difference between the probability of observing concordant pairs and the probability of
observing discordant pairs, providing a more straightforward interpretation than Spearman's rank
correlation

Significance Testing

* Assess the statistical significance of Kendall's tau using a hypothesis test or by constructing a
confidence interval

» The null hypothesis states that there is no monotonic relationship between the two variables, while the
alternative hypothesis suggests the presence of a monotonic relationship

* A p-value less than the chosen significance level (usually 0.05) indicates a statistically significant
monotonic relationship between the variables

+ Confidence intervals provide a range of plausible values for the true population correlation coefficient

Spearman's vs Kendall's Tau

Similarities
* Both are nonparametric measures of the monotonic relationship between two variables, suitable for
non-normally distributed data or data with outliers

* Both range from -1 to +1, with -1 indicating a perfect negative monotonic relationship, +1 indicating a
perfect positive monotonic relationship, and 0 indicating no monotonic relationship

+ Both can be used to assess the statistical significance of the monotonic relationship using hypothesis
tests or confidence intervals

Differences

» Spearman's rank correlation is based on the differences between the ranks of the values, while
Kendall's tau is based on the concordance and discordance of pairs of observations

» Kendall's tau has a more intuitive interpretation than Spearman's rank correlation, representing the
difference between the probability of observing concordant pairs and the probability of observing
discordant pairs

» Spearman's rank correlation is more sensitive to outliers than Kendall's tau, as it considers the
magnitude of the differences between ranks

» Kendall's tau is generally more robust and efficient than Spearman's rank correlation, especially for
small sample sizes or in the presence of tied values (repeated measurements)

Choosing Between Spearman's and Kendall's Tau

* The choice between Spearman's rank correlation and Kendall's tau depends on the specific
characteristics of the data, the research question, and the desired interpretation of the results
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* When the sample size is large, and there are few tied values, Spearman's rank correlation and
Kendall's tau tend to produce similar results

* In the context of biological data analysis, consider the nature of the variables, the presence of outliers,
and the desired robustness and efficiency of the measure when selecting between Spearman's rank
correlation and Kendall's tau
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Unit 12 — Bayesian Statistics in Biology

12.1 Bayesian inference and prior distributions

Bayesian inference and prior distributions are key concepts in biostatistics. They offer a unique approach
to analyzing data by incorporating existing knowledge and updating beliefs as new information becomes
available. This method allows for more nuanced interpretations of results and better handling of
uncertainty.

Understanding these concepts is crucial for making informed decisions in biological research. By using
Bayesian methods, scientists can combine prior knowledge with new data, leading to more robust
conclusions and a clearer picture of the uncertainties involved in their studies.

Bayesian Inference vs Frequentist Approaches

Probability Interpretation and Parameter Treatment

 Bayesian inference interprets probability as a measure of the degree of belief in an event, while
frequentist inference interprets probability as the long-run frequency of an event in repeated trials

» Bayesian inference treats parameters as random variables with probability distributions, while
frequentist inference treats parameters as fixed, unknown constants

+ Bayesian inference incorporates prior information about parameters through the use of prior
distributions, while frequentist inference does not incorporate prior information and relies solely on the
observed data

Uncertainty Quantification and Inference Focus

» Bayesian inference provides a natural way to quantify uncertainty through posterior distributions, while
frequentist inference typically uses confidence intervals and p-values to assess uncertainty

» Bayesian inference allows for the calculation of direct probabilities of hypotheses or parameters, given
the data, while frequentist inference focuses on the probability of the data, given a hypothesis or
parameter value

 Bayesian inference is well-suited for decision-making and can incorporate subjective beliefs, while
frequentist inference aims for objectivity and relies on long-run frequency interpretations

+ Bayesian inference updates prior beliefs based on observed data to obtain posterior distributions,
while frequentist inference draws conclusions based solely on the likelihood of the observed data

Prior Distribution Selection

Informative Priors

* Informative priors incorporate specific, relevant information about the parameters based on previous
studies, expert knowledge, or theoretical considerations

 Conjugate priors are chosen from a family of distributions that, when combined with the likelihood
function, result in a posterior distribution from the same family, simplifying computations (Beta-Binomial,
Gamma-Poisson)
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« Elicited priors are obtained by formally gathering and quantifying expert knowledge or opinions about
the parameters through structured interviews or surveys

* Informative priors can be used to incorporate domain-specific knowledge or results from previous
experiments into the analysis

Non-Informative and Weakly Informative Priors

» Non-informative or weakly informative priors are used when there is little or no prior information
available, aiming to minimize the influence of the prior on the posterior distribution

+ Uniform priors assign equal probability to all possible parameter values within a specified range,
representing a lack of prior knowledge (uniform distribution over a bounded interval)

« Jeffreys priors are non-informative priors that are invariant under reparameterization and have
desirable properties for model comparison (square root of the determinant of the Fisher information
matrix)

* The choice of prior distribution should be guided by the nature of the parameter (continuous, discrete,
bounded) and the available information

* Sensitivity analysis should be conducted to assess the robustness of the posterior inferences to
different choices of prior distributions by comparing results obtained using different priors

Updating Beliefs with Data

Bayes' Theorem and Likelihood Function

» Bayes' theorem provides a mathematical framework for updating prior beliefs about parameters or
hypotheses based on observed data to obtain posterior distributions

* The posterior distribution is proportional to the product of the prior distribution and the likelihood
function, which represents the probability of the observed data given the parameter values

* The likelihood function is determined by the assumed statistical model for the data and the chosen
probability distribution for the observations (Binomial, Poisson, Normal)

« Bayes' theorem can be expressed as: P(6|D) = w, where P(6|D) is the posterior

distribution, P(D]6) is the likelihood function, P(6) is the prior distribution, and P(D) is the marginal
likelihood or evidence

Posterior Computation and Sampling

* The marginal likelihood is a normalizing constant that ensures the posterior distribution integrates to
one over the parameter space

» Markov Chain Monte Carlo (MCMC) methods, such as the Metropolis-Hastings algorithm or Gibbs
sampling, are often used to sample from the posterior distribution when analytical solutions are
intractable

* MCMC methods generate a sequence of samples from the posterior distribution by constructing a
Markov chain that converges to the target distribution

* The posterior distribution summarizes the updated knowledge about the parameters after
incorporating the observed data and provides a complete description of the uncertainty
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Communicating Bayesian Results

Point Estimates and Credible Intervals

 Bayesian inference results in a posterior distribution that characterizes the uncertainty about the
parameters or hypotheses of interest

* Point estimates, such as the posterior mean, median, or mode, can be used to summarize the central
tendency of the posterior distribution

* Credible intervals, also known as posterior probability intervals, provide a range of values that contain
a specified probability mass of the posterior distribution

* A 95% credible interval, for example, represents the range of parameter values within which there is a
95% probability, given the observed data and the prior distribution (0.2 to 0.8 for a parameter)

+ Unlike frequentist confidence intervals, credible intervals have a direct probability interpretation and
can be asymmetric

Posterior Probabilities and Model Comparison

* Posterior probabilities can be calculated for specific hypotheses or parameter values, allowing for
direct probability statements about their plausibility (probability of a parameter being greater than a
threshold)

+ Bayes factors can be used to compare the relative evidence for different models or hypotheses,
quantifying the ratio of posterior probabilities (Bayes factor of 10 in favor of Model A over Model B)

* When communicating Bayesian results, it is essential to clearly state the assumptions, prior
distributions, and limitations of the analysis

« Visualizations, such as density plots or histograms of the posterior distribution, can aid in
understanding and communicating the results

* The interpretation of Bayesian results should focus on the probabilities and uncertainties associated
with the parameters or hypotheses, rather than on binary decisions or p-values

12.2 Markov Chain Monte Carlo (MCMC) methods

Markov Chain Monte Carlo (MCMC) methods are powerful tools for sampling complex probability
distributions in Bayesian inference. They're especially useful when dealing with tricky models that don't
have easy analytical solutions, like those often encountered in biology.

MCMC techniques, such as the Metropolis-Hastings algorithm, create Markov chains that converge to the
desired posterior distribution. By carefully designing these chains and assessing their convergence,
researchers can obtain reliable estimates of biological parameters and their uncertainties.

Markov Chain Monte Carlo Methods

Concepts and Motivations

* MCMC methods are computational techniques used to sample from complex probability distributions,
particularly in Bayesian inference

+ MCMC is motivated by the need to estimate posterior distributions when analytical solutions are
intractable or infeasible
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» Complex models with high-dimensional parameter spaces often lack closed-form solutions for the
posterior

* MCMC provides a flexible and general framework to approximate the posterior through sampling

* Markov chains are stochastic processes where the probability of transitioning to a new state depends
only on the current state, not on the past states (Markov property)

» The memoryless property simplifies the construction and analysis of Markov chains

» Markov chains can be designed to converge to a desired target distribution

Constructing Markov Chains

+ MCMC methods construct a Markov chain that has the target posterior distribution as its stationary
distribution, allowing samples to be drawn from the posterior

* The stationary distribution is the long-run equilibrium distribution of the Markov chain

+ By carefully designing the transition probabilities, the Markov chain can be made to converge to the
desired posterior

» The Metropolis-Hastings algorithm and the Gibbs sampler are two commonly used MCMC algorithms
for sampling from complex distributions

» The Metropolis-Hastings algorithm proposes new states and accepts or rejects them based on an
acceptance probability

» The Gibbs sampler updates each parameter component conditionally on the others, exploiting the full
conditional distributions

Metropolis-Hastings Algorithm Implementation

Algorithm Steps

» The Metropolis-Hastings (MH) algorithm is a general MCMC method that can be used to sample from
any target distribution, given a suitable proposal distribution

» The MH algorithm generates a sequence of samples by proposing a new state based on the current
state and accepting or rejecting the proposal according to an acceptance probability

1. Initialize the Markov chain at an arbitrary starting point
2. Propose a new state based on the current state using a proposal distribution

3. Calculate the acceptance probability as the ratio of the product of the target density and the proposal
density at the proposed state to the product at the current state

4. Accept or reject the proposed state based on the acceptance probability (using a random uniform
draw)

5. If accepted, move to the proposed state; if rejected, stay at the current state

6. Repeat steps 2-5 until convergence or a desired number of samples is obtained

Proposal Distribution Choice

* The choice of the proposal distribution is crucial for the efficiency and mixing of the MH algorithm

Fiveable archived study guides Page 126



* The proposal should be easy to sample from and evaluate

* The proposal should have a similar scale and shape to the target distribution for efficient exploration
» Common choices for the proposal distribution include:

» Normal distribution (symmetric, continuous)

* Uniform distribution (symmetric, bounded)

« Student's t distribution (heavy-tailed, continuous)

* The proposal distribution can be tuned adaptively during the MCMC run to improve mixing and
convergence

Implementation Considerations

« Implementing the MH algorithm involves specifying the target distribution, choosing a suitable
proposal distribution, initializing the Markov chain, and iteratively proposing and accepting/rejecting
states until convergence

* The target distribution is typically specified as an unnormalized density function, proportional to the
product of the likelihood and the prior

+» The proposal distribution should be chosen based on the characteristics of the target distribution and

the parameter space

» The Markov chain is initialized at a reasonable starting point, such as the mode of the prior or a
maximum likelihood estimate

» The number of iterations required for convergence depends on the complexity of the target distribution

and the efficiency of the proposal
» Convergence can be assessed using diagnostic tools and visual inspections (see the next section)

* Thinning the MCMC chain by keeping only every k-th sample can help reduce autocorrelation and
storage requirements

MCMC Chain Convergence and Mixing

Visual Inspection

* Visual inspection of trace plots, which show the sampled values over iterations, can provide insights

into convergence and mixing

» Good mixing is indicated by rapid oscillations around the target value, without long-term trends or
patterns

» Poor mixing shows slow traversal or stickiness, with the chain getting stuck in local regions for many

iterations
« Autocorrelation plots show the correlation between samples at different lag times
* High autocorrelation suggests slow mixing and the need for thinning the chain

* Low autocorrelation indicates good mixing and nearly independent samples

Fiveable archived study guides

Page 127



Diagnostic Tools

» The Gelman-Rubin diagnostic (R-hat) compares the between-chain and within-chain variances of
multiple chains to assess convergence

* Multiple chains are run in parallel, starting from dispersed initial values

* R-hat values close to 1 indicate convergence, while values greater than 1.1 suggest lack of
convergence

* The effective sample size (ESS) estimates the number of independent samples in the MCMC chain,
accounting for autocorrelation

* ESS is calculated as the total number of samples divided by the integrated autocorrelation time
* Higher ESS values (e.g., > 1000) indicate better mixing and more reliable posterior estimates

« Other diagnostic tools include the Heidelberger-Welch test, the Raftery-Lewis test, and the Geweke
diagnostic, which assess different aspects of convergence and mixing

Improving Convergence and Mixing

« If convergence and mixing are poor, several strategies can be employed to improve the MCMC
performance:

* Reparameterizing the model to reduce correlations between parameters

» Choosing a more efficient proposal distribution, such as an adaptive Metropolis or a Hamiltonian
Monte Carlo

* Running longer chains or multiple chains in parallel to ensure adequate exploration
« Thinning the chains to reduce autocorrelation and storage requirements

+ Adjusting the tuning parameters of the MCMC algorithm, such as the proposal scale or the number of
burn-in iterations

MCMC Applications in Biology

Bayesian Inference in Biological Models

+ MCMC methods are widely used in biological applications, such as phylogenetic inference, population
genetics, ecological modeling, and biomedical research

+ Bayesian inference with MCMC allows the incorporation of prior knowledge and the estimation of
posterior distributions for parameters of interest in biological models

* Priors can be used to incorporate existing knowledge or constraints on the parameters
« Posteriors provide a full characterization of the uncertainty in the parameter estimates
» Examples of biological applications include:

« Inferring evolutionary relationships and divergence times in phylogenetics

« Estimating population structure and migration rates in population genetics

* Modeling species distributions and ecological processes in ecological studies
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* Estimating disease prevalence and risk factors in epidemiological studies

Interpreting and Communicating Results

* Interpreting MCMC results involves examining the posterior distributions, summarizing them using
point estimates and uncertainty intervals, and making scientific conclusions based on the estimates

* Posterior means, medians, or modes can be used as point estimates of the parameters

* Credible intervals (e.g., 95% highest posterior density intervals) quantify the uncertainty in the
estimates

* Model comparison and selection can be performed using MCMC-based methods, such as Bayes
factors or deviance information criterion (DIC), to choose among competing biological hypotheses

« Bayes factors quantify the relative evidence for different models based on their marginal likelihoods
* DIC balances the goodness of fit and the complexity of the models, favoring parsimony

* Sensitivity analysis should be conducted to assess the robustness of the MCMC results to prior
choices, model assumptions, and data perturbations, ensuring the reliability of the scientific conclusions

« Different priors can be used to check the impact on the posterior estimates
* Alternative models can be fitted to assess the sensitivity to model assumptions
+ Data subsets or perturbations can be analyzed to evaluate the stability of the results

« Communicating MCMC results requires clear and transparent reporting of the methods, priors,
convergence diagnostics, and biological interpretations, following established guidelines and best
practices in the field

» The MCMC algorithm, proposal distribution, and tuning parameters should be described in detail
* The priors and their justifications should be clearly stated

» Convergence diagnostics and mixing assessments should be reported to ensure the reliability of the
results

* Biological conclusions should be supported by the posterior estimates and uncertainty intervals, with
appropriate caveats and limitations acknowledged

12.3 Bayesian model selection and averaging

Bayesian model selection and averaging are powerful tools in biostatistics. They help compare models,
incorporate prior knowledge, and handle uncertainty. These methods are especially useful for complex
biological data, allowing researchers to make more informed decisions and predictions.

By weighing different models based on their probabilities, Bayesian approaches provide a nuanced view of
biological systems. This can lead to more robust conclusions and better understanding of complex
phenomena like gene regulation, species evolution, and ecological interactions.

Bayesian Model Selection

Principles and Advantages

» Bayesian model selection compares and selects models based on their posterior probabilities, which
quantify the support for each model given the observed data and prior knowledge
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« Explicitly incorporates prior information and provides a coherent framework for quantifying model
uncertainty, in contrast to frequentist model selection methods (likelihood ratio tests, AIC, BIC)

» Automatically penalizes model complexity, favoring simpler models that provide a good fit to the data,
thus mitigating the risk of overfitting

* Allows for the comparison of non-nested models, which is challenging in the frequentist framework

* Provides a natural way to perform model averaging, where predictions are based on a weighted
average of multiple models, taking into account their posterior probabilities

Implementation and Challenges

* Requires specifying prior distributions for the model parameters and calculating the marginal
likelihoods, which can be challenging for complex models

» May require numerical methods to compute marginal likelihoods (Laplace approximation, MCMC
sampling)

+ Choice of prior distributions can have a substantial impact on the results, especially when the data are
limited or the models are complex

« Interpreting the results requires an understanding of the biological context and the limitations of the
models and data

 Important to assess the sensitivity of the conclusions to the choice of priors and the set of models
considered

Bayes Factors and Model Probabilities

Calculating and Interpreting Bayes Factors

* Bayes factors quantify the relative evidence in favor of one model over another, based on the ratio of
their marginal likelihoods (the probability of the data given each model, averaged over the prior
distribution of model parameters)

* A Bayes factor greater than 1 indicates support for the numerator model, while a Bayes factor less
than 1 favors the denominator model

* Bayes factors can be interpreted using established guidelines to assess the strength of evidence
(Jeffreys' scale)

« Example: A Bayes factor of 10 indicates that the data are 10 times more likely under the numerator
model than under the denominator model, providing strong evidence in favor of the numerator model

Posterior Model Probabilities

* Posterior model probabilities are obtained by normalizing the product of Bayes factors and prior model
probabilities, providing a measure of the relative plausibility of each model after observing the data

» Represent the updated beliefs about the models after taking into account the evidence provided by the
data

» Can be used to quantify the uncertainty in model selection and to guide decision-making based on the
most plausible models
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« Example: If two models have posterior probabilities of 0.8 and 0.2, respectively, it means that the first
model is considered four times more plausible than the second model given the data and prior
information

Model Uncertainty and Averaging
Bayesian Model Averaging (BMA)

* BMA combines predictions from multiple models, weighted by their posterior model probabilities, to
obtain a consensus prediction that accounts for model uncertainty

» Can improve predictive performance by leveraging the strengths of different models and reducing the
risk of relying on a single best model that may be suboptimal or overfitted

* Particularly useful when there are many competing models with similar levels of support from the data,
or when the goal is to make robust predictions in the presence of model uncertainty

» Example: In ecological niche modeling, BMA can be used to combine predictions from multiple models
based on different sets of environmental predictors, providing a more comprehensive and robust
assessment of species distributions

Implementing BMA

» Requires computing the posterior model probabilities and the posterior predictive distributions for each
model, which can be based on MCMC samples or analytical approximations

» The BMA prediction is obtained by taking a weighted average of the individual model predictions,
where the weights are given by the posterior model probabilities

« Posterior predictive distributions can be used to quantify the uncertainty in predictions and to construct
credible intervals

* Example: In gene regulatory network modeling, BMA can be used to integrate predictions from
multiple network structures, each with different assumptions about the interactions among genes, to
provide a more reliable and interpretable understanding of the regulatory mechanisms

Bayesian Methods for Biological Data

Applications in Biology

* Biological datasets often involve complex, hierarchical structures and multiple sources of uncertainty,
making them well-suited for Bayesian model selection and averaging approaches

» Comparing alternative models of evolutionary relationships among species, selecting the best set of
predictors in ecological niche modeling, or identifying the most plausible models of gene regulatory
networks

+ Quantifying the support for competing hypotheses, identifying the most important predictors or
mechanisms, and making more robust predictions in the face of uncertainty

« Example: In phylogenetics, Bayesian model selection can be used to compare different models of
DNA substitution and to estimate the posterior probabilities of alternative tree topologies, providing a
measure of the uncertainty in the inferred evolutionary relationships
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Considerations and Limitations

« Careful consideration of the choice of prior distributions is crucial, as they can have a substantial
impact on the results, especially when the data are limited or the models are complex

* Interpreting the results requires an understanding of the biological context and the limitations of the
models and data

* Assessing the sensitivity of the conclusions to the choice of priors and the set of models considered is
important for ensuring the robustness of the findings

» Computational challenges may arise when dealing with large datasets or complex models, requiring
efficient algorithms and approximations

» Example: In population genetics, the choice of prior distributions for demographic parameters
(population sizes, migration rates) can strongly influence the inferred population history, and it is
important to assess the robustness of the conclusions to different prior assumptions

Fiveable archived study guides Page 132



Unit 13 — Biostatistics: Software for Data
Analysis

13.1 Introduction to R and RStudio for biological data analysis

R and RStudio are essential tools for biological data analysis. They offer powerful features for data
manipulation, statistical analysis, and visualization. This intro covers the basics of installation, setup, and
key functionalities.

Understanding R's syntax and data structures is crucial for effective analysis. We'll explore importing and
exporting data, as well as techniques for data manipulation and cleaning. These skills form the foundation
for advanced biological data analysis.

R and RStudio Setup for Biological Data

Installation Process

* R is a free, open-source programming language and software environment for statistical computing
and graphics

« Installing R involves downloading the appropriate version for your operating system (Windows,
macOS, Linux) from the official CRAN (Comprehensive R Archive Network) website

* RStudio is an integrated development environment (IDE) for R that provides a user-friendly interface
and additional features to enhance productivity

* Installing RStudio requires downloading the appropriate version (Desktop or Server) from the official
RStudio website

» RStudio installation is separate from R installation and should be performed after installing R

Configuration and Setup

« Setting up R and RStudio involves configuring preferences to customize the user experience and
optimize workflow

» The working directory can be set to specify the default location for reading and writing files

» Appearance settings, such as font size, color scheme, and pane layout, can be adjusted to suit
personal preferences

» Package management options, including default repositories and installation methods, can be
configured to streamline package installation and updates

* Integrating version control systems (Git) and connecting to remote repositories (GitHub) can be set up
within RStudio for collaborative projects

Basic R Syntax and Data Structures

Syntax and Operations

* R uses a command-line interface where users enter commands and receive output in the console
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+ Basic arithmetic operators in R include addition (+), subtraction (-), multiplication (*), division (/), and
exponentiation (*)

* R is case-sensitive, meaning that uppercase and lowercase letters are treated as distinct (e.g.,
variable and Variable are different)

* Variables in R are assigned using the assignment operator (<- or =) and can store various data types,
such as numeric, character, and logical values

» Comments in R code can be added using the # symbol to provide explanations or disable specific
lines of code

Data Structures

* Vectors are one-dimensional arrays that can contain elements of the same data type, created using
the c() function (e.g., c¢(1, 2, 3) creates a numeric vector)

 Atomic vectors include logical (TRUE, FALSE), integer (1L, 2L), double (1.5, 2.7), character ("a",
"hello"), complex (1+2i), and raw (as.raw(10)) types

» Matrices are two-dimensional arrays with elements of the same data type, created using the matrix()
function (e.g., matrix(1:6, nrow = 2, ncol = 3))

+ Data frames are two-dimensional data structures with columns that can contain different data types,
similar to a spreadsheet or SQL table (e.g., data.frame(x = c(1, 2, 3), y = ¢("a", "b", "c")))

« Lists are ordered collections of objects that can contain elements of different data types and
structures, created using the list() function (e.g., list(a = 1, b = "hello", ¢ = TRUE))

« Factors are special vectors used to represent categorical data with predefined levels, created using

the factor() function (e.g., factor(c("male", "female", "male")))

Data Import and Export in R

Importing Data

« read.table() and read.csv() functions are used to import tabular data from text files, such as CSV
(comma-separated values) or TSV (tab-separated values) files

« read.xIsx() function from the openxisx package allows importing data from Excel files (.xIsx or .xls)

* read.spss() function from the haven package enables importing data from SPSS (Statistical Package
for the Social Sciences) files (.sav)

« read.dta() function from the haven package is used to import data from Stata files (.dta)

« read.sas() function from the haven package allows importing data from SAS (Statistical Analysis
System) files (.sas7bdat)

Exporting Data

« write.table() and write.csv() functions are used to export data from R to text files, such as CSV or TSV
files

« write.xlIsx() function from the openxlsx package enables exporting data from R to Excel files (.xlIsx)

« write.dta() function from the haven package allows exporting data from R to Stata files (.dta)
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« write.sas() function from the haven package is used to export data from R to SAS files (.sas7bdat)

» Exporting data allows sharing analysis results, collaborating with others, or using the data in other
software applications

Data Manipulation and Cleaning in R

Subsetting and Accessing Data

 Subsetting data using square brackets ([]) or the subset() function allows selecting specific rows,
columns, or elements based on conditions

* The $$ operator is used to access columns of a data frame by name (e.g., df$$column_name)

» The head() and tail() functions display the first or last n rows of a data object, respectively, providing a
quick preview of the data

* The str() function provides a concise summary of the structure of a data object, including data types
and dimensions

» The summary() function generates descriptive statistics for a data object, such as minimum,
maximum, mean, and quartiles for numeric variables

Data Cleaning and Transformation

* The is.na() function checks for missing values (NA) in a data object, while na.omit() removes rows with
missing values

+ The unique() function identifies unique values in a vector or data frame column, helpful for identifying
distinct categories or levels

» The merge() function combines two data frames based on common columns, similar to a SQL join
operation (e.g., merge(df1, df2, by = "common_column"))

* The reshape2 package provides functions like melt() and dcast() for reshaping data between wide and
long formats, facilitating data manipulation for analysis and visualization

» The dplyr package offers a set of functions for data manipulation, such as filter() for subsetting rows,
select() for selecting columns, mutate() for creating new variables, and summarise() for aggregating
data

13.2 Data manipulation and visualization using R packages

R packages like dplyr and ggplot2 are game-changers for data manipulation and visualization. They make
it easy to wrangle messy datasets, create stunning graphs, and uncover hidden patterns. These tools are
essential for biostatistics, letting you focus on analysis rather than getting bogged down in code.

Learning these packages opens up a world of possibilities in data science. You'll be able to clean,
transform, and visualize complex biological datasets with ease. Mastering these skills will set you apart in
your field and help you tackle real-world research challenges head-on.
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Data Manipulation with dplyr

Core Functions for Data Transformation

» The dplyr package provides a set of functions for data manipulation and transformation in R, enabling
users to efficiently clean, filter, and reshape datasets

* The select() function allows users to choose specific columns from a dataset (e.g., select(data,
column1, column2))

* The filter() function enables subsetting rows based on specified conditions (e.g., filter(data, column1 >

5))

» The mutate() function is used to create new columns or modify existing ones by applying
transformations or calculations to the data (e.g., mutate(data, new_column = column1 + column2))

* The arrange() function sorts the rows of a dataset based on one or more columns, in ascending or
descending order (e.g., arrange(data, column1, desc(column2)))

Grouping and Distinct Operations

» The group_by() function is used to split a dataset into groups based on one or more variables, allowing
for group-wise operations using the summarize() function (e.g., group_by(data, column1) %>%
summarize(mean_column2 = mean(column2)))

* The distinct() function removes duplicate rows from a dataset based on specified columns (e.g.,
distinct(data, column1, column2))

» The sample_n() and sample_frac() functions enable random sampling of rows from a dataset
» sample_n(data, 100) selects 100 random rows

» sample_frac(data, 0.1) selects a random 10% of the rows

Data Visualization with ggplot2
Building Blocks of ggplot2

* ggplot2 is a powerful and flexible package for creating high-quality visualizations in R, based on the
Grammar of Graphics

» The ggplot() function is the foundation of the package, which takes a dataset and aesthetic mappings
(aes()) as arguments to define the plot's basic structure (e.g., ggplot(data, aes(x = column1, y =
column2)))

» Geometries (geom_*()) are added to the plot to represent the data, such as points (geom_point()),
lines (geom_line()), bars (geom_bar()), or boxplots (geom_boxplot())

+ Scales (scale_()) are used to control the mapping of data values to visual properties, such as colors
(scale_color_()) or sizes (scale_size_*())

* Facets (facet_wrap() and facet_grid()) allow for the creation of small multiples, displaying subsets of
the data in separate panels based on one or more categorical variables (e.g., facet_wrap(~ category))
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Customizing and Annotating Plots

* Themes (theme_*()) and manual theme adjustments (theme()) enable customization of the plot's
appearance, including background, text, and legend settings (e.g., theme_minimal() or
theme(legend.position = "bottom"))

« Labels (labs()), titles (ggtitle()), and annotations (annotate()) are used to add informative text elements
to the plot, enhancing its readability and interpretation

* labs(x = "X-axis label", y = "Y-axis label") sets axis labels
« ggtitle("Plot Title") adds a title to the plot

» annotate("text", x = 1, y = 2, label = "Annotation") adds custom text annotations to specific coordinates

Data Summarization with tidyr

Reshaping Data with pivot_longer() and pivot_wider()

* The tidyr package provides functions for tidying and reshaping data, making it easier to work with in R
and compatible with other tidyverse packages

* The pivot_longer() function is used to convert wide-format data into long-format, where each row
represents a single observation, and columns represent variables (e.g., pivot_longer(data, cols =
c("column1", "column2"), names_to = "variable", values_to = "value"))

* The pivot_wider() function is used to convert long-format data into wide-format, where each row
represents a unique combination of key variables, and columns represent measured variables (e.g.,
pivot_wider(data, names_from = "variable", values_from = "value"))

Handling Missing Values and Separating Columns

* The separate() function splits a single column into multiple columns based on a specified separator or
regular expression (e.g., separate(data, column, into = ¢("new_column1", "new_column2"), sep ="_"))

* The unite() function combines multiple columns into a single column (e.g., unite(data, "new_column",
column1, column2, sep ="_"))

* The drop_na() function removes rows with missing values (NA) from a dataset, either for specific
columns or the entire dataset (e.g., drop_na(data, column1))

* The replace_na() function replaces missing values with a specified value or a list of values based on
the column type (e.g., replace_na(data, list(column1 = 0, column2 = "Unknown")))

* The fill() function is used to fill in missing values in a column with the last non-missing value, useful for
carrying forward values in time series or grouped data (e.g., fill(data, column1))

Combining Datasets in R

Merging Datasets with merge()

* R provides several functions for combining multiple datasets based on common variables or keys,
allowing for efficient data integration and analysis

» The merge() function is used to combine two datasets by matching rows based on one or more
common columns, resulting in a new dataset containing all matched rows and columns from both input
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datasets

* The by argument specifies the common column(s) to match on, while the all, all.x, and all.y arguments
control the inclusion of unmatched rows from either or both datasets (e.g., merge(data1, data2, by =
"common_column", all.x = TRUE))

Joining Datasets with dplyr

* The dplyr package offers join functions that combine datasets based on common keys, with different
types of joins available depending on the desired output

« inner_join() returns only the rows that have matching keys in both datasets (e.g., inner_join(data1,
data2, by = "key_column"))

« left_join() and right_join() return all rows from the left or right dataset, respectively, and any matched
rows from the other dataset (e.g., left_join(data1, data2, by = "key_column"))

« full_join() returns all rows from both datasets, with NA values filled in for unmatched rows (e.g.,
full_join(data1, data2, by = "key_column"))

* semi_join() and anti_join() return rows from the left dataset that have (semi) or do not have (anti) a
match in the right dataset, without including columns from the right dataset (e.g., semi_join(data1,
data2, by = "key_column"))

* When combining datasets, it is essential to ensure that the common columns have the same data type
and format to avoid issues with matching and merging

13.3 Statistical analysis and modeling with R

R is a powerful tool for statistical analysis and modeling in biostatistics. It offers a wide range of functions
for descriptive statistics, hypothesis testing, and linear regression. These tools allow students to explore
biological data, test hypotheses, and build predictive models.

Generalized Linear Models (GLMs) extend linear regression to handle non-normal data common in
biology. GLMs can analyze binary outcomes, count data, and proportions, making them versatile for
various biological research questions. R's GLM functions enable easy fitting and interpretation of these
complex models.

Descriptive Statistics in R

Calculating Descriptive Statistics with R Functions

* R provides a wide range of functions for calculating descriptive statistics
» mean() calculates the arithmetic mean

» median() calculates the median value

+ sd() calculates the standard deviation

« var() calculates the variance

* min() and max() calculate the minimum and maximum values

« summary() provides a comprehensive overview of a dataset, including measures of central tendency
(mean, median), dispersion (standard deviation, interquartile range), and distribution shape (skewness,
kurtosis)
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Graphical Methods for Descriptive Statistics

* Graphical methods for descriptive statistics help visualize the distribution and characteristics of a
dataset

* hist() creates a histogram to display the frequency distribution of a continuous variable

* boxplot() creates a box plot to visualize the five-number summary (minimum, first quartile, median,
third quartile, maximum) and identify outliers

* plot() creates a scatter plot to visualize the relationship between two continuous variables

* barplot() creates a bar chart to display the frequencies or proportions of categorical variables

Frequency Tables and Proportions

* The table() function is used to create frequency tables for categorical variables

* Frequency tables show the count of observations for each category

« Example: table(iris$$Species) creates a frequency table for the "Species" variable in the iris dataset
» The prop.table() function calculates proportions from a frequency table

* Proportions represent the relative frequencies of each category

« Example: prop.table(table(iris$$Species)) calculates the proportions of each species in the iris dataset

Descriptive Statistics for Subgroups

» The aggregate() function allows for descriptive statistics to be calculated for subgroups defined by one
or more categorical variables

» Example: aggregate(Sepal.Length ~ Species, data = iris, FUN = mean) calculates the mean sepal
length for each species in the iris dataset

* The by() function is another way to apply a function, such as mean() or sd(), to subgroups of a dataset
defined by one or more factors

« Example: by(iris$$Sepal.Length, iris$$Species, mean) calculates the mean sepal length for each
species in the iris dataset

* The tapply() function is used to apply a function across subgroups of a vector, defined by one or more
factors

- Example: tapply(iris$$Sepal.Length, iris$$Species, mean) calculates the mean sepal length for each
species in the iris dataset

Hypothesis Testing and Confidence Intervals in R

Common Hypothesis Tests in R
* R provides functions for common hypothesis tests
« t.test() performs t-tests for comparing means between one or two groups
* One-sample t-test compares a sample mean to a hypothesized population mean

» Two-sample t-test compares means between two independent groups

Fiveable archived study guides Page 139



* Paired t-test compares means between two related or paired groups
« prop.test() compares proportions between two groups or against a hypothesized value

« chisq.test() performs chi-square tests for independence (relationship between two categorical
variables) and goodness-of-fit (comparing observed frequencies to expected frequencies)

Confidence Intervals in R

+ Confidence intervals provide a range of plausible values for a population parameter with a specified
level of confidence

» The conf.int() function obtains confidence intervals for various models, such as t-tests and linear
regression

« Example: conf.int(t.test(iris$$Sepal.Length)) calculates the confidence interval for the mean sepal
length in the iris dataset

» The binom.test() function performs hypothesis tests and obtains confidence intervals for binomial
proportions

« Example: binom.test(sum(iris$$Species == "setosa"), nrow(iris)) tests the proportion of setosa species
in the iris dataset and provides a confidence interval

Non-parametric Alternatives to t-tests

* The wilcox.test() function performs non-parametric Wilcoxon rank-sum (for independent groups) and
signed-rank (for paired groups) tests as alternatives to t-tests when normality assumptions are violated

* Wilcoxon tests compare the medians or distributions between groups

» Example: wilcox.test(Sepal.Length ~ Species, data = iris, subset = Species %in% c("setosa",
"versicolor")) compares sepal lengths between setosa and versicolor species using the Wilcoxon
rank-sum test

Linear Regression Modeling in R

Fitting Linear Regression Models

* The Im() function fits linear regression models in R

* The formula argument specifies the dependent variable and independent variables using the syntax
dependent_variable ~ independent_variable1 + independent_variable2 + ...

* Example: Im(Sepal.Length ~ Petal.Length, data = iris) fits a linear regression model with sepal length
as the dependent variable and petal length as the independent variable

» The summary() function applied to an Im object provides a comprehensive overview of the model
* Coefficients, standard errors, t-values, and p-values for each predictor
* Residual standard error, R-squared, and adjusted R-squared

* F-statistic and p-value for the overall model significance
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Interpreting Linear Regression Coefficients

* The coefficients of a linear regression model represent the change in the dependent variable for a
one-unit increase in the corresponding independent variable, holding other variables constant

* The intercept represents the expected value of the dependent variable when all independent variables
are zero

» Example: In the model Im(Sepal.Length ~ Petal.Length, data = iris), the coefficient for petal length
represents the change in sepal length for a one-unit increase in petal length

Model Diagnostics and Predictions

* The residuals() function extracts the residuals from a fitted linear model

* Residuals can be used to assess model assumptions, such as normality (using a Q-Q plot or
histogram) and homoscedasticity (using a residual plot)

* The predict() function obtains predicted values from a fitted linear model
* Predictions can be made for the original data or for new data points

* Example: predict(Im(Sepal.Length ~ Petal.Length, data = iris), newdata = data.frame(Petal.Length =
5)) predicts the sepal length for a flower with a petal length of 5 cm

Model Comparison and ANOVA

» The anova() function performs analysis of variance (ANOVA) for comparing nested linear models and
assessing the significance of individual predictors

* Nested models are models where one model is a subset of the other

* Example: anova(Im(Sepal.Length ~ Petal.Length, data = iris), Im(Sepal.Length ~ Petal.Length +
Species, data = iris)) compares a model with petal length as the only predictor to a model with both
petal length and species as predictors

* The confint() function calculates confidence intervals for the coefficients of a linear regression model

» Example: confint(Im(Sepal.Length ~ Petal.Length, data = iris)) provides confidence intervals for the
intercept and slope coefficients

Generalized Linear Models for Biological Data

Introduction to Generalized Linear Models (GLMs)

» Generalized linear models extend linear regression to accommodate response variables with
non-normal distributions

* Binary data (e.g., presence/absence, success/failure)

» Count data (e.g., number of species, number of mutations)

* Proportion data (e.g., proportion of infected individuals, proportion of cells expressing a gene)
* The glm() function fits GLMs in R

* The family argument specifies the distribution and link function for the response variable
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« Common families include binomial(link = "logit") for binary data, poisson(link = "log") for count data,
and Gamma(link = "inverse") for strictly positive continuous data

Interpreting GLM Coefficients

* The coefficients of a GLM are interpreted based on the link function used

* For logistic regression (binomial family with logit link), coefficients represent the change in the
log-odds of the response variable for a one-unit increase in the corresponding predictor

* For Poisson regression (Poisson family with log link), coefficients represent the change in the
log-mean of the response variable for a one-unit increase in the corresponding predictor

» For Gamma regression (Gamma family with inverse link), coefficients represent the change in the
mean of the response variable for a one-unit increase in the corresponding predictor

» The summary() function applied to a glm object provides model coefficients, standard errors, z-values,
and p-values, as well as deviance and AIC for model comparison

Predictions and Confidence Intervals

* The predict() function obtains predicted values from a fitted GLM

* The type = "response" argument returns predictions on the response scale (e.g., probabilities for
logistic regression, counts for Poisson regression)

* The type = "link" argument returns predictions on the linear predictor scale (e.g., log-odds for logistic
regression, log-mean for Poisson regression)

* The confint() function calculates confidence intervals for the coefficients of a GLM

+ Confidence intervals are provided on the log-odds scale for logistic regression, log-mean scale for
Poisson regression, or mean scale for Gamma regression

Model Comparison and Hypothesis Testing

* The anova() function can be used to compare nested GLMs using likelihood ratio tests or to assess
the significance of individual predictors using Wald tests

« Likelihood ratio tests compare the goodness-of-fit of two nested models

» Wald tests assess the significance of individual coefficients by comparing their estimates to their
standard errors

» Example: anova(gim(Species == "setosa" ~ Petal.Length, data = iris, family = binomial), gim(Species
== "setosa" ~ Petal.Length + Sepal. Width, data = iris, family = binomial), test = "LRT") compares a
logistic regression model with petal length as the only predictor to a model with both petal length and
sepal width as predictors using a likelihood ratio test
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Unit 14 — Genomic Data Analysis and
Bioinformatics

14.1 Statistical methods for gene expression analysis

Gene expression analysis is a crucial tool in genomics, allowing researchers to study how genes behave in
different conditions. Microarrays and RNA-seq are two main technologies used to measure gene
expression levels across thousands of genes simultaneously.

Analyzing gene expression data involves several steps: normalization to remove biases, preprocessing to
improve data quality, and statistical analysis to identify differentially expressed genes. These methods help
uncover key genes and pathways involved in biological processes and diseases.

Microarray and RNA-seq for Gene Expression

Principles and Technologies

* Microarray technology uses a solid surface (glass slide or silicon chip) to which a large number of
DNA probes are attached in a regular pattern or array

* Probes are designed to hybridize with specific target sequences from the sample being analyzed
* Allows for the simultaneous measurement of expression levels for thousands of genes

* RNA-seq, or RNA sequencing, is a high-throughput sequencing technology that allows for the direct
sequencing of complementary DNA (cDNA) derived from RNA samples

* Provides a more comprehensive and accurate measurement of gene expression levels compared to
microarrays

« Offers higher resolution, a wider dynamic range, and the ability to detect novel transcripts and splice
variants

Applications and Considerations
» Microarrays and RNA-seq can be used to study gene expression changes in various contexts
» Comparing different tissue types (brain vs. liver)
* Developmental stages (embryonic vs. adult)
* Disease states (cancerous vs. healthy)
+ Enable researchers to identify genes that are differentially expressed between conditions
* Provides insights into the molecular mechanisms underlying biological processes and diseases
* The choice between microarray and RNA-seq depends on factors such as:
* Research question
* Available resources

+ Desired level of sensitivity and specificity
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 Microarrays are generally less expensive and have a longer history of use

* RNA-seq offers higher resolution and the ability to detect novel transcripts and splice variants

Normalizing and Preprocessing Gene Expression Data

Normalization Methods

* Normalization is a crucial step in gene expression analysis that aims to remove systematic biases and
technical variations

« Differences in sample preparation, labeling, or hybridization efficiency can introduce biases

» Normalization allows for the comparison of gene expression levels across different samples and
conditions

« Common normalization methods for microarray data:

+ Quantile normalization: adjusts the distribution of expression values across arrays to make them
comparable

* Loess normalization: applies a local regression to correct for intensity-dependent biases

» Robust multi-array average (RMA): combines background correction, normalization, and
summarization steps

» Normalization methods for RNA-seq data account for differences in library size and composition
» Reads per kilobase of transcript per million mapped reads (RPKM)
* Fragments per kilobase of transcript per million mapped reads (FPKM)

* Transcripts per million (TPM)

Preprocessing Steps

* Preprocessing steps for gene expression data help to reduce noise and improve the signal-to-noise
ratio

» Background correction: removes non-specific background signal from the data
* Log transformation: reduces the skewness of the data and makes it more normally distributed

* Filtering out low-quality or low-expression probes or genes: removes unreliable or uninformative data
points

*» These steps are important for improving the accuracy and reliability of downstream analyses

|dentifying Differentially Expressed Genes
Statistical Methods

« Differentially expressed genes show a statistically significant difference in expression levels between
two or more conditions or groups

» These genes may be involved in the biological processes or diseases under study

* The t-test is a simple statistical method for comparing the means of two groups
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» Two-sample t-test can be used to identify genes that are differentially expressed between two
conditions (disease vs. healthy, treatment vs. control)

* Analysis of variance (ANOVA) extends the t-test to compare the means of three or more groups
simultaneously

« Identifies genes that show significant differences in expression levels across multiple conditions or
time points

« Linear models are more flexible and powerful approaches for identifying differentially expressed genes

« Limma (linear models for microarray data) uses an empirical Bayes approach to borrow information
across genes, improving the stability and reliability of the estimates of gene-wise variances

» EdgeR (empirical analysis of digital gene expression data in R) uses negative binomial distribution to
model the count data from RNA-seq experiments, accounting for the overdispersion commonly
observed in such data

» These methods can incorporate multiple factors (batch effects, covariates) and handle complex
experimental designs

Assessing Significance and Magnitude

« Statistical significance in gene expression analysis is typically assessed using p-values and false
discovery rates (FDR)

* P-value represents the probability of observing a difference in gene expression as extreme as or more
extreme than the one observed, under the null hypothesis of no difference

» FDR is the expected proportion of false positives among all significant results
* Fold change represents the magnitude of the difference in expression levels between conditions

* Genes with large fold changes and low p-values or FDR are considered to be the most biologically
relevant

Interpreting Gene Expression Analysis Results

Functional Annotation and Pathway Analysis

* Functional annotation and pathway analysis help to interpret the biological significance of differentially
expressed genes

» Mapping the identified genes to known biological functions, pathways, or gene ontology (GO) terms

* Provides insights into the underlying biological processes or molecular mechanisms

« Examples of functional annotation databases and tools:

* Gene Ontology (GO): standardized vocabulary for describing gene functions and cellular components

+ Kyoto Encyclopedia of Genes and Genomes (KEGG): database of biological pathways and molecular
interactions

* Ingenuity Pathway Analysis (IPA): commercial software for identifying enriched pathways and
networks
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Visualization and Validation

* Visualization techniques aid in the interpretation of gene expression results by revealing patterns,
clusters, or outliers in the data

» Heatmaps: display the expression levels of genes across samples or conditions using a color scale

* Volcano plots: plot the statistical significance (p-value or FDR) against the magnitude of change (fold
change) for each gene

* Principal component analysis (PCA) plots: reduce the dimensionality of the data and visualize the
relationships between samples

« Validating the findings from gene expression analysis using independent methods is important to
confirm the differential expression and biological relevance of the identified genes

* Quantitative PCR (qPCR): a targeted approach to measure the expression levels of specific genes

* Functional assays: experiments designed to test the biological function or activity of the identified
genes (knock-out studies, overexpression studies)

« Validation helps to increase confidence in the results and provides additional support for the biological
significance of the findings

14.2 Multiple testing corrections in genomic studies

Genomic studies often involve testing thousands of hypotheses simultaneously, increasing the risk of false
positives. Multiple testing corrections are crucial to control error rates and ensure reliable results. Without
these corrections, researchers may identify spurious associations, leading to incorrect conclusions and
wasted resources.

Various methods exist for multiple testing corrections, each with its own strengths and trade-offs. From
conservative approaches like Bonferroni correction to less stringent methods like False Discovery Rate,
researchers must choose the appropriate technique based on their study goals and the consequences of
false positives versus false negatives.

Multiple Testing Corrections in Genomics

High-Dimensional Genomic Data and False Positives

+ High-dimensional genomic data (microarray or RNA-seq data) involves testing a large number of
hypotheses simultaneously

* Increased risk of false positives (Type | errors) if not properly accounted for

* Multiple testing corrections are essential to control the family-wise error rate (FWER) or the false
discovery rate (FDR) when conducting numerous hypothesis tests in genomic studies

* The need for multiple testing corrections arises from the fact that the probability of observing a
significant result by chance increases as the number of hypothesis tests performed increases

« Failing to apply multiple testing corrections in high-dimensional genomic data analysis leads to:
+ Identification of spurious associations or differences

* Incorrect conclusions
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» Wasted resources in follow-up studies

Importance of Multiple Testing Corrections

« Controlling false positives is crucial in genomic studies to ensure the reliability and reproducibility of
findings

 Multiple testing corrections help researchers focus on the most promising and biologically relevant
results

* Applying appropriate multiple testing corrections enhances the credibility of genomic research and
facilitates the translation of findings into practical applications (biomarker discovery, drug development)

» Without multiple testing corrections, the scientific literature can become polluted with false positive
findings, leading to confusion and hindering progress in the field

Multiple Testing Correction Methods

Conservative Methods: Bonferroni Correction

» The Bonferroni correction controls the FWER by dividing the desired significance level (a) by the total
number of hypothesis tests performed

* Ensures that the probability of making at least one Type | error is less than or equal to a
+ Conservative method that guarantees a strict control of false positives
« Suitable for situations where the cost of Type | errors is high (clinical diagnostic tests)

* May increase the risk of Type Il errors (false negatives), potentially missing biologically relevant
findings

Less Conservative Methods: False Discovery Rate (FDR)

» The False Discovery Rate (FDR) controls the expected proportion of false positives among all
significant results

* Allows for a higher number of true positives to be identified while still controlling the false positive rate
» More powerful and less conservative approach compared to the Bonferroni correction

» The Benjamini-Hochberg procedure is a commonly used method for controlling the FDR

* Ranks the p-values from smallest to largest

» Compares each p-value to a threshold that depends on its rank and the desired FDR

« Suitable for exploratory or hypothesis-generating studies where the goal is to identify a set of
promising candidates for further investigation

Resampling-Based Methods: Permutation Tests

» Permutation-based approaches (Westfall-Young method) estimate the null distribution of test statistics
by randomly permuting the sample labels and calculating the test statistics for each permutation

* Provides a more accurate control of the FWER or FDR
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* Takes into account the correlation structure among the tests, which can improve power compared to
the Bonferroni correction

» Computationally intensive, especially for large datasets, but can be accelerated using parallel
computing or approximation techniques

« Useful when the assumptions of parametric tests are violated or when the distribution of the test
statistic is unknown

Impact of Corrections on Results

Interpretation of Findings

* Applying multiple testing corrections reduces the number of significant findings in a genomic study as
the adjusted significance threshold becomes more stringent

* The interpretation of genomic study results should consider the specific multiple testing correction
method used, as different methods may lead to different sets of significant findings

+ Bonferroni correction may result in fewer significant findings compared to FDR

+ Overly conservative multiple testing corrections (Bonferroni correction) may increase the risk of Type
Il errors (false negatives), potentially missing biologically relevant findings

* Less conservative methods (FDR) may be more appropriate for exploratory or hypothesis-generating
studies, where the goal is to identify a set of promising candidates for further investigation

Reproducibility and Robustness

» The impact of multiple testing corrections on the reproducibility of genomic study results should be
considered

* Findings that remain significant after correction are more likely to be robust and replicable in future
studies

» Reproducible findings are essential for building a solid foundation of knowledge in genomic research
and for guiding further investigations and applications

» Comparing results across different multiple testing correction methods can provide insight into the
robustness of the findings

« Consistent results across methods increase confidence in the validity of the discoveries

* Independent validation using different datasets, experimental techniques, or functional assays is
crucial for confirming the biological relevance of the findings and mitigating the impact of Type | errors

Balancing Error Types in Genomic Analysis

Considering Research Goals and Consequences

» Researchers should carefully consider the desired balance between Type | and Type Il errors based
on the specific research question and the consequences of false positives and false negatives in their
study

* When the cost of Type | errors is high (clinical diagnostic tests), more conservative multiple testing
correction methods (Bonferroni correction) may be appropriate to minimize false positives
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* When the cost of Type Il errors is high (exploratory studies aiming to identify novel therapeutic
targets), less conservative methods (FDR) may be preferred to minimize false negatives

» The balance between error types should be guided by the scientific context, the available resources
for follow-up studies, and the potential impact of the findings on human health or biological
understanding

Strategies for Balancing Error Types

» Researchers can use a combination of multiple testing correction methods and compare the results to
assess the robustness of their findings and inform their interpretation

« Stratifying the hypothesis tests based on prior knowledge or biological relevance helps prioritize the
tests and allocate the error rate control accordingly

* Potentially increases the power to detect true positives while still controlling the false positive rate

« Validation of significant findings using independent datasets, functional experiments, or other
orthogonal approaches helps mitigate the impact of Type | errors and increase confidence in the results

* Collaborative efforts and data sharing among researchers can facilitate the validation and replication
of findings across different studies and populations

* Enhances the reliability and generalizability of the results

* Sensitivity analyses can be performed to assess the impact of different multiple testing correction
methods or significance thresholds on the conclusions of the study

* Provides transparency and helps gauge the robustness of the findings to analytical choices

14.3 Clustering and classification techniques for genomic data

Clustering and classification techniques are powerful tools for analyzing genomic data. These methods
help researchers uncover hidden patterns, identify disease subtypes, and predict outcomes based on
molecular profiles. By grouping similar genes or samples, scientists can gain insights into biological
processes and disease mechanisms.

From unsupervised learning like hierarchical clustering to supervised methods like random forests, these
techniques offer diverse approaches to genomic data analysis. Proper interpretation and validation of
results are crucial for extracting meaningful biological insights and potential clinical applications from
complex genomic datasets.

Unsupervised Learning for Genomics

Principles and Applications

* Unsupervised learning techniques discover hidden patterns, structures, or relationships within a
dataset without prior knowledge of the data labels or categories

* These techniques are used in genomic data analysis to identify co-expressed genes, discover novel
subtypes of diseases, or uncover patterns in high-dimensional datasets such as gene expression
profiles or DNA methylation data
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Hierarchical Clustering

* Hierarchical clustering builds a hierarchy of clusters based on the similarity or dissimilarity between
data points

» Agglomerative hierarchical clustering starts with each data point as a separate cluster and iteratively
merges the most similar clusters until a single cluster remains

+ Divisive hierarchical clustering starts with all data points in a single cluster and recursively splits the
clusters into smaller subgroups until each data point forms its own cluster

K-means Clustering

» K-means clustering is a partitional clustering algorithm that divides the data into a predefined number
of clusters (k) based on the minimization of the within-cluster sum of squares

« The algorithm iteratively assigns data points to the nearest cluster centroid and updates the centroids
until convergence

* The choice of the number of clusters (k) is crucial and can be determined using methods such as the
elbow method or silhouette analysis (explained below)

Clustering Algorithms for Genomic Data

Gene Expression Data Analysis

* Gene expression data, obtained from microarray or RNA-sequencing experiments, can be analyzed
using clustering algorithms to identify groups of genes with similar expression patterns across different
conditions or samples

« Hierarchical clustering can be applied to gene expression data to create a dendrogram that visualizes
the relationships between genes or samples based on their expression profiles

* The resulting dendrogram can be used to identify clusters of co-expressed genes (regulons) or to
discover subgroups of samples with distinct expression patterns (molecular subtypes)

* The choice of distance metric (Euclidean distance, correlation-based distance) and linkage method
(single linkage, complete linkage, average linkage) can impact the clustering results

» K-means clustering can be employed to partition gene expression data into a specified number of
clusters, where each cluster represents a group of genes with similar expression patterns

* The resulting clusters can be further analyzed to identify functional enrichment (Gene Ontology
terms), regulatory mechanisms (transcription factor binding sites), or biological pathways (KEGG
pathways) associated with each cluster

Other Genomic Data Types

* DNA methylation profiles or chromatin accessibility data can also be subjected to clustering analysis
to uncover patterns and subgroups of genomic regions with similar epigenetic or regulatory properties

* Clustering of DNA methylation data can identify differentially methylated regions (DMRs) associated
with specific biological conditions or disease states

» Chromatin accessibility data (ATAC-seq, DNase-seq) can be clustered to identify regulatory elements
(enhancers, promoters) with similar accessibility patterns across different cell types or developmental
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stages

Evaluating Clustering Results

Validation Measures

* Assessing the quality and stability of clustering results is essential to ensure the reliability and
biological relevance of the identified patterns or subgroups

« Internal validation measures, such as silhouette score or Davies-Bouldin index, evaluate the
compactness and separation of clusters based on the intrinsic structure of the data

« Silhouette score quantifies how well each data point fits into its assigned cluster compared to other
clusters, with higher values indicating better clustering (ranges from -1 to 1)

» Davies-Bouldin index measures the ratio of within-cluster distances to between-cluster distances, with
lower values indicating better clustering (non-negative values)

+ External validation measures, such as adjusted Rand index or normalized mutual information,
compare the clustering results to known class labels or external benchmarks to assess the agreement
between the predicted and true groupings

Stability Analysis and Visualization

« Stability analysis involves repeating the clustering process multiple times with different subsets of the
data or different parameter settings to evaluate the robustness and reproducibility of the clustering
results

+ Visualization techniques provide intuitive representations of the clustering results and help in
interpreting the identified patterns or subgroups

» Heatmaps display the expression or methylation levels of genes or genomic regions across samples,
with rows and columns clustered based on similarity

* Principal component analysis (PCA) plots reduce the dimensionality of the data and visualize the
separation of samples or clusters in a low-dimensional space

« t-distributed stochastic neighbor embedding (t-SNE) plots are non-linear dimensionality reduction
techniques that preserve the local structure of the data and reveal complex patterns or relationships

Supervised Learning for Genomics

Classification Algorithms

* Supervised learning methods learn a mapping function from labeled input data to predict the class
labels of new, unseen instances

+ Decision trees are a hierarchical model that recursively partitions the feature space based on the most
informative features to create a tree-like structure for classification

* The tree is constructed by selecting the best feature and threshold at each node to maximize the
information gain or minimize the impurity measure (Gini index or entropy)

* The leaves of the tree represent the class labels, and the path from the root to a leaf defines the
classification rules
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* Random forests are an ensemble learning method that combines multiple decision trees to improve
classification performance and reduce overfitting

 Multiple decision trees are trained on different subsets of the data using bootstrap sampling and
random feature selection

* The final prediction is obtained by aggregating the predictions of individual trees through majority
voting or averaging

* Support vector machines (SVMs) are a powerful classification algorithm that aims to find the optimal
hyperplane that maximally separates different classes in a high-dimensional feature space

* SVMs can handle both linearly separable and non-linearly separable data by using kernel functions
(linear, polynomial, radial basis function) to transform the input space into a higher-dimensional space

* The optimal hyperplane is determined by maximizing the margin between the closest data points
(support vectors) of different classes

Applications in Genomic Data Classification

* In genomic data classification, supervised learning methods can be applied to predict disease
outcomes, identify biomarkers, or classify samples based on their molecular profiles

+ Disease outcome prediction: Classify patients into different prognostic groups (good vs. poor
prognosis) based on their gene expression or mutation profiles

« Biomarker identification: Identify a subset of genes or genomic features that can accurately
discriminate between different disease states or treatment response groups

» Sample classification: Assign tumor samples to different molecular subtypes (luminal A, luminal B,
HERZ2-enriched, basal-like) based on their gene expression patterns

Interpreting Genomic Analyses

Biological Interpretation of Clustering Results

* The interpretation of clustering results in genomic data analysis requires integrating biological
knowledge and domain expertise to extract meaningful insights

* For clustering results, the identified subgroups or patterns should be examined in terms of their
biological characteristics, such as functional annotations, pathway enrichment, or clinical outcomes

» Co-expressed gene clusters may represent functional modules or regulatory networks involved in
specific biological processes (cell cycle, immune response) or disease mechanisms (tumor
progression, metastasis)

» Sample clusters with distinct molecular profiles may correspond to different disease subtypes (breast
cancer subtypes), prognosis groups (good vs. poor survival), or treatment response categories
(responders vs. non-responders)

Evaluation and Interpretation of Classification Results

« Classification results should be evaluated in terms of their predictive performance, such as accuracy,
sensitivity, specificity, and area under the receiver operating characteristic (ROC) curve

» Accuracy measures the overall correctness of the predictions, while sensitivity and specificity focus on
the model's ability to correctly identify positive and negative instances, respectively
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* The ROC curve plots the true positive rate against the false positive rate at different classification
thresholds, and the area under the curve (AUC) provides a summary measure of the model's
discriminative power

» The most informative features or biomarkers identified by the classification models can be further
investigated for their biological relevance and potential as diagnostic or prognostic markers

» Gene set enrichment analysis (GSEA) can be performed on the top-ranked features to identify
overrepresented biological pathways or functional categories

« Literature mining and database searches can provide additional evidence supporting the role of the
identified biomarkers in the specific disease or biological context

* The misclassified instances should be carefully examined to understand the limitations of the
classification model and identify potential confounding factors or outliers

* Misclassifications may arise due to technical artifacts, sample heterogeneity, or biological variability
not captured by the model

+ Outlier analysis and data quality assessment can help identify and remove problematic samples or
features that may impact the classification performance

Integration with Literature and Experimental Validation

* The interpretation of clustering and classification results should be supported by literature evidence,
functional annotations, and experimental validation whenever possible

* Relevant literature can be searched to find previous studies reporting similar patterns, subgroups, or
biomarkers in the context of the specific disease or biological question

* Functional annotations from databases such as Gene Ontology (GO), KEGG, or Reactome can
provide insights into the biological processes, molecular functions, and pathways associated with the
identified gene sets or biomarkers

» Experimental validation using independent datasets, in vitro assays, or in vivo models can strengthen
the findings and provide additional support for the biological relevance of the identified patterns or
predicted classes

* The biological and clinical implications of the identified patterns or predicted classes should be
discussed in the context of the specific research question and the potential impact on disease
understanding, diagnosis, or treatment strategies

* Novel disease subtypes or prognostic groups may inform personalized treatment decisions or guide
the development of targeted therapies

« Identified biomarkers may serve as potential diagnostic or predictive markers for early detection,
patient stratification, or treatment response monitoring
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Unit 15 — Population Genetics: Statistical
Methods

15.1 Hardy-Weinberg equilibrium and population genetic models

Population genetics models help us understand how genes change in groups over time. The
Hardy-Weinberg equilibrium principle is a key concept, showing when gene frequencies stay stable across
generations.

These models consider factors like genetic drift, selection, and migration. By studying these forces, we can
predict how populations might evolve and use this knowledge for conservation and managing genetic

diseases.
Hardy-Weinberg Equilibrium Principle

Calculating Allele and Genotype Frequencies

» The Hardy-Weinberg equilibrium principle maintains that allele and genotype frequencies remain
constant across generations without evolutionary influences

* Use the Hardy-Weinberg equation, p2 + 2pq + q2 =1, to calculate genotype frequencies
« P represents the frequency of the dominant allele

- 4 represents the frequency of the recessive allele

* Calculate allele frequencies using the formulas:

«p=(2AA + Aa)/2N

. q=(2aa+ Aa)/2N

« AA, Aa, and @2 represent the genotype counts

« N is the total number of individuals in the population

« The sum of allele frequencies for all alleles at a given locus must equal 1 (P + g = 1 for a two-allele
system)

Applications and Testing

« Estimate the frequency of carriers (heterozygotes) for recessive genetic disorders in a population
using Hardy-Weinberg equilibrium

» Determine if observed genotype frequencies deviate significantly from expected frequencies under
Hardy-Weinberg equilibrium using the chi-square goodness-of-fit test

» Example: Compare observed genotype counts for a gene with two alleles to expected counts
calculated using Hardy-Weinberg proportions

* Apply Hardy-Weinberg equilibrium to population data to:
* Assess the genetic structure of populations (allele and genotype frequencies)

« Identify potential deviations from equilibrium that may indicate evolutionary forces at work
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« Estimate the prevalence of genetic disorders in populations
Assumptions and Limitations of Hardy-Weinberg

Key Assumptions
* The Hardy-Weinberg equilibrium model assumes:
« Large population size to minimize the effects of genetic drift
* Random mating within the population (no assortative mating or inbreeding)
* No migration of individuals or alleles into or out of the population
» Absence of mutation, which can introduce new alleles or modify existing ones
* No selection acting on the alleles under consideration

* Violations of these assumptions can lead to changes in allele frequencies and deviations from
Hardy-Weinberg equilibrium

Consequences of Assumption Violations

» Small population sizes can result in genetic drift, causing random changes in allele frequencies over
time

* Non-random mating (assortative mating or inbreeding) alters genotype frequencies and leads to
deviations from Hardy-Weinberg expectations

» Example: Inbreeding increases the frequency of homozygotes and decreases the frequency of
heterozygotes

* Migration introduces new alleles or changes the frequencies of existing alleles, disrupting equilibrium

» Example: Gene flow between populations can homogenize allele frequencies and reduce genetic
differentiation

» Mutations create new alleles or modify existing ones, affecting allele frequencies over time

+ Selection (natural or artificial) favors certain alleles, leading to changes in allele frequencies across
generations

» Example: Directional selection increases the frequency of advantageous alleles, while balancing
selection maintains multiple alleles in a population

Hardy-Weinberg as a Null Model
* The Hardy-Weinberg equilibrium model assumes no evolution occurs in the population
« Serves as a null model to test for the presence of evolutionary forces

+ Deviations from expected Hardy-Weinberg proportions suggest the action of evolutionary processes

* Allows researchers to identify populations or loci under selection, experiencing migration, or subject to

other evolutionary forces
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Evolutionary Forces on Allele Frequencies

Genetic Drift and the Wright-Fisher Model

* Genetic drift is modeled using the Wright-Fisher model, which assumes:

* Finite population size

» Discrete generations

* Random sampling of alleles from one generation to the next

« The strength of genetic drift is inversely proportional to the effective population size (Ne)

» Smaller populations experience greater drift and more rapid changes in allele frequencies

* The fixation probability of an allele due to genetic drift equals its initial frequency in the population

+ Example: If an allele has an initial frequency of 0.2, it has a 20% chance of eventually reaching fixation
(frequency of 1) by drift alone

Selection and Relative Fitness

+ Selection is modeled using the relative fitness of genotypes, a measure of a genotype's contribution to
the next generation

+ Directional selection occurs when one allele is favored over others, increasing its frequency over time

» Example: Antibiotic resistance alleles in bacteria are favored under antibiotic exposure, leading to
increased resistance in the population

+ Balancing selection maintains multiple alleles in a population through mechanisms such as:

» Heterozygote advantage: Heterozygotes have higher fitness than either homozygote (e.g., sickle cell
anemia and malaria resistance)

+ Frequency-dependent selection: The fitness of an allele depends on its frequency in the population
(e.g., rare color morphs in prey populations)

Mutation and Migration Models

» Mutation is incorporated into population genetic models by considering:
* The rate at which new alleles arise
 The fitness effects of those mutations

* The infinite alleles model assumes each mutation creates a unique allele, while the infinite sites model
assumes each mutation occurs at a different nucleotide site

* Migration is modeled using:
* The island model, which considers the exchange of alleles between subpopulations

* Isolation-by-distance models that account for the geographic distribution of populations and the effect
of distance on gene flow

+ Population genetic models can incorporate multiple evolutionary forces simultaneously to study their
combined effects on allele frequencies over time
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Population Genetic Simulations and Implications

Predicting Evolutionary Trajectories

* Population genetic simulations predict the trajectory of allele frequencies under different evolutionary
scenarios

« Estimate the fixation time (average number of generations until an allele becomes fixed or lost) using
simulations and compare to theoretical expectations

» Example: Simulate the fixation time of a beneficial allele under different population sizes and selection
coefficients

» Demonstrate the potential for genetic drift to cause population differentiation, especially when
migration rates are low or populations are small

» Example: Simulate the divergence of allele frequencies between isolated populations of varying sizes
over multiple generations

Maintaining Genetic Variation

» Explore the maintenance of genetic variation in a population through simulations incorporating:
« Balancing selection

* Mutation

* Migration

« lllustrate the concept of selection-drift balance, where the effects of selection and drift on allele
frequencies are in equilibrium

» Example: Simulate a population under weak selection and varying population sizes to identify the
conditions under which selection can effectively counteract drift

Population Structure and Genetic Diversity

* Investigate the role of population structure and gene flow in shaping patterns of genetic diversity using
simulations that model different migration rates and population sizes

« Identify the conditions under which certain evolutionary outcomes are more likely to occur, such as:
* The fixation of beneficial alleles
* The maintenance of polymorphisms

» Example: Simulate the spread of a beneficial allele through a metapopulation with varying levels of
connectivity and subpopulation sizes

Conservation and Management Implications

* Predict the effects of population fragmentation, bottlenecks, or inbreeding on genetic diversity using
population genetic simulations

* Example: Simulate the loss of genetic diversity in a small, isolated population over multiple
generations and compare to a larger, connected population
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« Inform conservation strategies by modeling the potential consequences of different management
actions on population genetic parameters

» Example: Simulate the effects of translocation or supplementation on the genetic diversity and
adaptive potential of a threatened population

15.2 Genetic distance and phylogenetic tree construction

Genetic distance and phylogenetic tree construction are key tools in population genetics. They help us
measure how genetically different species or populations are and figure out how they're related
evolutionarily. These methods use math to turn genetic data into visual family trees of organisms.

We'll look at different ways to calculate genetic distance and build phylogenetic trees. We'll also learn how
to interpret these trees and check if they're reliable. This stuff is super important for understanding how
species evolve and are connected to each other.

Genetic distance calculations

Measures of genetic divergence
» Genetic distance quantifies the genetic divergence between species or populations
* Estimated by the number of allelic substitutions per locus
« Common genetic distance measures include:
* Nei's standard genetic distance (D)
* Nei's minimum genetic distance (Dm)
* Rogers' distance (DR)
* Cavalli-Sforza and Edwards' chord distance (DC)
» Measures are calculated based on allele frequencies at multiple loci

+ Factors considered: number of loci, sample sizes, assumption of genetic drift and mutation rates

Choosing and applying genetic distance measures

* Choice of genetic distance measure depends on:

* Nature of the data (allozyme, microsatellite, or DNA sequence data)

* Evolutionary model assumed

* Genetic distance matrices serve as input for phylogenetic tree construction methods

« Infer evolutionary relationships among taxa

Phylogenetic tree construction

Distance-based methods
* Unweighted Pair Group Method with Arithmetic Mean (UPGMA)

» Assumes a constant rate of evolution
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* Produces rooted, ultrametric trees
* Neighbor-Joining (NJ)
» Does not assume a constant rate of evolution

* Produces unrooted trees with branch lengths proportional to genetic distances

Character-based and model-based methods

* Maximum Parsimony (MP)

» Minimizes the number of evolutionary changes required to explain the observed data

* Produces the most parsimonious tree(s)

* Maximum Likelihood (ML)

« Estimates the probability of observing the data given a specific evolutionary model and tree topology
* Produces the tree with the highest likelihood

* Bayesian Inference (BI)

* Incorporates prior information and calculates the posterior probability of trees and model parameters

* Produces a consensus tree and measures of uncertainty
Interpreting phylogenetic trees

Tree topology and branch lengths

* Topology represents the branching order of lineages
» Taxa sharing a more recent common ancestor are more closely related
* Branch lengths can represent either genetic distances or divergence times

* Depends on the method used and the calibration of the molecular clock

Evolutionary relationships and units

» Monophyletic groups (clades) are composed of an ancestor and all its descendants
» Paraphyletic and polyphyletic groups are not natural evolutionary units
« Outgroup rooting determines the direction of evolution and relative age of lineages

« Outgroup is a taxon known to be less closely related to the ingroup taxa

Estimating divergence times

* Molecular clock calibration allows estimation of absolute divergence times and timing of evolutionary
events

* Uses fossil evidence or biogeographic events (formation of the Isthmus of Panama)
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Phylogenetic tree reliability

Resampling techniques

* Bootstrapping estimates the confidence level of each clade in a phylogenetic tree
+ Higher bootstrap values indicate greater support for the clade
« Jackknife analysis assesses the stability of tree topology

* Repeatedly constructs trees with a subset of the data

Support measures and congruence

* Decay index (Bremer support) measures the number of extra steps required to collapse a clade in a
parsimony analysis

* Higher values indicate greater support for the clade

* Posterior probabilities in Bayesian analyses indicate the probability of a clade being true given the
data and the model

* Higher values indicate greater support

» Congruence among different data sets (morphological and molecular data) and phylogenetic methods
provides additional support for the reliability of the inferred evolutionary relationships

15.3 Quantitative trait locus (QTL) analysis

Quantitative trait locus (QTL) analysis is a powerful tool for unraveling the genetic basis of complex traits. It
identifies genomic regions linked to trait variation, bridging the gap between genotype and phenotype. This
method has revolutionized our understanding of genetic architecture in diverse organisms.

QTL analysis combines statistical methods with genetic mapping to pinpoint genes influencing quantitative
traits. It's crucial in agriculture for crop improvement and in human genetics for disease research. The
approach offers insights into trait evolution and adaptation in natural populations.

Principles of QTL Analysis

Quantitative Traits and Continuous Variation

+ Quantitative traits are complex traits influenced by multiple genes and environmental factors

* These traits exhibit continuous variation within a population, meaning they can take on a range of
values rather than discrete categories (height, yield, disease resistance)

 The continuous nature of quantitative traits is due to the combined effects of many genes, each with
small individual effects, and the influence of the environment

» Examples of quantitative traits include plant height, grain yield, milk production in cattle, and blood
pressure in humans

QTL Mapping and Genetic Linkage

* QTL analysis aims to identify the genomic regions (loci) that contribute to the variation in quantitative
traits
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* This is done by associating genetic markers with phenotypic differences observed in the population

» QTL mapping relies on the principle of genetic linkage, where markers physically close to the causal
genes tend to be inherited together

* Genetic linkage allows the detection of QTLs by tracking the co-segregation of markers and the
quantitative trait in a mapping population

* The closer a marker is to a QTL, the less likely they will be separated by recombination during
meiosis, resulting in a stronger association between the marker and the trait

Applications of QTL Analysis

* QTL analysis has diverse applications in agriculture, genetics, and evolutionary biology

+ In agriculture, QTL analysis is used to identify genes associated with desirable traits in crops (yield,
disease resistance, drought tolerance) and livestock (milk production, meat quality, fertility)

* This information can be used in marker-assisted selection (MAS) to improve breeding efficiency and
develop superior varieties or breeds

+ In human genetics, QTL analysis is applied to study the genetic basis of complex diseases (diabetes,
cancer, cardiovascular disease) by identifying risk loci and potential therapeutic targets

* QTL analysis is also used to understand the evolution of quantitative traits in natural populations by
examining the genetic architecture and adaptive significance of trait variation

QTL Mapping Experiments
Selecting an Appropriate Mapping Population

* The choice of mapping population is crucial for the success of QTL analysis

« Common mapping populations include F2 intercross (derived from crossing two inbred parental lines),
backcross (crossing an F1 hybrid back to one of the parental lines), and recombinant inbred lines (RILs,
created by repeated selfing or sibling mating of F2 individuals)

+ Natural populations with sufficient genetic variation can also be used for QTL mapping, particularly in
association studies

» The mapping population should capture the genetic variation relevant to the trait of interest and
provide sufficient recombination events for high-resolution mapping

Genotyping and Molecular Markers

» Genotyping the mapping population involves characterizing the individuals' genetic makeup using
molecular markers

« Common markers used in QTL mapping include single nucleotide polymorphisms (SNPs), simple
sequence repeats (SSRs), and restriction fragment length polymorphisms (RFLPs)

» The markers should cover the genome at a sufficient density to capture the genetic variation and
enable QTL detection

« High-throughput genotyping technologies (SNP arrays, genotyping-by-sequencing) have greatly
increased the efficiency and resolution of QTL mapping
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Phenotyping and Experimental Design

* Accurate and consistent phenotyping of the mapping population for the quantitative trait(s) of interest
is essential for QTL analysis

* Phenotyping should be done under controlled or well-characterized environmental conditions to
minimize non-genetic variation

* Replication of phenotypic measurements across multiple environments or trials can improve the
reliability of QTL detection

» Experimental design considerations include sample size (larger populations increase statistical
power), balanced representation of genotypes, and randomization to control for spatial or temporal
effects

Statistical Methods for QTL Detection

Linkage Mapping and Interval Mapping

« Linkage mapping, also known as interval mapping, is a widely used approach for QTL detection

« It uses the recombination frequencies between markers to estimate the likelihood of a QTL being
present at a specific genomic location

* Maximum likelihood or regression-based methods are employed to calculate LOD (logarithm of odds)
scores or p-values, which indicate the strength of evidence for a QTL at each position

* Interval mapping provides better resolution and statistical power compared to single-marker analysis
by considering the genetic information between adjacent markers

Composite Interval Mapping and Multiple QTL Mapping

» Composite interval mapping (CIM) is an extension of interval mapping that incorporates additional
markers as cofactors to control for the effects of other QTLs

* By accounting for the background genetic variation, CIM improves the power and precision of QTL
detection and reduces the impact of linked QTLs

» Multiple QTL mapping (MQM) methods, such as multiple interval mapping (MIM) and Bayesian QTL
mapping, can simultaneously search for multiple QTLs and estimate their effects

* MQM methods consider the potential interactions between loci (epistasis) and provide a more
comprehensive understanding of the genetic architecture of quantitative traits

Association Mapping and Genome-Wide Association Studies

+ Association mapping, or genome-wide association studies (GWAS), is an alternative approach to QTL
mapping that exploits linkage disequilibrium (LD) in natural populations or diverse germplasm
collections

« It tests for the association between individual markers and the quantitative trait, without the need for a
specific mapping population

+ Association mapping has higher resolution than linkage mapping due to the historical recombination
events in the population, allowing for fine-mapping of QTLs
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* However, association mapping is more susceptible to false positives due to population structure and
requires a larger number of markers to capture the LD patterns

Statistical Significance and False Discovery Rate Control

+» Determining the statistical significance of QTLs is crucial to minimize false positives and ensure the
reliability of the results

» Permutation tests are commonly used to establish significance thresholds by randomly shuffling the
phenotypic data and calculating the distribution of test statistics under the null hypothesis of no QTL

* False discovery rate (FDR) control methods, such as the Benjamini-Hochberg procedure, can be
applied to adjust for multiple testing and maintain a desired level of false positives across the genome

+ Conservative significance thresholds, such as a genome-wide significance level of 0.05, are often
used to account for the large number of tests performed in QTL mapping

Interpreting QTL Mapping Results

Statistical Significance and Confidence Intervals

+ LOD (logarithm of odds) scores or p-values are used to assess the statistical significance of QTLs,
with higher values indicating stronger evidence for the presence of a QTL

« Significance thresholds, determined by permutation tests or FDR control, help distinguish true QTLs
from false positives

+ Confidence intervals for QTL positions can be determined using LOD score drop-off (e.g., 1-LOD or
2-LOD intervals) or bootstrapping methods

* These intervals provide a measure of the precision of QTL localization and help define the genomic
regions for further investigation or candidate gene identification

Effect Sizes and Proportion of Variance Explained

* The effect size of a QTL refers to the magnitude of its influence on the quantitative trait

+» The proportion of phenotypic variance explained by each QTL (R-squared) indicates the relative
importance of the locus in controlling the trait

» QTLs with larger effect sizes and higher R-squared values are considered major QTLs and are often
prioritized for further study or application in breeding programs

» However, it is important to note that the effect sizes of QTLs can be overestimated in small mapping
populations due to the Beavis effect, and validation in independent populations is recommended

Additive and Dominance Effects

* QTLs can have additive effects, where the alleles from each parent contribute linearly to the
phenotype, or dominance effects, where one allele masks the effect of the other

« Estimating the additive and dominance effects of QTLs provides insights into the mode of inheritance
and the direction of the genetic effects on the trait

 Additive effects are important for breeding programs as they are stable across generations and can be
accumulated through selection
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* Dominance effects, on the other hand, are not directly heritable and may be useful for exploiting
hybrid vigor or understanding the genetic basis of heterosis

Epistasis and Genetic Networks

« Epistatic interactions occur when the effect of one QTL depends on the genotype at another locus

* Testing for epistasis can reveal complex relationships among loci influencing the quantitative trait and
provide a more comprehensive understanding of the genetic architecture

« Epistatic QTLs may form genetic networks or pathways that jointly regulate the trait, and their
detection can guide the search for candidate genes and molecular mechanisms

» Modeling epistasis in QTL mapping can improve the accuracy of genetic predictions and the efficiency
of breeding strategies

Comparative QTL Analysis and Validation

» Comparing QTL mapping results across different environments, populations, or studies can provide
insights into the stability and consistency of QTL effects

» QTLs that are consistently detected in multiple environments or genetic backgrounds are considered
more robust and reliable for application in breeding or further research

« Validation of QTLs in independent populations or through functional studies (e.g., gene expression
analysis, transgenic experiments) is important to confirm their effects and biological relevance

» Comparative QTL analysis can also reveal conserved genetic mechanisms across species or identify
unique QTLs that contribute to species-specific adaptations or traits
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Unit 16 — Ecological Modeling &
Environmental Stats

16.1 Species distribution modeling and niche analysis

Species distribution modeling predicts where species live based on environmental factors. It's crucial for
understanding ecological niches, invasive species spread, and climate change impacts. These models
help scientists map habitats and guide conservation efforts.

However, these models have limitations. They assume species are in balance with their environment and
may not account for all factors affecting distribution. Accuracy depends on data quality, variable selection,
and modeling techniques. Despite challenges, they're valuable tools for ecological research and
conservation planning.

Species distribution modeling in ecology

Ecological niche concept and its applications

* Species distribution modeling (SDM) predicts the geographic distribution of a species based on its
known occurrences and environmental conditions

» SDMs rely on the ecological niche concept, which represents the set of environmental conditions in
which a species can survive and reproduce

» The fundamental niche is the full range of conditions a species can theoretically occupy

* The realized niche is the actual range of conditions occupied by the species due to biotic interactions
(competition, predation) and dispersal limitations

» SDMs are used for various applications in ecology and conservation
* Predicting the potential spread of invasive species (zebra mussels, kudzu)
« Identifying suitable habitats for species reintroductions (California condors, black-footed ferrets)

+ Assessing the impacts of climate change on species distributions (polar bears, alpine plants)

Assumptions and limitations of species distribution models

+ SDMs assume that species are in equilibrium with their environment and their distributions are
primarily determined by environmental factors rather than biotic interactions or dispersal limitations

» The accuracy and reliability of SDMs depend on several factors

+ Quality and quantity of occurrence data (sample size, spatial bias, detection probability)

« Selection of appropriate environmental variables (relevance, scale, multicollinearity)

+ Choice of modeling techniques (presence-only vs. presence-absence, algorithm complexity)

+ SDMs may not capture the full range of a species' ecological requirements or the effects of biotic
interactions and evolutionary processes on its distribution
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Environmental variables for modeling

Selection criteria for environmental variables

* Environmental variables used in SDMs should be ecologically relevant to the species being modeled
and capture the key factors influencing its distribution

« Common environmental variables include:

+ Climate (temperature, precipitation, seasonality)
» Topography (elevation, slope, aspect)

* Land cover (vegetation type, habitat structure)

* Soil properties (texture, moisture, nutrients)

» The selection of environmental variables should consider the spatial and temporal scales relevant to
the species' ecology and the modeling objectives

* Microhabitat variables (nest site characteristics, prey availability) for fine-scale models

* Landscape-level variables (habitat connectivity, fragmentation) for broad-scale models

Data sources and processing techniques

* The use of remote sensing data (satellite imagery, aerial photography) can provide high-resolution
and spatially continuous environmental variables for SDMs

» Normalized Difference Vegetation Index (NDVI) for measuring vegetation greenness and productivity
* Land surface temperature (LST) for estimating thermal conditions

» Expert knowledge and literature review can guide the selection of relevant environmental variables for
a given species

+ Physiological tolerances (thermal limits, water requirements)
* Habitat preferences (forest type, soil moisture)

* Multicollinearity among environmental variables should be assessed and minimized to avoid
redundancy and improve model interpretability

* Correlation analysis (Pearson's r, Spearman's rho)

* Principal component analysis (PCA) for reducing dimensionality

Statistical methods for habitat prediction

Modeling algorithms and their characteristics

» SDMs use statistical algorithms to relate species occurrence data to environmental variables and
predict the probability of species presence in unsampled locations

* Presence-only methods use only known occurrence records and background points to model species
distributions

* MaxEnt (Maximum Entropy) estimates species distributions by minimizing the relative entropy
between the presence data and the background data
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* GARP (Genetic Algorithm for Rule-set Production) generates a set of rules that best predict species
presence based on environmental conditions

* Presence-absence methods use both presence and absence data to model species distributions

* Logistic regression estimates the probability of species presence as a function of environmental
variables using a logistic function

* Random forests combine multiple decision trees to classify presence and absence based on
environmental predictors

Model calibration and evaluation

» Model calibration involves fitting the model to a subset of the occurrence data (training data) to
estimate the model parameters and relationships between species presence and environmental
variables

* Model evaluation assesses the model's performance on independent data (testing data) using metrics
such as:

* AUC (Area Under the Receiver Operating Characteristic Curve) measures the model's ability to
discriminate between presence and absence sites

» TSS (True Skill Statistic) assesses the model's accuracy while accounting for both omission and
commission errors

» Kappa statistic measures the agreement between predicted and observed presences and absences
while correcting for chance agreement

* Cross-validation techniques (k-fold, leave-one-out) are used to partition the data into training and
testing sets and assess model performance across multiple iterations

Interpretation of modeling results

Habitat suitability maps and variable importance

» Model predictions can be used to generate habitat suitability maps, which show the probability of
species presence across the study area based on the environmental conditions

 Continuous suitability scores (0-1) indicate the relative likelihood of species occurrence

+ Binary presence/absence maps apply a threshold to the continuous scores to classify suitable and
unsuitable habitats

* The contribution of individual environmental variables to the model can be assessed using variable
importance measures and response curves

* Permutation importance measures the decrease in model performance when a variable is randomly
permuted

« Jackknife tests evaluate the model's performance with and without each variable

* Response curves show the relationship between species presence probability and the range of values
for each environmental variable
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Uncertainty assessment and model validation

* The uncertainty and limitations of SDMs should be acknowledged and quantified

» Sampling bias (uneven sampling effort, road bias) can affect the representativeness of occurrence
data

« Spatial autocorrelation (clustering of presence points) can inflate model performance and lead to
overfitting

* Model transferability (applying models to new regions or time periods) can be limited by differences in
environmental conditions and species-environment relationships

* The results of SDMs should be validated using independent data or expert knowledge to assess their
accuracy and reliability

* Field surveys can provide additional presence and absence data for model validation

» Expert opinion can help evaluate the ecological plausibility and interpretability of model predictions

Conservation applications and decision support

* The implications of SDM results for conservation planning and management should be carefully
considered, taking into account the species' ecological requirements, potential threats, and
conservation status

« Identifying priority areas for conservation (hotspots of species richness, endemism)
* Designing protected area networks (reserve selection, connectivity)
* Assessing the impacts of land use change and habitat loss on species distributions

» SDM results can be used to guide field surveys, prioritize areas for conservation, and inform habitat
management and restoration efforts

» Targeted surveys in areas with high predicted suitability to confirm species presence and refine
distribution estimates

« Prioritizing land acquisition and protection efforts in areas with high conservation value and high
predicted suitability

« Identifying key habitat features and environmental conditions to guide habitat restoration and
management practices

16.2 Time series analysis for ecological data

Time series analysis is a powerful tool for ecologists to uncover patterns and trends in data collected over
time. It helps researchers understand population dynamics, species interactions, and ecosystem
responses to environmental changes, providing crucial insights for conservation and management
decisions.

By examining autocorrelation, seasonality, and trends in ecological data, scientists can make predictions
about future ecological states. Various statistical methods, like ARIMA models and smoothing techniques,
allow researchers to analyze complex temporal patterns and inform strategies for protecting and managing
ecosystems.
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Time Series Analysis in Ecology

Importance and Applications

* Time series analysis is a statistical technique used to analyze and model data collected over time,
allowing researchers to identify patterns, trends, and relationships in ecological processes

* Ecological time series data can provide insights into population dynamics, species interactions,
ecosystem functioning, and responses to environmental changes or disturbances

* Time series analysis helps ecologists understand the temporal variability and stability of ecological
systems, enabling them to make predictions and inform conservation and management decisions

* Long-term ecological time series data are particularly valuable for detecting gradual changes or rare
events that may not be apparent in short-term studies

Types of Ecological Data

« Time series analysis can be applied to various types of ecological data, such as:
* Population abundances (fish stocks, bird counts)

* Species richness (number of plant species in a forest)

* Nutrient concentrations (nitrogen levels in a lake)

+ Climate variables (temperature, precipitation)
Autocorrelation, Seasonality, and Trend

Autocorrelation

« Autocorrelation refers to the correlation between observations in a time series at different time lags,
indicating the degree of temporal dependence in the data

« Positive autocorrelation suggests that observations close in time are more similar than those further
apart, while negative autocorrelation indicates alternating patterns

« Autocorrelation can be assessed using the autocorrelation function (ACF) and partial autocorrelation
function (PACF)

* Understanding autocorrelation is crucial for selecting appropriate models and avoiding spurious
relationships in time series analysis

Seasonality

» Seasonality is a regular, periodic pattern in a time series that repeats over fixed time intervals, such as
annual or diurnal cycles

» Seasonal patterns in ecological data can be driven by factors such as temperature, precipitation,
resource availability, and species' life cycles

« Examples of seasonality include bird migration patterns, plant flowering times, and fluctuations in
water quality parameters

« Identifying and accounting for seasonality is crucial for accurately modeling and interpreting ecological
time series data
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Trend

* Trend refers to a long-term, overall pattern of increase or decrease in a time series, which may be
linear or nonlinear

* Trends in ecological data can reflect gradual changes in environmental conditions, population
dynamics, or ecosystem processes over time

» Examples of trends include increasing global temperatures, declining biodiversity, and changes in
land use patterns

+ Distinguishing between trend and other components of a time series, such as seasonality and random
fluctuations, is important for understanding the underlying ecological processes

Statistical Methods for Time Series Data

Exploratory Data Analysis and Preprocessing

» Exploratory data analysis techniques, such as plotting the time series, examining summary statistics,
and identifying outliers or missing values, should be performed before applying statistical methods

+ Data preprocessing steps may include handling missing data, removing outliers, and transforming
variables to meet model assumptions

Decomposition and Smoothing Techniques

» Decomposition methods, such as classical decomposition or STL (Seasonal-Trend decomposition
using Loess), can be used to separate a time series into its trend, seasonal, and remainder
components

» Smoothing techniques, such as moving averages or exponential smoothing, can be applied to reduce
noise and highlight underlying patterns in the data

ARIMA Models

+ Autoregressive Integrated Moving Average (ARIMA) models are a class of statistical models used for
analyzing and forecasting time series data, accounting for autocorrelation, trend, and seasonality

* ARIMA models combine autoregressive (AR), differencing (1), and moving average (MA) components
to capture the temporal dependencies in the data

* The order of an ARIMA model (p, d, q) represents the number of AR terms (p), the degree of
differencing (d), and the number of MA terms (q)

* ARIMA models are widely used in ecological time series analysis due to their flexibility and ability to
handle various types of temporal patterns

Other Modeling Approaches

» Generalized Additive Models (GAMs) are a flexible class of models that can capture nonlinear
relationships between the response variable and predictor variables in a time series context

« Intervention analysis can be used to assess the impact of specific events or management actions on
ecological time series data, such as the introduction of invasive species or the implementation of
conservation policies
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Interpreting Time Series Analysis Results

Model Evaluation and Diagnostics

* The coefficients and significance of the estimated model parameters should be examined to
understand the strength and direction of the relationships between variables in the time series

* Model diagnostics, such as residual plots and goodness-of-fit measures (e.g., AlIC, BIC), should be
assessed to evaluate the adequacy and validity of the fitted model

Forecasting and Uncertainty

* Forecasts and confidence intervals generated from the time series model can be used to make
predictions about future ecological states or trends, with appropriate uncertainty quantification

* Forecasting future population sizes, species distributions, or ecosystem responses to environmental
changes can inform conservation planning and resource management

Ecological Interpretation and Implications

* The ecological significance and implications of the identified patterns, trends, and relationships should
be interpreted in the context of the study system and research questions

* The findings from time series analysis should inform conservation and management strategies,
highlighting potential threats, identifying key drivers of change, and guiding monitoring and intervention
efforts

» Examples of ecological implications include identifying critical habitat areas, assessing the
effectiveness of conservation measures, and predicting the impacts of climate change on species and
ecosystems

Limitations and Integration with Other Approaches

* The limitations and assumptions of the time series analysis methods should be acknowledged, and
the results should be cautiously extrapolated to other spatial or temporal scales

« Time series analysis should be complemented with other sources of ecological knowledge, such as
experimental studies or mechanistic models, to gain a comprehensive understanding of the system
dynamics

16.3 Multivariate statistical methods in ecology

Multivariate statistical methods are powerful tools for analyzing complex ecological data. They help
scientists uncover hidden patterns and relationships between multiple variables in ecosystems, from
species interactions to environmental factors shaping communities.

These methods are crucial for understanding the intricate web of life in nature. By reducing complex data
into simpler forms, ecologists can visualize and interpret key patterns, identify main drivers of ecological
change, and make informed decisions about conservation and management.

Fiveable archived study guides Page 171



Multivariate Methods in Ecology

Principles and Applications

* Multivariate statistical methods involve the simultaneous analysis of multiple variables, allowing for the
exploration of complex relationships and patterns in ecological data

* These methods are particularly useful in ecology due to the inherent complexity and
interconnectedness of ecological systems, where multiple biotic (species interactions, community
structure) and abiotic factors (climate, soil properties) interact to shape community structure and
ecosystem functioning

» Multivariate methods allow for the reduction of high-dimensional ecological data into
lower-dimensional spaces, facilitating the visualization and interpretation of complex patterns and
relationships

* This dimensionality reduction helps in identifying the main gradients of variation and summarizing the
key patterns in the data

Ecological Applications

« Identifying and quantifying the main environmental gradients driving species composition and
abundance patterns across different habitats or regions (elevational gradients, latitudinal gradients)

* Assessing the similarity or dissimilarity of ecological communities based on their species composition
and relative abundances

* This allows for the classification and delineation of distinct ecological communities or biomes (tropical
rainforests, temperate grasslands)

« Exploring the relationships between species traits (functional traits, life history strategies) and
environmental variables to understand the functional diversity and assembly processes of ecological
communities

* This helps in understanding how species with different traits respond to environmental gradients and
how communities are structured based on these trait-environment relationships

* Investigating the temporal dynamics and successional trajectories of ecological communities in
response to natural (wildfires, hurricanes) or anthropogenic disturbances (land-use change, habitat
fragmentation)

* Multivariate methods can reveal how community composition and structure change over time and
identify the key factors driving these changes

Choosing Multivariate Techniques

Data Considerations

* The choice of multivariate technique depends on the research question, the type and structure of the
ecological data, and the assumptions and limitations of each method

* Principal Component Analysis (PCA) is suitable for analyzing continuous, normally distributed data to
identify the main axes of variation and reduce the dimensionality of the dataset

* PCA is often used for exploratory analysis and to identify the key environmental gradients driving
species composition
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» Correspondence Analysis (CA) is appropriate for analyzing contingency tables or species abundance
data to explore the associations between species and samples or sites

» CA is particularly useful for analyzing unimodal species responses along environmental gradients

Constrained Ordination Methods

 Canonical Correspondence Analysis (CCA) is a constrained ordination method that relates species
composition to environmental variables, allowing for the identification of the main environmental
gradients shaping community structure

» CCA is suitable when species responses to environmental variables are expected to be unimodal

* Redundancy Analysis (RDA) is a constrained ordination method similar to CCA but suitable for
analyzing species abundance data in relation to explanatory variables when species responses are
expected to be linear

* RDA is often used when the environmental gradients are relatively short and species responses are
approximately linear

Clustering and Ordination Methods

« Cluster analysis, such as hierarchical or k-means clustering, is used to group similar samples or
species based on their multivariate characteristics, helping to identify distinct ecological communities or
species assemblages

« Hierarchical clustering produces a dendrogram showing the hierarchical relationships among clusters,
while k-means clustering partitions the data into a specified number of clusters

» Non-metric Multidimensional Scaling (NMDS) is a flexible ordination method that can handle
non-linear relationships and is robust to data with different scales or missing values

* NMDS is based on rank orders of dissimilarities and is particularly useful when the data violate the
assumptions of other ordination methods

Applying Multivariate Methods
Principal Component Analysis (PCA)

« Standardize the ecological variables to ensure equal contribution and remove the effect of different
scales

* This is important when variables are measured in different units or have vastly different ranges
+ Calculate the correlation or covariance matrix to quantify the relationships among variables

» The choice between correlation and covariance matrix depends on whether the variables are
standardized or not

« Extract the principal components (PCs) as linear combinations of the original variables, ranked by
their explained variance

* The first few PCs typically capture the majority of the variation in the data

* Interpret the loadings of each variable on the PCs to identify the main gradients of variation in the
dataset
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« Variables with high loadings (positive or negative) on a PC contribute strongly to that gradient

Cluster Analysis

» Choose an appropriate distance or similarity measure (Euclidean distance, Bray-Curtis dissimilarity) to
quantify the pairwise differences among samples or species

« Euclidean distance is suitable for continuous data, while Bray-Curtis dissimilarity is commonly used for
species abundance data

* Apply a clustering algorithm (hierarchical clustering, k-means) to group similar samples or species
based on their multivariate characteristics

* Hierarchical clustering can be agglomerative (starting with individual samples and merging them) or
divisive (starting with the entire dataset and spilitting it)

+ Determine the optimal number of clusters using criteria such as the silhouette width or gap statistic
* These criteria help in assessing the quality and distinctiveness of the clusters

* Interpret the resulting clusters in terms of their ecological characteristics and the factors driving their
differentiation

» Examine the species composition, environmental conditions, or functional traits associated with each
cluster

Canonical Correspondence Analysis (CCA)

* Prepare the species abundance matrix and the environmental variable matrix, ensuring that they
share the same sample units

* The species abundance matrix contains the counts or relative abundances of species across samples,
while the environmental matrix contains the measurements of environmental variables for each sample

» Perform CCA to relate the species composition to the environmental variables, extracting canonical
axes that maximize the separation of species niches along the main environmental gradients

» CCA finds the linear combinations of environmental variables that best explain the variation in species
composition

* Interpret the ordination diagram, where species points represent their optimal positions along the
environmental gradients, and sample points indicate their relative positions in the multivariate space

» The proximity of species points to environmental arrows indicates their association with those
variables

* Assess the significance of the canonical axes and the explanatory power of the environmental
variables using permutation tests

» Permutation tests help in determining whether the observed relationships between species
composition and environmental variables are statistically significant
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Interpreting Multivariate Results

Ordination Diagrams

* Ordination diagrams (PCA, CA, CCA) provide a visual representation of the multivariate patterns and
relationships in the ecological data

* Interpret the axes in terms of the main gradients of variation, considering the loadings or contributions
of the original variables

» The axes represent the key dimensions or gradients along which the samples or species are
separated

» Examine the relative positions of samples or species in the ordination space to identify similarities,
differences, or gradients in community composition

» Samples or species that are close together in the ordination space are more similar in their
composition or environmental preferences

» Overlay environmental variables as arrows or contours to visualize their relationships with the
ordination axes and the species or sample points

* The direction and length of the arrows indicate the strength and direction of the correlations between
environmental variables and the ordination axes

Cluster Visualization

* Cluster dendrograms or heatmaps can be used to visualize the hierarchical structure of ecological
communities or the co-occurrence patterns of species

* Interpret the main branches or clusters in terms of their ecological characteristics and the factors
driving their differentiation

» Each branch or cluster represents a group of samples or species with similar composition or
environmental preferences

+ Assess the robustness and stability of the clustering results using techniques such as bootstrapping or
cross-validation

* These techniques help in evaluating the reliability and reproducibility of the cluster solutions

Statistical Inference and Ecological Interpretation

* Use statistical tests and measures to quantify the strength and significance of the multivariate patterns
and relationships

« Perform permutation tests to assess the significance of the ordination axes or the environmental
variables in explaining the variation in species composition

* Permutation tests involve randomly shuffling the data and recalculating the test statistic to generate a
null distribution for comparison

« Calculate diversity indices, such as species richness, evenness, or beta diversity, to compare the
diversity patterns across different clusters or along the main environmental gradients

* These indices provide quantitative measures of the diversity and variability of ecological communities
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* Relate the multivariate patterns to ecological theories and hypotheses, such as niche theory,
community assembly rules, or ecosystem functioning

* Interpret the results in the context of the specific research questions and the ecological system under
study

 Consider how the observed patterns align with or deviate from the expected ecological relationships or
processes

+ Discuss the limitations and assumptions of the multivariate methods used and consider alternative
explanations or confounding factors

» Acknowledge the potential biases, uncertainties, or unaccounted variables that may influence the
results

» Synthesize the findings with previous knowledge and suggest future research directions to further
elucidate the ecological processes and mechanisms underlying the observed patterns

* Integrate the multivariate results with existing ecological understanding and identify knowledge gaps
or areas for further investigation
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