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Unit 1 — Introduction to Experimental
Design

1.1 Fundamentals of scientific method and experimentation

The scientific method is a powerful tool for uncovering truths about our world. It starts with a hunch, then
tests it through careful observation and experiments. Data collection and analysis help us draw
conclusions and refine our ideas.

Science is a never-ending cycle of questions and discoveries. We build on past findings, collaborate with
others, and constantly refine our understanding. Replication and peer review ensure our results are solid
and trustworthy.

Scientific Process

Steps of the Scientific Method

« Scientific method is a systematic approach to acquiring knowledge that uses empirical evidence and
logical reasoning

* Hypothesis is a proposed explanation for a phenomenon that can be tested through observation and
experimentation

* Observation involves carefully examining and recording phenomena to gather data and inform
hypotheses

» Experimentation tests hypotheses by manipulating variables under controlled conditions and
measuring outcomes (lab experiments, field experiments)

+ Data collection is the process of gathering and measuring information on variables of interest in a
systematic way that enables answering research questions and evaluating outcomes

+ Analysis examines the data collected during experimentation to identify patterns, trends, and
relationships that can support or refute the hypothesis (statistical analysis, qualitative analysis)

« Conclusion interprets the results of the analysis to determine whether the hypothesis is supported or
refuted and discusses the implications and limitations of the findings

lterative Nature of the Scientific Process

« Scientific process is iterative, meaning that conclusions from one study often lead to new hypotheses
and further experimentation

» New observations or data may require revising or refining the original hypothesis and conducting
additional experiments

* Continuously building upon previous knowledge through ongoing cycles of hypothesis,
experimentation, and conclusion is essential for scientific progress

* Collaboration among researchers allows for sharing of data, replication of experiments, and faster
advancement of scientific understanding (research teams, scientific conferences)
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Validation

Replication

* Replication is the process of repeating an experiment or study to verify its results and ensure the
findings are reliable and not due to chance or error

* Replicating experiments helps to identify and correct any methodological flaws, biases, or
confounding variables that may have influenced the original results

* Successful replication by independent researchers using the same methods increases confidence in
the validity and generalizability of the findings

« Inability to replicate results may indicate issues with the original study design, data collection,
analysis, or interpretation and requires further investigation

Peer Review

* Peer review is the evaluation of scientific work by other experts in the same field to assess its quality,
validity, and significance before publication

* Peer reviewers scrutinize the study's methods, data, analysis, and conclusions to identify any errors,
weaknesses, or limitations and provide feedback for improvement

* Peer review helps to maintain high standards of scientific rigor, objectivity, and integrity by filtering out
flawed or fraudulent research

* Publication in peer-reviewed journals is considered a mark of quality and credibility in the scientific
community (Nature, Science, PNAS)

1.2 Historical perspective on experimental design

Experimental design has evolved from ancient philosophers to modern statisticians. Early thinkers like
Aristotle and Bacon laid the groundwork for scientific inquiry, emphasizing observation and evidence. Their
ideas paved the way for more rigorous methods.

Modern pioneers like Fisher introduced randomization and analysis techniques. These advancements,
along with powerful statistical methods, have revolutionized research. Today's experimental designs allow
for more precise and reliable scientific conclusions across various fields.

Early Pioneers

Influential Philosophers and Scientists

* Aristotle developed the concept of inductive reasoning, which involves drawing conclusions based on
observations and experiences

* Francis Bacon emphasized the importance of experimentation and empirical evidence in scientific
inquiry, advocating for a systematic approach to gathering data and testing hypotheses

* Galileo Galilei pioneered the use of controlled experiments and mathematical analysis in physics,
challenging prevailing beliefs and establishing the foundation for modern scientific methods

* Isaac Newton formulated the laws of motion and universal gravitation, demonstrating the power of
mathematical modeling and experimental validation in understanding natural phenomena

Fiveable archived study guides Page 3



Contributions to Scientific Methodology

* These early pioneers laid the groundwork for modern scientific methods by emphasizing the
importance of observation, experimentation, and logical reasoning

* They challenged the prevailing reliance on authority and tradition, advocating for a more rigorous and
evidence-based approach to scientific inquiry

* Their work helped establish the principles of inductive reasoning, empirical evidence, and
mathematical analysis as essential components of scientific investigation

* The contributions of these early pioneers paved the way for the development of more sophisticated
experimental designs and statistical methods in the centuries that followed

Modern Experimental Design

Key Figures and Concepts

» Ronald Fisher, a British statistician, introduced the concept of randomization and developed the
analysis of variance (ANOVA) technique, which became a cornerstone of modern experimental design

* Randomization involves randomly assigning subjects to different treatment groups to minimize bias
and ensure that any observed differences are due to the treatment itself

* ANOVA allows researchers to compare the means of multiple groups and determine whether there
are significant differences among them

» Randomized controlled trials (RCTs) have become the gold standard for evaluating the effectiveness
of interventions in various fields, such as medicine, psychology, and social sciences

* In an RCT, participants are randomly assigned to either a treatment group (receives the intervention)
or a control group (receives a placebo or standard care) to minimize bias and confounding factors

* RCTs provide strong evidence for causal relationships between interventions and outcomes, as they
allow researchers to isolate the effect of the treatment while controlling for other variables

Advancements in Statistical Methods

* The evolution of statistical methods has played a crucial role in the development of modern
experimental design, enabling researchers to analyze and interpret complex data sets with greater
precision and reliability

» Advances in statistical software and computing power have made it possible to perform sophisticated
analyses on large datasets, such as multiple regression, factor analysis, and structural equation
modeling

* These statistical techniques allow researchers to explore the relationships among multiple variables,
test complex hypotheses, and develop predictive models based on empirical data

* The integration of statistical methods with experimental design has enhanced the rigor and
reproducibility of scientific research, enabling researchers to draw more robust and generalizable
conclusions from their studies
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1.3 Types of variables and their roles in experiments

Variables are the building blocks of experiments. They come in different types, each playing a unique role.
Independent variables are manipulated by researchers, while dependent variables are measured in
response. Understanding these distinctions is crucial for designing effective experiments.

Control variables are held constant to isolate the effect of independent variables. Confounding variables
can muddy results if not accounted for. Moderating and mediating variables help explain the nuances of
relationships between variables. Recognizing these roles enhances experimental design and
interpretation.

Types of Variables

Independent and Dependent Variables

* Independent variable is the variable that is manipulated or changed by the researcher
* Independent variable is the presumed cause in an experiment

* Dependent variable is the variable that is measured or observed in response to the independent
variable

* Dependent variable is the presumed effect in an experiment

* In a study on the effect of fertilizer on plant growth, the amount of fertilizer would be the independent
variable (manipulated by researcher) and plant height would be the dependent variable (measured in
response)

Categorical and Continuous Variables

« Categorical variables are variables that can be divided into distinct categories or groups

« Categorical variables can be nominal (categories with no inherent order, such as eye color) or ordinal
(categories with a natural order, such as rankings)

+ Continuous variables are variables that can take on any value within a certain range
« Continuous variables are often measured on a scale, such as height, weight, or temperature

* In a survey about favorite ice cream flavors, flavor would be a categorical variable (distinct categories
like vanilla, chocolate, strawberry) while rating of enjoyment on a scale from 1-10 would be a
continuous variable

Control and Confounding Variables

Control Variables

« Control variables are variables that are held constant throughout an experiment to minimize their
effect on the dependent variable

» Researchers control these variables to isolate the effect of the independent variable on the dependent
variable

« Control variables help to ensure that any changes in the dependent variable are due to the
manipulation of the independent variable and not some other factor
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* In an experiment on the effect of light on plant growth, temperature and soil type would be control
variables (kept the same for all plants) to isolate the effect of light

Confounding and Extraneous Variables

» Confounding variables are variables that are related to both the independent and dependent
variables, making it difficult to determine the true effect of the independent variable

» Confounding variables can lead to misleading conclusions if not accounted for in the experimental
design

» Extraneous variables are any other variables that may affect the dependent variable but are not of
primary interest in the study

* Researchers try to minimize the influence of extraneous variables through control and randomization

* In a study on the effect of a new drug on blood pressure, age could be a confounding variable (older
people tend to have higher blood pressure and may respond differently to the drug) while noise level in
the testing environment would be an extraneous variable

Interacting Variables

Moderating Variables

* Moderating variables are variables that affect the strength or direction of the relationship between the
independent and dependent variables

» Moderating variables can enhance, reduce, or change the effect of the independent variable on the
dependent variable

» Researchers often study moderating variables to understand when or for whom an effect is strongest

* In a study on the effect of stress on job performance, coping skills could be a moderating variable
(people with better coping skills may perform better under stress compared to those with poor coping
skills)

Mediating Variables

» Mediating variables are variables that explain how or why an independent variable affects a
dependent variable

» Mediating variables are the mechanism through which the independent variable influences the
dependent variable

» Mediating variables are often studied to understand the underlying process or pathway of an effect

* In a study on the effect of education on income, job skills could be a mediating variable (education
leads to better job skills, which in turn leads to higher income)

1.4 Importance of experimental design in research

Experimental design is crucial for conducting reliable and valid research. It ensures that studies accurately
measure what they intend to, minimize errors, and establish cause-and-effect relationships. Good design
also helps researchers make the most of their resources and uphold ethical principles.

Proper design addresses key aspects like data quality, causal inference, and research optimization. By
focusing on these elements, researchers can produce more robust, generalizable findings. This approach
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enhances the credibility and impact of scientific studies across various fields.
Data Quality

Ensuring Accurate and Consistent Measurements

« Validity assesses whether a study measures what it intends to measure

+ Construct validity evaluates how well a test measures the concept it claims to measure (intelligence
tests)

« Internal validity examines the extent to which a study establishes a trustworthy cause-and-effect
relationship between variables (randomized controlled trials)

 External validity considers the generalizability of study findings to other populations or settings
(representative sampling)

* Reliability refers to the consistency of a measure across different conditions

* Test-retest reliability assesses the stability of measurements over time by administering the same test
to a group on two separate occasions (personality assessments)

* Inter-rater reliability evaluates the degree to which different observers agree when measuring the
same phenomenon (coding qualitative data)

* Reproducibility is the ability to obtain consistent results when a study is repeated by independent
researchers

» Enhances credibility of scientific findings by demonstrating that results are not merely artifacts of a
specific study design or research team

* Requires detailed documentation of methods, data, and analysis procedures to enable replication
attempts (preregistration of studies)

Minimizing Errors and Variability

+ Systematic errors (bias) occur when there is a consistent deviation from the true value across
measurements

« Calibration errors can arise from improperly adjusted instruments (uncalibrated scales)

» Observer bias happens when researchers' expectations influence their measurements or
interpretations (confirmation bias)

» Random errors (noise) are unpredictable fluctuations in measurements due to chance factors

« Sampling error occurs when a sample does not accurately represent the population from which it was
drawn (small sample sizes)

» Measurement error arises from imprecise or inconsistent measurement tools (ambiguous survey
questions)

« Variability refers to the spread or dispersion of data points around a central value
« High variability can obscure true differences between groups or relationships among variables

» Reducing variability through standardized procedures and larger sample sizes improves the precision
of estimates (power analysis)
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Causal Inference

Establishing Cause-and-Effect Relationships

« Causality refers to the relationship between an event (the cause) and a second event (the effect),
where the second event is a consequence of the first

» Temporal precedence requires that the cause precedes the effect in time (smoking before lung cancer
diagnosis)

 Covariation means that changes in the cause are associated with changes in the effect
(dose-response relationship between drug and symptom relief)

« Elimination of alternative explanations involves ruling out other factors that could account for the
observed relationship (confounding variables)

» Randomized controlled trials (RCTs) are considered the gold standard for inferring causality

+ Random assignment of participants to treatment and control groups ensures that any differences in
outcomes are due to the intervention rather than pre-existing differences (balancing prognostic factors)

+ Blinding of participants and researchers to group allocation minimizes placebo effects and observer
bias (double-blind trials)

+ Observational studies can provide evidence of associations but cannot definitively establish causality

* Prospective cohort studies follow a group of individuals over time to assess the relationship between
exposures and outcomes (Framingham Heart Study)

* Retrospective case-control studies compare individuals with a specific outcome to those without it and
look back in time to identify potential risk factors (lung cancer and smoking history)

Addressing Confounding and Enhancing Generalizability

* Bias reduction techniques aim to minimize the influence of confounding variables that can distort the
true relationship between the exposure and outcome

» Matching involves pairing participants in the treatment and control groups based on key
characteristics (age, gender)

« Stratification divides the sample into subgroups based on potential confounders and analyzes the
relationship within each stratum (income levels)

« Statistical adjustment methods, such as multiple regression, control for the effects of confounders
during data analysis (adjusting for education when examining income and health outcomes)

» Generalizability (external validity) refers to the extent to which study findings can be applied to other
populations or settings beyond those directly studied

» Representative sampling ensures that the study sample accurately reflects the characteristics of the
target population (stratified random sampling)

* Multicenter trials involve conducting the same study at multiple sites to assess the consistency of
findings across different settings and populations (international clinical trials)

* Replication studies test the robustness of findings by repeating the study with different samples or in
different contexts (cross-cultural validation of psychological scales)
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Research Optimization

Maximizing Resources and Minimizing Waste

« Efficiency in research involves achieving the desired outcomes with the least amount of resources
(time, money, personnel)

* Pilot studies help refine study procedures, assess feasibility, and optimize resource allocation before
conducting a full-scale study (testing recruitment strategies)

» Sequential designs allow for interim analyses and early stopping of trials if clear benefits or harms
emerge, reducing unnecessary exposure and conserving resources (group sequential trials)

» Adaptive designs permit modifications to the study based on accumulating data, such as adjusting
sample size or dropping ineffective treatment arms (platform trials)

« Streamlining data collection and management processes can reduce costs and improve data quality

+ Electronic data capture (EDC) systems enable real-time data entry, validation, and monitoring,
minimizing errors and delays associated with paper-based methods

+ Centralized data management ensures consistent data handling and facilitates timely access to
information for decision-making (data coordination centers)

« Collaborative research networks foster resource sharing and synergy among investigators

* Pooling data from multiple studies increases statistical power and enables more robust analyses
(meta-analysis)

« Standardizing data collection and outcome measures across studies facilitates comparisons and
synthesis of findings (core outcome sets)

Upholding Ethical Principles and Protecting Participants

« Ethical considerations are paramount in research involving human subjects

» Respect for persons emphasizes the autonomy of participants and the need for informed consent
(voluntary participation)

+ Beneficence requires maximizing benefits and minimizing risks to participants (favorable risk-benefit
ratio)

« Justice ensures fair distribution of research burdens and benefits across different groups (equitable
selection of participants)

« Institutional Review Boards (IRBs) review and approve research protocols to ensure they meet ethical
standards

* Assess the scientific merit, risks, and benefits of the study

+ Evaluate the adequacy of informed consent procedures and participant protections (confidentiality
measures)

» Monitor ongoing studies for compliance with ethical guidelines and participant safety (adverse event
reporting)

* Privacy and confidentiality safeguards are essential to protect sensitive information and prevent
unauthorized access
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* De-identification of data involves removing personally identifiable information (names, addresses)
before sharing or publishing results

» Secure data storage and transmission practices, such as encryption and access controls, reduce the
risk of data breaches (HIPAA compliance)

« Certificate of Confidentiality provides additional legal protection against compelled disclosure of
identifiable research data (NIH-funded studies)
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Unit 2 — Principles of Experimental Design

2.1 Replication, randomization, and local control

Replication, randomization, and local control are key principles in experimental design. They help ensure
results are reliable, unbiased, and valid. These techniques increase the power of experiments and make
findings more applicable to broader populations.

Replication involves repeating experiments, while randomization assigns subjects to groups by chance.
Local control keeps conditions consistent. Together, these methods reduce errors, balance out
confounding factors, and strengthen the conclusions we can draw from experiments.

Replication and Randomization

Benefits of Replication and Randomization

* Replication involves repeating an experiment multiple times to ensure results are consistent and not
due to chance

» Randomization assigns subjects to treatment groups by chance (flipping a coin, random number
generator) to eliminate bias and ensure groups are comparable

* Replication and randomization together increase the validity and reliability of experimental results

» Randomization balances out potential confounding variables across treatment groups (age, gender,
socioeconomic status)

Statistical Power and Generalizability

« Statistical power measures the probability of detecting a true effect when one exists

* Increased replication leads to higher statistical power by providing more data points and reducing the
influence of outliers or extreme values

« Higher statistical power allows researchers to detect smaller effect sizes and increases confidence in
the results

* Generalizability refers to the extent to which experimental results can be applied to a larger population
beyond the study sample

* Randomization enhances generalizability by creating treatment groups that are representative of the
larger population (students from multiple schools vs. a single classroom)

Local Control and Blocking

Benefits of Local Control

* Local control involves keeping experimental conditions as consistent as possible across treatment
groups

* Reduces the influence of extraneous variables that could affect the dependent variable (temperature,
lighting, time of day)

+ Allows researchers to attribute differences in the dependent variable to the independent variable
rather than other factors

Fiveable archived study guides Page 11



* Increases the internal validity of the experiment by minimizing the impact of confounding variables

Blocking for Precision

* Blocking involves grouping similar subjects together before randomly assigning them to treatment
groups

* Reduces variability within treatment groups by ensuring they are balanced on key characteristics
(blocking by age, then randomly assigning within each age group)

* Increases the precision of the experiment by reducing the influence of individual differences on the
dependent variable

* Allows researchers to detect smaller effect sizes by minimizing within-group variability (blocking by
pre-test scores in an educational intervention)

Experimental Error

Sources and Reduction of Experimental Error

» Experimental error refers to the variability in measurements that cannot be attributed to the
independent variable

+ Can arise from measurement error, individual differences between subjects, or uncontrolled
environmental factors (background noise, temperature fluctuations)

* Replication helps to average out experimental error across multiple trials or subjects

+ Local control and blocking reduce experimental error by minimizing the influence of extraneous
variables and individual differences

* Using reliable measurement tools and standardized procedures can also help to minimize
experimental error (calibrating scales, using double-blind protocols)

» Researchers can calculate the amount of experimental error in their study and use it to determine the
significance of their results (comparing the effect size to the amount of error)

2.2 Experimental units and sampling techniques

Experimental units and sampling techniques are crucial for designing effective experiments. They
determine how we select subjects and apply treatments, impacting the validity of our results.
Understanding these concepts helps us create robust studies that accurately represent populations.

Sampling methods like simple random, stratified, and cluster sampling ensure we get representative
samples. Meanwhile, experimental units define how we apply treatments and measure outcomes. These
elements form the foundation for reliable experimental design and data analysis.

Sampling Techniques

Probability Sampling Methods

* Simple random sampling
« Each unit in the population has an equal chance of being selected

» Randomly select units from the population using a random number generator or random number table
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* Ensures the sample is representative of the population and minimizes bias
» Works best for homogeneous populations where each unit is similar to the others
« Stratified sampling

+ Divide the population into distinct subgroups or strata based on a specific characteristic (age, gender,
income level)

» Randomly select units from each stratum in proportion to their representation in the population
* Ensures all subgroups are adequately represented in the sample

* Increases precision and reduces sampling error compared to simple random sampling

* Cluster sampling

+ Divide the population into clusters or groups based on geographic location or other naturally occurring
groupings

* Randomly select a subset of clusters to include in the sample
» Sample all units within the selected clusters
« Cost-effective and efficient for large, geographically dispersed populations

* May introduce sampling bias if clusters are not representative of the population

Systematic Sampling
+ Systematic sampling
* Select units from the population at a fixed interval (every 10th unit on a list)
» Determine the sampling interval by dividing the population size by the desired sample size
* Randomly select a starting point and then select every nth unit thereafter
+ Easy to implement and can be more precise than simple random sampling

» May introduce bias if there is a periodic pattern in the population that coincides with the sampling
interval

Experimental Design Basics

Units and Population

* Experimental unit

* The smallest unit to which a treatment is applied in an experiment

» Can be an individual subject (person, animal, plant) or a group of subjects (classroom, litter of mice)
» The experimental unit is the unit of replication and the basis for the analysis of the experiment

« Example: In a study on the effect of fertilizer on crop yield, each individual plot of land receiving a
specific fertilizer treatment would be an experimental unit

» Observational unit

» The unit on which measurements or observations are made in an experiment
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* May be the same as the experimental unit or a subunit of the experimental unit

» Example: In the crop yield study, if the yield is measured for each individual plant within a plot, then
each plant is an observational unit

* Population

* The entire group of individuals or units that the researcher wants to study and draw conclusions about
» Can be a population of people, animals, plants, objects, or events

» The goal of an experiment is to make inferences about the population based on the sample results

* Example: In a study on the effectiveness of a new drug, the population might be all adults with a
specific medical condition

Sample Size Considerations

» Sample size
* The number of units selected from the population to be included in the study
+ Determines the precision and power of the experiment

« Larger sample sizes generally lead to more precise estimates and a greater ability to detect significant
differences between treatments

* Factors to consider when determining sample size include the variability of the population, the desired
level of precision, and the available resources (time, budget)

« Statistical power analysis can be used to determine the minimum sample size needed to detect a
specified effect size with a given level of significance

2.3 Bias and confounding variables

Bias and confounding variables can seriously skew research results. These pesky factors sneak into
studies, causing systematic errors that lead to wrong conclusions. It's crucial for researchers to spot and
control them.

Selection bias, measurement bias, and observer bias are common culprits. Confounding variables muddy
the waters too. Researchers use control groups, randomization, and blinding to fight back. These tools help
ensure solid, trustworthy findings.

Types of Bias

Selection Bias and Measurement Bias

* Bias occurs when there is a systematic error in the design, conduct, or analysis of a study that results
in a mistaken conclusion

« Selection bias happens when the sample is not representative of the population intended to be
analyzed

» Can occur when subjects self-select into a study (volunteers)

* Certain subgroups may be more motivated to participate (those with strong opinions on the topic)
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* Measurement bias refers to systematic errors in data collection that lead to inaccurate or inconsistent
measurements

* Using a scale that consistently underweighs items by 2 pounds introduces measurement bias

 Poorly worded survey questions can lead respondents to answer inaccurately

Observer Bias

+ Observer bias occurs when a researcher's expectations, beliefs, or prejudices influence their
observations or interpretation of data

» Researchers may subconsciously look for data confirming their hypotheses while overlooking
contradictory data (confirmation bias)

* A researcher who believes a new drug is effective may focus on improvement in treated patients and
downplay side effects

* Observer bias can be introduced by inadequate blinding of researchers

« If researchers know which treatment a subject received, it may influence their measurements or
assessments

« Carefully training observers and using objective, validated measurement tools helps minimize
observer bias

Confounding Factors

Confounding Variables

* A confounding variable is an extraneous variable that correlates with both the dependent and
independent variables

» Confounding variables provide alternative explanations for the apparent relationship between the
independent and dependent variables

* In a study on the effect of alcohol on heart disease, smoking is a confounding variable because it is
associated with alcohol consumption and independently affects heart disease risk

» Confounding can lead to erroneous conclusions about cause and effect relationships

» Researchers must identify potential confounders and control for them through study design or
statistical analysis

Placebo and Hawthorne Effects

* The placebo effect is a beneficial effect produced by a placebo drug or treatment that cannot be
attributed to the placebo's properties

« Patients given a sugar pill may report improved symptoms because they believe they are receiving an
active medication

» The Hawthorne effect refers to individuals modifying their behavior due to awareness of being
observed

* Factory workers may temporarily increase productivity when they know they are being studied
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* Both placebo and Hawthorne effects can confound study results by introducing changes not caused
by the independent variable

* Using placebos and blinding subjects to their participation in a study helps control for these effects

Controlling for Bias

Control Groups and Randomization

* A control group is a group of subjects that does not receive the experimental treatment
+ Allows researchers to compare outcomes between treated and untreated groups
* Helps isolate the effect of the independent variable by holding other factors constant

* Randomly assigning subjects to treatment and control groups ensures the groups are equivalent and
minimizes confounding

» Randomization balances both known and unknown confounding factors between groups

* Using a control group and randomization are key strategies for reducing bias and confounding in
experiments

Blinding Techniques

* Blinding refers to concealing information about treatment allocation from subjects, researchers, or
both

* In a single-blind study, subjects do not know which treatment they are receiving, but researchers do
* Prevents subjects' expectations from influencing outcomes (placebo effect)
» Used when blinding researchers is not feasible (e.g., surgical trials)

* In a double-blind study, neither subjects nor researchers directly involved know who is receiving each
treatment

* Eliminates both subject and researcher bias
+ Considered the gold standard for reducing bias in clinical trials

* Triple-blinding extends blinding to data analysts to prevent bias in analysis and interpretation of results

2.4 Experimental validity (internal and external)

Experimental validity is crucial for ensuring research results are trustworthy and useful. Internal validity
focuses on establishing cause-effect relationships, while external validity determines if findings apply to
other situations. Both are essential for drawing meaningful conclusions from experiments.

Researchers must balance internal and external validity. High internal validity often means more controlled
conditions, potentially limiting generalizability. Conversely, studies with high external validity may sacrifice
some control, making causal inferences harder. Understanding these trade-offs is key to good
experimental design.
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Internal Validity

Construct Validity and Statistical Conclusion Validity

* Construct validity assesses whether a study measures what it intends to measure

+ Ensures the operationalization of variables accurately represents the theoretical constructs being
investigated

* Threats to construct validity include poor operationalization of variables, confounding variables, and
participant reactivity (Hawthorne effect)

« Statistical conclusion validity refers to the accuracy of inferences made about the relationship between
the independent and dependent variables

» Assesses whether the study has sufficient statistical power to detect an effect if one exists

* Threats to statistical conclusion validity include low statistical power, violated assumptions of
statistical tests, and unreliable measures (inconsistent or inaccurate measurement)

Threats to Internal Validity

* Internal validity is the extent to which a study establishes a causal relationship between the
independent and dependent variables

» Ensures that changes in the dependent variable are caused by the independent variable and not
extraneous factors

« High internal validity allows researchers to make strong causal claims about the relationship between
variables

* Threats to internal validity include:

« History: Events outside the study that affect the dependent variable (changes in government policies
during a long-term study)

» Maturation: Natural changes in participants over time (aging, learning, fatigue)

* Testing: The act of measuring participants affects their behavior or responses (practice effects,
sensitization to the measures)

« Instrumentation: Changes in the measurement tools or procedures during the study (switching from
paper to online surveys)

+ Selection bias: Systematic differences between groups prior to the study (non-random assignment,
self-selection)

« Attrition: Participants dropping out of the study, leading to differences between groups (more
motivated participants remaining)

External Validity

Generalizability and Ecological Validity

« External validity refers to the extent to which the results of a study can be generalized to other
populations, settings, or times
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» Assesses whether the findings are applicable beyond the specific sample and context of the study

+ High external validity allows researchers to make broader claims about the generalizability of their
results

* Generalizability is the degree to which the results of a study can be applied to other populations or
contexts

* Depends on the representativeness of the sample and the similarity of the study context to other
settings (college students vs. general population)

* Threats to generalizability include sampling bias, unique characteristics of the sample, and highly
controlled laboratory settings

* Ecological validity refers to the degree to which the study conditions and measures resemble real-life
situations

» Assesses whether the findings can be generalized to naturalistic settings and everyday experiences

* Threats to ecological validity include artificial laboratory settings, contrived tasks, and lack of
environmental cues (studying memory in a lab vs. real-world memory demands)
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Unit 3 — Randomization Techniques

3.1 Simple random sampling

Random sampling is a cornerstone of experimental design. It ensures every individual in a population has
an equal chance of being selected, leading to unbiased estimates and representative samples.

Sample size and sampling frames are crucial considerations. Larger samples generally yield more precise
results, while well-constructed sampling frames help researchers accurately represent the population
they're studying.

Sampling Basics

Random Selection and Equal Probability

* Random selection involves choosing individuals from a population by chance
 Each individual in the population has an equal probability of being selected

 Equal probability ensures that every member of the population has the same likelihood of being
included in the sample (lottery, random number generator)

» Random selection and equal probability are essential for obtaining representative samples and
unbiased estimates

Sampling Frame and Sample Size

* A sampling frame is a list of all individuals in the population from which the sample will be drawn

» Sampling frames should be comprehensive, up-to-date, and free from duplicates or ineligible
individuals (voter registration list, customer database)

» Sample size refers to the number of individuals selected from the population to be included in the
study

* Larger sample sizes generally lead to more precise estimates and smaller sampling errors

* The appropriate sample size depends on factors such as population variability, desired level of
precision, and available resources

Sampling Outcomes

Unbiased Estimates

* Unbiased estimates are statistical measures that, on average, accurately reflect the true population
parameter

* Random selection and equal probability of inclusion help ensure that samples are representative of
the population

» Unbiased estimates allow researchers to make accurate inferences about the population based on the

sample data

» Techniques such as stratified sampling and cluster sampling can further improve the accuracy of
estimates
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Sampling Error

» Sampling error refers to the difference between a sample statistic and the corresponding population
parameter

» Sampling error occurs because samples are typically smaller than the entire population and may not
perfectly represent it

» Larger sample sizes and well-designed sampling methods can help reduce sampling error

« Confidence intervals are used to quantify the uncertainty associated with sampling error and provide a
range of plausible values for the population parameter

Sampling Techniques

Random Number Generators

* Random number generators are computer algorithms that produce sequences of numbers that appear
random

» These generators are used to select individuals from a sampling frame in a way that ensures equal
probability of inclusion

* Random number generators can be used to assign individuals to different treatment groups in
experiments (treatment group, control group)

+ Most statistical software packages include built-in random number generators that can be used for
sampling purposes

* Researchers should use high-quality random number generators and seed values to ensure the
reproducibility of their sampling procedures

3.2 Stratified random sampling

Stratified random sampling divides a population into subgroups called strata. This technique ensures each
group is represented in the sample, reducing sampling error and improving precision. It's especially useful
when the population is diverse and the variable of interest varies across subgroups.

There are two main allocation methods: proportional and disproportional. Proportional allocation assigns
sample sizes based on stratum size, while disproportional allocation may oversample certain strata. This
flexibility allows researchers to balance representation and precision in their studies.

Stratification

Defining Strata and Stratification Variables

« Strata are distinct, non-overlapping subgroups within a population that share similar characteristics

« Stratification divides a heterogeneous population into homogeneous subgroups based on specific
variables (age, gender, income level)

« Stratification variables are the characteristics used to divide the population into strata

» Should be related to the variable of interest to ensure each stratum is as homogeneous as possible
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« Common stratification variables include demographic factors (age, gender, ethnicity), geographic
regions, or socioeconomic status (income, education level)

Variation Within and Between Strata

« Within-strata variation refers to the variability of the characteristic of interest within each stratum

« Stratification aims to minimize within-strata variation to ensure each stratum is as homogeneous as
possible

* Lower within-strata variation leads to more precise estimates and smaller standard errors
» Between-strata variation refers to the differences in the characteristic of interest across different strata

« Stratification captures the between-strata variation by ensuring each stratum is represented in the
sample

+ Higher between-strata variation indicates the stratification variable is effective in dividing the
population into distinct subgroups

Allocation Methods

Proportional Allocation

* Proportional allocation assigns sample sizes to each stratum proportional to their population sizes

» The sample size for each stratum is determined by multiplying the total sample size by the proportion
of the population in that stratum

« If a stratum makes up 30% of the population, it will make up 30% of the sample under proportional
allocation

* Proportional allocation ensures the sample is representative of the population in terms of the
stratification variable

* Useful when the main goal is to obtain a representative sample and the variability within strata is
similar across all strata

Disproportional Allocation

+ Disproportional allocation assigns sample sizes to each stratum that are not proportional to their
population sizes

« Strata with higher variability or importance may be oversampled to improve the precision of estimates
for those subgroups

« If a stratum has high variability but makes up a small proportion of the population, it may be allocated
a larger sample size to ensure adequate representation

* Disproportional allocation is useful when some strata are more important than others or when the
variability differs significantly across strata

 Optimal allocation is a type of disproportional allocation that assigns sample sizes based on the
variability within each stratum and the cost of sampling from each stratum
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Benefits

Reduced Sampling Error

« Stratified random sampling can lead to reduced sampling error compared to simple random sampling

+ By dividing the population into homogeneous subgroups, stratification ensures each stratum is
adequately represented in the sample

* Reduces the risk of underrepresentation or overrepresentation of certain subgroups

« Stratification can lead to smaller standard errors and more precise estimates, especially when the
stratification variable is strongly related to the variable of interest

« If the variable of interest varies significantly across strata, stratification captures this variation and
improves the precision of estimates

« Stratified random sampling is particularly beneficial when the population is heterogeneous and the
characteristic of interest varies across subgroups (income levels across different age groups or
geographic regions)

3.3 Cluster sampling and systematic sampling

Cluster sampling and systematic sampling are two key randomization techniques in experimental design.
They offer alternatives to simple random sampling, each with unique advantages and considerations.
These methods can be more practical for certain populations but may impact precision.

Understanding these sampling methods is crucial for designing effective experiments. Cluster sampling
groups subjects naturally, while systematic sampling selects at fixed intervals. Both approaches have
specific applications and limitations that researchers must carefully consider when planning their studies.

Cluster Sampling

Defining Clusters and Sampling Units

« Cluster sampling involves dividing the population into groups or clusters that are naturally occurring
and non-overlapping (neighborhoods, schools, hospitals)

* Primary sampling units (PSUs) are the clusters that are randomly selected in the first stage of
sampling

* PSUs are typically large and contain many individual elements within them
* Examples of PSUs could be cities, schools, or households depending on the population being studied

+ Cluster sampling is often used when a complete list of individual elements in the population is not
available or feasible to obtain, but a list of clusters is available

Multi-Stage Sampling and Design Effects
» Multi-stage sampling is a type of cluster sampling where sampling is done in multiple stages
* In the first stage, a random sample of clusters (PSUs) is selected

* In subsequent stages, smaller sub-clusters or individual elements are randomly selected from within
the chosen clusters
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* This process can continue for several stages until the desired sample size is reached

+ Design effect measures the impact of the sampling design on the precision of estimates compared to
a simple random sample of the same size

« It is the ratio of the variance of an estimate under the complex design to the variance under simple
random sampling

* A design effect greater than 1 indicates a loss in precision due to clustering, while a value less than 1
suggests a gain in precision

« Cluster sampling often has a design effect greater than 1 because elements within clusters tend to be
more similar than elements across clusters

Intracluster Correlation and Considerations

* Intracluster correlation (ICC) measures the degree of similarity among elements within the same
cluster

* A high ICC indicates that elements within clusters are more homogeneous, while a low ICC suggests
greater heterogeneity within clusters

* The ICC affects the design effect and the precision of estimates obtained from cluster sampling

« Cluster sampling is most effective when clusters are heterogeneous (low ICC) but the population
within each cluster is homogeneous

* This minimizes the design effect and maximizes the precision of estimates

+ Cluster sampling can be more cost-effective and practical than simple random sampling, especially
when the population is geographically dispersed or a complete sampling frame is not available

» However, cluster sampling may lead to a loss in precision due to the potential similarity of elements
within clusters, as measured by the design effect and ICC

Systematic Sampling

Sampling Interval and Random Start

« Systematic sampling involves selecting elements from an ordered list at a fixed interval, known as the
sampling interval

* The sampling interval (k) is determined by dividing the population size (N) by the desired sample size
(n): k=N/n

* For example, if N=1000 and n=100, then k=10, meaning every 10th element is selected

» A random start is chosen between 1 and the sampling interval (k) to determine the first element to be
included in the sample

» The random start ensures that every element has an equal probability of being selected

« If the random start is 7, then the elements selected would be the 7th, 17th, 27th, and so on, until the
end of the list is reached
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Periodicity and Considerations

* Periodicity refers to the presence of cyclical patterns or regularities in the ordered list that coincide
with the sampling interval

« If periodicity exists and aligns with the sampling interval, it can lead to biased or unrepresentative
samples

» For example, if a company's employee list is ordered by department and the sampling interval aligns
with the department size, the sample may over- or under-represent certain departments

 Systematic sampling is simple to implement and can provide a representative sample if the ordered
list is randomly arranged and free of periodicity

« It ensures an even spread of the sample across the population

* However, systematic sampling is not appropriate when the population list has a periodic arrangement
that matches the sampling interval, as this can introduce bias

+ Systematic sampling may also be less efficient than simple random sampling if the population list
needs to be sorted or rearranged before sampling can be conducted

3.4 Randomization in practice: methods and tools

Randomization in practice involves various methods and tools to ensure unbiased allocation of subjects to
treatment groups. From random number tables to computer-generated sequences, these techniques help
reduce selection bias and confounding variables in experimental studies.

Block randomization and minimization are advanced techniques that balance treatment groups throughout
the study. Specialized software and allocation concealment methods further enhance the integrity of the
randomization process, ensuring fair and reliable results in experimental research.

Random Number Generation Methods

Using Randomness to Generate Numbers

* Random number tables consist of pre-generated lists of random numbers that can be used to assign
subjects to treatment groups (flipping a coin, rolling dice)

» Computer-generated randomization uses algorithms to produce sequences of random numbers,
which can be used to allocate subjects to different study arms

* Ensures true randomness and eliminates potential bias compared to manual methods
» Can generate large quantities of random numbers quickly and efficiently

+ Seed value is the initial value used by a computer's random number generator to create a sequence of
pseudo-random numbers

« Different seed values will produce different sequences of random numbers

+ Using the same seed value allows for reproducibility of the randomization process

Fiveable archived study guides Page 24



Advantages and Disadvantages of Random Number Generation
Methods

» Random number tables and computer-generated randomization both ensure unbiased allocation of
subjects to treatment groups

» Reduces the potential for selection bias and confounding variables

» Computer-generated randomization is more efficient and less prone to human error compared to
manual methods like random number tables

» Random number tables may be more accessible in settings with limited access to computers or
specialized software

» Seed values must be carefully documented to ensure reproducibility of the randomization process

* Loss or misrecording of the seed value can make it difficult to replicate the randomization sequence

Randomization Techniques

Block Randomization

* Block randomization involves dividing subjects into smaller, balanced blocks and randomly assigning
treatments within each block

* Ensures equal distribution of subjects across treatment groups throughout the study
* Helps maintain balance in case of early study termination or unequal recruitment rates

* Block sizes can vary (2, 4, 6, or more) and are typically determined based on the desired level of
balance and the total sample size

» Smaller block sizes lead to more frequent balance checks but may be more predictable
* Larger block sizes are less predictable but may result in temporary imbalances
Minimization
* Minimization is a dynamic allocation method that assigns subjects to treatment groups based on
predefined baseline characteristics (age, gender, disease severity)
» Aims to minimize the imbalance of these characteristics across treatment groups
« Particularly useful in smaller studies or when there are several important baseline factors to consider

* The allocation of each new subject is determined by calculating imbalance scores for each treatment
group, considering the characteristics of previously enrolled subjects

* The treatment group with the lowest imbalance score is typically selected for the new subject

* A random element may be introduced to prevent predictability, such as assigning the subject to the
group with the second-lowest score with a certain probability
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Randomization Tools and Practices

Randomization Software

* Randomization software includes computer programs and web-based tools designed to generate
random allocation sequences and assist with the randomization process

* Ensures proper implementation of randomization techniques and reduces the risk of human error
» Can incorporate complex randomization methods, such as block randomization and minimization
» Many statistical software packages (SAS, R, Stata) offer built-in randomization functions

+ Allow for customization of randomization parameters and generation of allocation lists

* Specialized randomization software (Sealed Envelope, Castor EDC) provides user-friendly interfaces
and additional features, such as concealment of allocation and audit trails

Concealment of Allocation

» Concealment of allocation refers to the process of keeping the randomization sequence hidden from
investigators and participants until the moment of assignment

* Prevents selection bias by ensuring that the upcoming treatment allocation is not known in advance
* Maintains the integrity of the randomization process and reduces the potential for manipulation

» Methods for concealing allocation include sealed envelopes, central randomization by telephone or
web-based systems, and the use of independent third parties

+ Sealed envelopes contain the treatment assignment and are opened sequentially for each new
subject

« Central randomization involves contacting a remote center to obtain the treatment allocation, keeping
the sequence hidden from local investigators

* Independent third parties, such as clinical trial coordinating centers or contract research organizations,
can manage the randomization process and ensure concealment of allocation
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Unit 4 — Factorial Designs

4.1 Two-factor factorial designs

Two-factor factorial designs allow researchers to study the effects of two variables simultaneously. This
efficient approach examines main effects of each factor and their interaction, providing a comprehensive
understanding of how variables influence outcomes together and separately.

These designs are foundational in experimental research, offering insights beyond simple cause-and-effect
relationships. By manipulating multiple factors at once, researchers can uncover complex interactions and
make more nuanced conclusions about the phenomena they're studying.

Factorial Design Basics

Fundamental Concepts

+ Factorial design is an experimental design that involves manipulating two or more independent
variables (factors) simultaneously to study their individual and combined effects on a dependent
variable

* Factors are the independent variables being manipulated in an experiment (temperature, dosage)

* Levels refer to the different values or categories of each factor being tested (low and high
temperature, 10mg and 20mg dosage)

« Full factorial design includes all possible combinations of levels for each factor being studied
+ Allows for the examination of both main effects and interaction effects

* Number of treatment combinations in a full factorial design is the product of the number of levels of
each factor

2x2 Factorial Design
* 2x2 factorial design is a commonly used factorial design that involves two factors, each with two levels
+ Simplest type of factorial design
« Useful for initial exploration of factors and their interactions

» Treatment combinations in a 2x2 factorial design represent the unique combinations of levels for each
factor

« With two factors (A and B) and two levels each (1 and 2), there are four treatment combinations:
A1B1, A1B2, A2B1, and A2B2

» Each treatment combination is administered to a separate group of subjects or experimental units

Effects in Factorial Designs

Main Effects and Interaction Effects

* Main effects refer to the individual effects of each factor on the dependent variable, ignoring the other
factors
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+ Calculated by comparing the mean responses at different levels of a factor, averaged across all levels
of the other factors

* Provide information about the overall impact of each factor on the outcome

* Interaction effects occur when the effect of one factor on the dependent variable depends on the level
of another factor

* Presence of interaction suggests that the factors do not act independently

* Interaction effects can be ordinal (lines do not cross in interaction plot) or disordinal (lines cross in
interaction plot)

Replication and Its Benefits

* Replication involves repeating each treatment combination multiple times with different subjects or
experimental units

* Helps to reduce the impact of individual differences and random variability

* Allows for a more precise estimate of the treatment effects and experimental error

* Replication is crucial for assessing the consistency and reproducibility of the results
* Increases the power of the experiment to detect significant effects

» Enables the estimation of experimental error, which is necessary for hypothesis testing and
determining the significance of the effects

4.2 Higher-order factorial designs

Higher-order factorial designs expand on two-factor experiments, allowing researchers to study complex
relationships between multiple variables. These designs, like three-factor and four-factor setups, provide
insights into main effects and interactions, offering a more comprehensive understanding of the system
being studied.

As designs become more complex, issues like confounding and aliasing can arise. These challenges occur
when effects of different factors or interactions become mixed, making it harder to separate their individual
impacts. Researchers must carefully consider design resolution and blocking to manage these issues
effectively.

Multifactor Designs

Three-factor and Four-factor Factorial Designs

* Three-factor factorial designs involve three independent variables or factors
+ Each factor has two or more levels
« Allows for the investigation of main effects and interactions between the three factors

» Example: A study on the effects of temperature (low, high), pressure (low, high), and catalyst type (A,
B) on yield in a chemical process

* Four-factor factorial designs include four independent variables or factors

» Each factor has two or more levels
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* Enables the examination of main effects and interactions among the four factors

» Example: An experiment on the impact of fertilizer type (organic, inorganic), soil pH (acidic, neutral,
alkaline), watering frequency (daily, every other day), and sunlight exposure (full sun, partial shade) on
plant growth

Multifactor Designs and Design Resolution

* Multifactor designs involve more than two factors

* Allow for the study of main effects and interactions among multiple factors simultaneously
* Provide a comprehensive understanding of the system under investigation

* Require careful planning and consideration of the number of runs needed

+ Design resolution is a measure of the degree to which main effects and interactions are confounded
with each other

* Higher resolution designs (e.g., Resolution V) allow for the estimation of main effects and two-factor
interactions without confounding

* Lower resolution designs (e.g., Resolution Ill) may confound main effects with two-factor interactions,
making interpretation more challenging

* The choice of design resolution depends on the objectives of the study and the resources available

Confounding and Aliasing

Confounding and Aliasing in Factorial Designs

» Confounding occurs when the effects of two or more factors or interactions are combined and cannot
be estimated separately

» Happens when the number of runs is insufficient to estimate all effects independently
+ Can be intentional (to reduce the number of runs) or unintentional (due to design limitations)

» Example: In a 2*4 factorial design with only 8 runs, some two-factor interactions may be confounded
with other two-factor interactions

+ Aliasing is a consequence of confounding, where two or more effects are estimated by the same linear
combination of the response values

+ Aliased effects cannot be distinguished from each other
* The alias structure of a design depends on the design resolution and the defining relation

* Example: In a Resolution Il design, main effects may be aliased with two-factor interactions

Blocking in Factorial Designs

* Blocking is a technique used to reduce the impact of nuisance factors on the experimental results
* Nuisance factors are sources of variability that are not of primary interest but may affect the response

* Blocks are groups of experimental units that are expected to be more homogeneous than units across
blocks

Fiveable archived study guides Page 29



* Example: In an agricultural experiment, blocks may represent different fields or locations
* Blocking can be used in factorial designs to improve precision and reduce confounding
* Blocks are typically confounded with one or more high-order interactions

* The choice of effects to be confounded with blocks depends on the objectives of the study and the
expected magnitude of the effects

» Example: In a 273 factorial design with two blocks, the three-factor interaction (ABC) may be
confounded with blocks to allow for the estimation of main effects and two-factor interactions

4.3 Main effects and interactions

Factorial designs let us see how different factors work together to affect outcomes. Main effects show the
overall impact of each factor, while interactions reveal how factors influence each other's effects.

Understanding main effects and interactions is crucial for interpreting experimental results. By analyzing
these relationships, researchers can uncover complex patterns and make more accurate predictions about
how variables interact in real-world situations.

Main Effects and Interactions

Understanding Main Effects and Interactions

» Main effect refers to the direct influence of an independent variable on the dependent variable,
ignoring the effects of other independent variables

* Interaction effect occurs when the effect of one independent variable on the dependent variable
changes depending on the level of another independent variable

+ Additive effects happen when the combined effect of two or more independent variables on the
dependent variable is equal to the sum of their individual effects

« Synergistic effects arise when the combined effect of two or more independent variables on the
dependent variable is greater than the sum of their individual effects

» Antagonistic effects occur when the combined effect of two or more independent variables on the
dependent variable is less than the sum of their individual effects

Interpreting Effects in Factorial Designs

* In factorial designs, main effects and interaction effects can be present simultaneously

» Main effects represent the overall impact of each independent variable on the dependent variable,
averaging across the levels of other independent variables

* Interaction effects indicate that the effect of one independent variable depends on the level of another
independent variable

* Interpreting main effects in the presence of significant interactions should be done cautiously, as the
main effects may not accurately represent the true relationships between variables

» Examining interaction plots and conducting follow-up analyses can help clarify the nature of the
interactions and their impact on the dependent variable
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Types of Interactions

Two-Way Interactions

» Two-way interactions involve the relationship between two independent variables and their combined
effect on the dependent variable

* Example: In a study examining the effects of fertilizer type (organic vs. synthetic) and watering
frequency (low vs. high) on plant growth, a two-way interaction would occur if the effect of fertilizer type
on plant growth differs depending on the watering frequency

» Two-way interactions can be represented visually using interaction plots, where the lines connecting
the means of the dependent variable for each level of one independent variable are plotted separately
for each level of the other independent variable

« Parallel lines in an interaction plot indicate the absence of an interaction, while non-parallel lines
suggest the presence of an interaction

Three-Way Interactions

» Three-way interactions involve the relationship between three independent variables and their
combined effect on the dependent variable

» Example: In a study investigating the effects of study method (individual vs. group), study duration
(short vs. long), and test format (multiple-choice vs. essay) on exam performance, a three-way
interaction would occur if the effect of study method on exam performance depends on both study
duration and test format

» Three-way interactions can be more difficult to interpret and visualize compared to two-way
interactions

+ Higher-order interactions, such as four-way or five-way interactions, are possible but become
increasingly complex to analyze and interpret

Analyzing Interactions

Interaction Plots

« Interaction plots are graphical representations of the means of the dependent variable for each
combination of levels of the independent variables

« For two-way interactions, interaction plots typically display the means of the dependent variable on the
y-axis and the levels of one independent variable on the x-axis, with separate lines representing the
levels of the other independent variable

* Non-parallel lines in an interaction plot indicate the presence of an interaction, while parallel lines
suggest the absence of an interaction

* The direction and magnitude of the lines' slopes provide information about the nature and strength of
the interaction

* Interaction plots can help identify patterns and guide further analysis, but they should be interpreted in
conjunction with statistical tests and effect sizes
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ANOVA for Factorial Designs

* Analysis of Variance (ANOVA) is a statistical method used to test for significant differences between
means in factorial designs

« In factorial ANOVA, the main effects of each independent variable and their interactions are tested for
statistical significance

» The ANOVA table includes sources of variation (main effects, interactions, and error), degrees of
freedom, sum of squares, mean squares, F-values, and p-values for each effect

+ A significant main effect indicates that the levels of an independent variable differ in their effect on the
dependent variable, averaging across the levels of other independent variables

+ A significant interaction effect suggests that the effect of one independent variable on the dependent
variable depends on the level of another independent variable

* Follow-up tests, such as simple main effects analysis or post-hoc comparisons, can be conducted to
further explore significant interactions and determine which specific combinations of levels differ from
each other

4.4 Fractional factorial designs

Fractional factorial designs are a game-changer in experimental research. They let you study multiple
factors at once while cutting down on the number of experiments needed. This saves time and resources,
making it easier to explore complex systems efficiently.

These designs use clever math tricks to get the most info from fewer runs. By carefully picking which
combinations to test, you can still learn a lot about how different factors affect your results, even if you don't
test every possible combo.

Fractional Factorial Designs and Design Generators

Fundamentals of Fractional Factorial Designs

+ Fractional factorial designs are a subset of factorial designs that use only a fraction of the total
possible treatment combinations

+ Allow for the study of many factors simultaneously while reducing the number of experimental runs
required compared to full factorial designs

» Useful when resources are limited or when certain high-order interactions are assumed to be
negligible

* Involve the careful selection of a subset of treatment combinations based on the desired resolution
and the confounding patterns

Constructing Fractional Factorial Designs

+ Design generators are used to construct fractional factorial designs by defining the relationships
between factors

* A design generator is a mathematical equation that relates the levels of one or more factors to the
levels of another factor
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* For example, in a 2%~ 1 design, the design generator could be D = ABC, meaning the level of factor
D is determined by the levels of factors A, B, and C

* The defining relation is the complete set of design generators used to construct the fractional factorial
design

* Defines the aliasing pattern and the confounding structure of the design

Applications of Fractional Factorial Designs

* Screening designs are a common application of fractional factorial designs

* Used to identify the most important factors affecting a response variable when many potential factors
are being considered

* Allow researchers to efficiently explore a large factor space and focus on the most influential variables
for further experimentation

* Plackett-Burman designs are a specific type of screening design that are often used in industrial
settings to identify critical process parameters

Confounding and Alias Structure

Understanding Confounding Patterns

» Confounding occurs when the effects of two or more factors or interactions cannot be distinguished
from each other

« In fractional factorial designs, certain main effects and interactions are intentionally confounded with
other effects to reduce the number of runs

* The confounding pattern is determined by the choice of design generators and the defining relation

 Understanding the confounding pattern is crucial for interpreting the results of a fractional factorial
experiment

Analyzing the Alias Structure

* The alias structure describes the relationships between the estimated effects in a fractional factorial
design

» Main effects and interactions that are confounded with each other are said to be aliases
* The alias structure can be derived from the defining relation using algebraic manipulation

« For example, in a 24~ 1 design with defining relation / = ABCD, the main effect of A is aliased with
the BCD interaction, B with ACD, C with ABD, and D with ABC

» When analyzing the results of a fractional factorial experiment, it is important to consider the alias
structure to avoid misinterpreting confounded effects

Types of Fractional Factorial Designs

Resolution Ill Designs

* In a resolution Il design, main effects are confounded with two-factor interactions
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* No main effects are confounded with other main effects

* Provides good estimates of main effects, but two-factor interactions are not distinguishable from main
effects

« Example: A 24~ 1 design with defining relation | = ABCD is a resolution Il design

Resolution IV Designs

* In a resolution IV design, main effects are not confounded with two-factor interactions, but two-factor
interactions may be confounded with each other

« Allows for the estimation of main effects and some two-factor interactions, but not all two-factor
interactions can be estimated independently

« Example: A 25~ 1 design with defining relation | = ABCDE is a resolution IV design

Resolution V Designs

* In a resolution V design, main effects and two-factor interactions are not confounded with each other
+ Allows for the independent estimation of all main effects and all two-factor interactions

* Requires more runs than resolution IIl or IV designs, but provides a more complete understanding of
the factor effects

« Example: A 26~ 1 design with defining relation | = ABCDEF is a resolution V design
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Unit 5 — Blocking and Confounding

5.1 Principles of blocking

Blocking is a powerful technique in experimental design that divides units into homogeneous subgroups. It
reduces variability, improves precision, and controls nuisance factors, allowing for more accurate treatment
comparisons and increased experimental efficiency.

By creating blocks of similar units, researchers can minimize within-block variation and maximize
between-block variation. This approach enhances the ability to detect treatment effects and provides more
reliable estimates of experimental error.

Principles of Blocking

Key Concepts of Blocking

* Blocking divides experimental units into homogeneous subgroups called blocks before assigning
treatments

* Homogeneous units within a block are similar to each other with respect to a blocking variable or
variables

» Between-block variation measures the variability among the blocks and is typically large
« Within-block variation measures the variability within each block and is typically small

» Experimental efficiency increases by blocking because it reduces the experimental error

Applications and Benefits of Blocking

* Blocking is used to control the impact of nuisance factors, which are variables that may influence the
response variable but are not of primary interest

* Blocking provides local control by ensuring that the variability within each block is minimized and the
treatments are compared under similar conditions

* Blocking improves the precision of the experiment by reducing the experimental error and increasing
the ability to detect treatment differences

* Blocking allows for replication within each block, which provides a more reliable estimate of the
treatment effects and experimental error

Benefits of Blocking

Reducing Variability and Improving Precision

* Nuisance factors are variables that may affect the response variable but are not of primary interest
(temperature, humidity)

* Local control is achieved by blocking to ensure that the variability within each block is minimized and
the treatments are compared under similar conditions

* Blocking improves precision by reducing the experimental error, which increases the ability to detect
treatment differences
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* Replication within each block provides a more reliable estimate of the treatment effects and
experimental error (multiple observations per treatment per block)

Increasing Efficiency and Controlling Nuisance Factors

* Blocking increases the efficiency of an experiment by reducing the variability caused by nuisance
factors

* By controlling nuisance factors through blocking, the effect of the treatment factors can be more
accurately estimated

* Blocking allows for the comparison of treatments under similar conditions, which reduces the impact of
nuisance factors on the response variable

* Blocking is particularly useful when there are known sources of variability that cannot be completely
eliminated through randomization (soil fertility in agricultural experiments)

5.2 Randomized complete block designs

Randomized complete block designs (RCBDs) are a powerful tool for controlling variability in experiments.
By grouping similar units into blocks, RCBDs reduce noise and increase precision, making it easier to
detect treatment effects.

ANOVA for RCBDs breaks down variability into block, treatment, and error components. This analysis
helps researchers understand the impact of blocking and treatments, while also comparing the efficiency of
RCBDs to completely randomized designs.

Randomized Complete Block Design Fundamentals

Key Components of RCBD

* Randomized complete block design (RCBD) is an experimental design that controls for variability by
grouping experimental units into homogeneous blocks

* Blocks are groups of experimental units that are similar in some way, such as location, time, or other
factors that may influence the response variable

*» Blocks help to reduce variability within the experiment and increase precision

« Example: In an agricultural experiment, blocks could be different fields or plots of land with similar soil
characteristics

* Treatments are the different levels of the factor being studied, randomly assigned to experimental
units within each block

» Example: In a medical study, treatments could be different dosages of a drug or different types of
therapy

* Replication involves repeating the experiment multiple times within each block to increase the
precision of the results and to allow for the estimation of experimental error

» Example: In a manufacturing experiment, each treatment could be applied to multiple products within
each production batch (block)

* Randomization within blocks ensures that treatments are randomly assigned to experimental units
within each block, which helps to minimize bias and confounding effects
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* This is a key feature of RCBD that distinguishes it from other blocking designs

Benefits and Considerations of RCBD

* RCBD is particularly useful when there is a known source of variability that can be controlled through
blocking

* By grouping similar experimental units together, the variability within blocks is reduced, making it
easier to detect differences between treatments

+ RCBD allows for the estimation of both treatment effects and block effects, which can provide valuable
information about the factors influencing the response variable

» The number of blocks and the size of each block should be carefully considered when designing an
RCBD

» Smaller blocks generally result in greater precision, but may also increase the complexity and cost of
the experiment

* RCBD requires that the number of experimental units in each block is equal to the number of
treatments, which may limit its applicability in some situations

* In cases where the number of experimental units is limited or the treatments cannot be applied to all
units within a block, other designs such as the Latin square or incomplete block designs may be more
appropriate

ANOVA for RCBD
Components of ANOVA for RCBD

* ANOVA (Analysis of Variance) is a statistical method used to analyze data from an RCBD experiment

» The ANOVA for RCBD partitions the total variability in the response variable into three components:
block effect, treatment effect, and error term

* Block effect represents the variability between blocks, which is controlled for in the RCBD

* A significant block effect indicates that the blocking factor has a substantial impact on the response
variable

* Treatment effect represents the variability between treatments, which is the primary focus of the
experiment

* A significant treatment effect suggests that there are differences between the treatments being studied
« Error term represents the variability within blocks that is not explained by the block or treatment effects
« This is the residual variability that cannot be attributed to either the blocking factor or the treatments

* Degrees of freedom for each component of the ANOVA are determined by the number of blocks,
treatments, and total observations in the experiment

» These degrees of freedom are used to calculate the mean squares and F-statistics for testing the
significance of block and treatment effects
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Efficiency and Comparison to CRD

* The efficiency of an RCBD relative to a completely randomized design (CRD) depends on the
magnitude of the block effect

« If the block effect is large, meaning that the blocking factor explains a substantial portion of the
variability in the response variable, then the RCBD will be more efficient than a CRD

* The efficiency of an RCBD can be calculated as the ratio of the mean square error of a CRD to the
mean square error of the RCBD

* In general, an RCBD is more efficient than a CRD when the variability between blocks is larger than
the variability within blocks

* This is because the RCBD controls for the variability between blocks, reducing the overall
experimental error and increasing the precision of the treatment comparisons

* However, if the block effect is small or negligible, then the RCBD may not provide a substantial
improvement in efficiency over a CRD

* In such cases, the added complexity of the RCBD design may not be justified, and a simpler CRD may
be preferred

* The choice between an RCBD and a CRD ultimately depends on the specific characteristics of the
experiment, the sources of variability, and the research objectives

5.3 Latin square and Graeco-Latin square designs

Latin square designs help control two sources of variability in experiments. They arrange treatments in a
grid, with each treatment appearing once in each row and column. This setup allows researchers to test
treatments under different conditions, accounting for potential confounding factors.

Graeco-Latin squares extend this concept by controlling for three sources of variability. They add an extra
factor, represented by Greek letters, to the Latin square design. This allows researchers to evaluate three
factors simultaneously while still controlling for variability in their experiments.

Latin Square and Graeco-Latin Square Designs

Latin Square Design
« Latin square design is a type of experimental design used to control for two sources of variability
* Arranges treatments in a square grid with each treatment appearing once in each row and column

* Ensures that each treatment is tested under different conditions (rows and columns) to account for
variability

* Example: Testing 4 different fertilizers (treatments) on 4 different plots of land (rows) over 4 different
weeks (columns)

Graeco-Latin Square Design

 Graeco-Latin square design is an extension of the Latin square design that controls for three sources
of variability

» Adds an additional factor to the Latin square design, represented by Greek letters
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» Each treatment appears once in each row, column, and Greek letter category
« Allows for the evaluation of three factors simultaneously while controlling for variability

» Example: Testing 4 different car wax brands (treatments) on 4 different car colors (rows) by 4 different
detailers (columns) using 4 different application techniques (Greek letters)

Types of Latin Squares

« Standard Latin square follows a specific order, with treatments arranged in a systematic pattern
« Example: A, B, C, D in the first row, then B, C, D, A in the second row, and so on

» Randomized Latin square randomizes the order of treatments within each row and column

* Helps to further reduce bias and ensure a more balanced design

+ Orthogonality is a property of Latin squares where each pair of treatments appears together in a cell
exactly once

 Ensures that treatment effects are independent and can be estimated separately

« Balance is another property of Latin squares, where each treatment appears an equal number of
times in each row and column

* Provides a fair comparison of treatments across different conditions

Factors and Effects in Latin Square Designs

Sources of Variability

» Row effects represent the variability caused by the factor assigned to the rows (e.g., plots of land)
« Latin square design controls for row effects by ensuring that each treatment appears once in each row
» Column effects represent the variability caused by the factor assigned to the columns (e.g., weeks)

« Latin square design controls for column effects by ensuring that each treatment appears once in each
column

* Controlling for row and column effects allows for a more accurate estimation of treatment effects

Efficiency of Latin Square Design

* Degrees of freedom in a Latin square design are calculated as (n-1) for treatments, rows, and
columns, where n is the size of the square

* Example: In a 4x4 Latin square, there are 3 degrees of freedom for treatments, rows, and columns

+ Latin square designs are more efficient than randomized complete block designs when there are two
sources of variability

» Require fewer experimental units to achieve the same level of precision

+ Can be useful when resources are limited or when the cost of additional experimental units is high
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Analysis of Latin Square Designs

ANOVA for Latin Square

+ ANOVA (Analysis of Variance) is used to analyze data from Latin square designs
« Partitions the total variability in the data into components due to treatments, rows, columns, and error

* Helps to determine if there are significant differences between treatments while accounting for row
and column effects

* F-tests are used to compare the mean square for treatments, rows, and columns to the mean square
for error

« Significant F-tests indicate that the corresponding factor (treatments, rows, or columns) has a
significant effect on the response variable

* Pairwise comparisons (e.g., Tukey's HSD) can be used to determine which specific treatments differ
significantly from each other

5.4 Confounding in factorial experiments

Confounding in factorial experiments occurs when effects of multiple factors mix, making it hard to
separate their individual impacts. This concept is crucial for understanding how to design and analyze
experiments effectively, especially when dealing with complex factorial designs.

Blocking and fractional replication are key techniques used to manage confounding. These methods help
reduce variability, improve precision, and optimize resource use in experiments. Understanding
confounding is essential for interpreting results and drawing valid conclusions from factorial studies.

Confounding and Types

Confounding Concepts

» Confounding occurs when the effects of two or more factors are mixed together, making it impossible
to separate their individual effects

» Complete confounding happens when the effects of a factor are entirely mixed with another factor or
interaction, resulting in the inability to estimate the main effect of the confounded factor

« Partial confounding arises when only a portion of the effects of a factor are mixed with another factor
or interaction, allowing for the estimation of the main effect with reduced precision

Defining Contrast and Alias Structure

+ Defining contrast is a linear combination of factor effects that is confounded with blocks in a fractional
factorial design

« It determines which effects are confounded and which can be estimated independently

« Alias structure refers to the set of factor effects that are confounded with each other in a fractional
factorial design

« Effects that are aliased cannot be estimated separately (two-factor interaction, three-factor interaction)
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Factorial Design Techniques

Blocking and Fractional Replication

* Blocking in factorial designs involves grouping experimental units into homogeneous blocks to reduce
variability and improve precision

* Blocks can be based on factors such as batch, time, or location

* Fractional replication is a technique used to reduce the number of runs in a factorial experiment by
running only a fraction of the full factorial design

* Allows for the estimation of main effects and lower-order interactions while confounding higher-order
interactions

Confounding and Resolution

» Confounding higher-order interactions is a common strategy in fractional factorial designs to prioritize
the estimation of main effects and lower-order interactions

* Higher-order interactions (three-factor interaction, four-factor interaction) are assumed to be negligible
and are deliberately confounded

* Resolution of design refers to the degree to which main effects and lower-order interactions are
confounded with higher-order interactions in a fractional factorial design

+ Higher resolution designs (Resolution V, Resolution 1V) have less confounding and allow for better
estimation of main effects and lower-order interactions

Blocking and Confounding Interactions

Block-Treatment Confounding

* Block-treatment confounding occurs when the effects of treatments are confounded with the effects of
blocks

* This can happen when treatments are not randomly assigned to experimental units within each block
* To minimize block-treatment confounding, treatments should be randomized within each block

» Randomization ensures that treatment effects are not systematically confounded with block effects

Recovery of Inter-Block Information

* When blocking is used in a factorial design, some information about treatment effects is lost due to
confounding with block effects

* Recovery of inter-block information involves using appropriate statistical methods to estimate
treatment effects across blocks

» Methods such as the use of block-treatment interactions or the analysis of unconfounded effects can
help recover information lost due to blocking
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Unit 6 — Analysis of Variance (ANOVA)

6.1 One-way ANOVA

One-way ANOVA compares means across multiple groups, determining if significant differences exist. It
analyzes between-group and within-group variability, using the F-statistic to assess if group means differ
significantly.

ANOVA calculations involve degrees of freedom, sum of squares, and mean squares. Post-ANOVA
procedures include post-hoc tests like Tukey's HSD and effect size calculations, providing detailed insights
into group differences and their magnitude.

ANOVA Basics
Overview of Analysis of Variance (ANOVA)

* ANOVA is a statistical method used to compare means across multiple groups or conditions

 Determines if there are significant differences between the means of three or more independent
groups

» Can be used with both experimental and observational data

» Assumes that the dependent variable is normally distributed and the groups have equal variances
(homogeneity of variance)

Types of Variability in ANOVA

» Between-group variability

* Measures the differences between the group means

* Reflects the effect of the independent variable on the dependent variable

« Larger between-group variability suggests a significant effect of the independent variable
» Within-group variability

* Measures the differences among scores within each group

+ Reflects individual differences and random error

» Smaller within-group variability indicates that the groups are more homogeneous

F-statisticin ANOVA

* The F-statistic is the ratio of between-group variability to within-group variability

* A larger F-statistic indicates a greater difference between group means relative to the variability within
groups

* The F-statistic is compared to a critical value from the F-distribution to determine statistical
significance

+ A significant F-statistic suggests that at least one group mean differs from the others
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ANOVA Calculations
Degrees of Freedom in ANOVA

* Degrees of freedom (df) represent the number of independent pieces of information in a dataset
* In one-way ANOVA, there are two types of degrees of freedom:

» Between-group df = number of groups - 1

« Within-group df = total sample size - number of groups

* Degrees of freedom are used to determine the critical F-value and p-value

Sum of Squares in ANOVA

» Sum of squares (SS) measures the total variability in the data

* In one-way ANOVA, there are three types of sum of squares:

* Total SS: total variability in the data

» Between-group SS: variability due to differences between group means
« Within-group SS: variability due to differences within groups

* The total SS is partitioned into between-group SS and within-group SS

Mean Square in ANOVA

* Mean square (MS) is the average variability and is calculated by dividing the sum of squares by the
corresponding degrees of freedom

* In one-way ANOVA, there are two types of mean squares:
» Between-group MS = between-group SS / between-group df
» Within-group MS = within-group SS / within-group df

* The F-statistic is calculated by dividing the between-group MS by the within-group MS

Post-ANOVA Procedures

Post-hoc Tests

+ Post-hoc tests are conducted after a significant F-statistic to determine which specific group means
differ from each other

* These tests control for the increased risk of Type | error (false positives) that occurs when making
multiple comparisons

« Common post-hoc tests include Tukey's HSD, Bonferroni correction, and Scheffe's test

* Post-hoc tests provide more detailed information about the nature of the group differences

Tukey's Honestly Significant Difference (HSD)

» Tukey's HSD is a widely used post-hoc test that compares all possible pairs of group means
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« It calculates the minimum difference between means that is necessary for significance, taking into
account the number of comparisons being made

* Tukey's HSD is more powerful than other post-hoc tests when the sample sizes are equal

* It is a conservative test, meaning it is less likely to find significant differences than some other
post-hoc tests (Dunnett's test)

Effect Size in ANOVA

« Effect size measures the magnitude of the difference between groups
* In one-way ANOVA, eta squared (n?) is a common measure of effect size
* n? = between-group SS / total SS

« Eta squared ranges from 0 to 1 and represents the proportion of variance in the dependent variable
that is explained by the independent variable

* Interpretation of n? (small effect: 0.01, medium effect: 0.06, large effect: 0.14)

* Reporting effect size alongside statistical significance provides a more complete picture of the results
6.2 Two-way ANOVA

Two-way ANOVA builds on one-way ANOVA by examining the effects of two independent variables on a
dependent variable. It allows researchers to investigate main effects and interactions, providing a more
comprehensive understanding of complex relationships between variables.

This statistical technique is crucial for experimental design, enabling efficient analysis of multiple factors
simultaneously. Two-way ANOVA helps identify how variables interact, revealing insights that might be
missed when examining factors in isolation.

Factorial Design and Effects

Factorial Design Basics

* Factorial design simultaneously manipulates two or more independent variables (factors) to assess
their individual and combined effects on a dependent variable

» Each independent variable has two or more levels, and all possible combinations of these levels are
included in the study

* Factorial designs are more efficient than single-factor experiments because they allow researchers to
study the effects of multiple factors in a single experiment

» The number of conditions in a factorial design is determined by multiplying the number of levels of
each independent variable (e.g., a 2x3 factorial design has 6 conditions)

Main and Interaction Effects

» Main effects represent the impact of each independent variable on the dependent variable, averaged
across all levels of the other independent variables

* Main effects are tested using F-tests in ANOVA, which compare the variance between the levels of an
independent variable to the variance within the levels
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* Interaction effects occur when the effect of one independent variable on the dependent variable
changes depending on the level of another independent variable

« Significant interaction effects indicate that the variables do not operate independently and that their
combined effect is different from the sum of their individual effects (e.g., the effect of medication may
depend on dosage)

Simple Effects Analysis

* When a significant interaction effect is found, simple effects analysis is used to examine the effect of
one independent variable at each level of the other independent variable

» Simple effects are tested using F-tests or t-tests, depending on the number of levels of the
independent variable being analyzed

« Simple effects analysis helps to clarify the nature of the interaction by determining which specific
combinations of variable levels differ significantly from each other

» Conducting simple effects analysis is crucial for interpreting the practical significance of interaction
effects and guiding further research or decision-making (e.g., identifying the most effective combination
of medication and dosage)

Descriptive Statistics

Marginal Means

* Marginal means are the means of each level of one independent variable, collapsed across all levels
of the other independent variable(s)

* Marginal means are used to summarize the main effects of each independent variable and to create
interaction plots

» Marginal means are calculated by averaging the cell means (the means of each unique combination of
independent variable levels) across one independent variable

» Comparing marginal means can provide a quick overview of the general patterns in the data, but they
should be interpreted cautiously when significant interactions are present (e.g., the marginal mean of
medication effectiveness across dosages may obscure important differences at specific dosages)

Interaction Plots

* Interaction plots are graphical representations of the cell means in a factorial design, with separate
lines for each level of one independent variable across the levels of the other independent variable

* Interaction plots are used to visualize the presence and nature of interaction effects

« Parallel lines in an interaction plot indicate the absence of an interaction effect, while non-parallel lines
suggest the presence of an interaction

 The slope and direction of the lines in an interaction plot provide information about the strength and
nature of the interaction effect (e.g., converging lines suggest that the effect of one variable decreases
as the level of the other variable increases)
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Statistical Analysis

Partitioning Variance in ANOVA

« In factorial ANOVA, the total variance in the dependent variable is partitioned into separate
components for each main effect, the interaction effect(s), and the error (within-group) variance

» The main effect variance represents the variability in the dependent variable that can be attributed to
each independent variable, while the interaction effect variance represents the variability due to the
combined influence of the independent variables

* The F-tests in ANOVA compare each variance component to the error variance to determine statistical
significance

« Partitioning variance helps researchers understand the relative importance of each independent
variable and their interactions in explaining the variability in the dependent variable (e.g., determining
whether medication type or dosage has a greater impact on treatment effectiveness)

Multiple Comparisons and Post Hoc Tests

* When a main effect or interaction effect is significant, post hoc tests or planned comparisons are used
to determine which specific pairs of means differ significantly from each other

* Multiple comparison procedures, such as Tukey's HSD or Bonferroni correction, are used to control
the familywise error rate when conducting multiple pairwise comparisons

* Planned comparisons are used when researchers have specific hypotheses about which means will
differ, and they can provide greater statistical power than post hoc tests

* The choice of multiple comparison procedure depends on factors such as the number of comparisons,
the desired balance between Type | and Type Il error rates, and the specific research questions being
addressed (e.g., using Tukey's HSD to compare all possible pairs of medication dosages)

6.3 Multifactor ANOVA

Multifactor ANOVA builds on basic ANOVA by analyzing multiple independent variables and their
interactions. It's a powerful tool for understanding complex relationships in experimental data, allowing
researchers to examine main effects and interactions simultaneously.

This section covers three-way ANOVA, nested designs, repeated measures, and MANOVA. These
advanced techniques help researchers tackle more intricate research questions, accounting for multiple
factors and dependencies in their data analysis.

Three-way ANOVA and Higher-order Interactions

Analyzing Three or More Independent Variables

» Three-way ANOVA extends the concept of two-way ANOVA by including a third independent variable

* Allows researchers to examine the main effects of each independent variable and their interactions on
the dependent variable

* Interactions in three-way ANOVA can be two-way (between any two variables) or three-way (involving
all three variables simultaneously)
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* Example: Studying the effects of drug dosage (low, medium, high), age group (young, middle-aged,
elderly), and gender (male, female) on blood pressure levels

Interpreting Higher-order Interactions

* Higher-order interactions occur when the effect of one independent variable on the dependent
variable depends on the levels of two or more other independent variables

* Interpreting higher-order interactions can be complex and requires careful examination of interaction
plots and simple effects tests

+ Simple effects tests investigate the effect of one independent variable at specific levels of the other
independent variables

» Example: In a three-way ANOVA, a significant three-way interaction suggests that the two-way
interaction between any two variables differs across the levels of the third variable

Mixed Models with Fixed and Random Factors

* Mixed models in ANOVA contain both fixed and random factors

* Fixed factors are independent variables with levels that are purposefully chosen by the researcher
(drug dosage levels)

» Random factors have levels that are randomly sampled from a larger population (randomly selected
schools for an educational intervention study)

* Mixed models allow researchers to generalize findings to a broader population while accounting for
random variability

* Require more complex statistical analyses and assumptions than models with only fixed factors

Nested and Repeated Measures Designs

Nested Designs for Hierarchical Data Structures

* Nested designs, also known as hierarchical designs, are used when levels of one factor are nested
within levels of another factor

* Factors are not crossed, meaning that each level of the nested factor appears in only one level of the
higher-order factor

» Example: Comparing student performance across different classrooms within schools (students
nested within classrooms, classrooms nested within schools)

» Nested designs require special considerations for statistical analysis and interpretation of results

Repeated Measures ANOVA for Within-Subjects Designs

* Repeated measures ANOVA is used when the same participants are measured under different
conditions or at multiple time points

* Participants serve as their own control, reducing error variance and increasing statistical power

* Requires fewer participants compared to between-subjects designs
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» Example: Measuring participants' reaction times before, during, and after a cognitive training
intervention

* Repeated measures ANOVA must account for the correlation between repeated measurements on
the same individuals

Assessing Sphericity Assumption in Repeated Measures Designs

* Sphericity is an important assumption in repeated measures ANOVA, referring to the equality of
variances of the differences between all pairs of conditions

* Violation of sphericity can lead to an increased Type | error rate (false positives)
* Mauchly's test is commonly used to assess the sphericity assumption

« If sphericity is violated, corrections such as Greenhouse-Geisser or Huynh-Feldt can be applied to
adjust the degrees of freedom and maintain the validity of the F-test

* Alternative methods, such as multivariate approaches or mixed-effects models, can also be used
when sphericity is violated

Multivariate ANOVA
Extending ANOVA to Multiple Dependent Variables

* Multivariate ANOVA (MANOVA) is an extension of ANOVA that allows for the simultaneous analysis
of multiple dependent variables

* MANOVA tests for significant differences between groups on a combination of dependent variables

* Useful when dependent variables are conceptually related or when researchers want to control for
Type | error inflation due to multiple comparisons

» Example: Investigating the impact of an educational intervention on students' math performance,
reading comprehension, and science knowledge

Advantages and Assumptions of MANOVA

* MANOVA has several advantages over conducting multiple univariate ANOVAs:

* Controls the familywise Type | error rate when testing multiple dependent variables

* Accounts for the correlations among dependent variables

» Can detect multivariate effects that may not be evident in univariate analyses

* MANOVA assumptions include:

* Multivariate normality: Dependent variables follow a multivariate normal distribution within each group

* Homogeneity of covariance matrices: Covariance matrices of the dependent variables are equal
across groups

* Independence of observations: Participants are randomly sampled and independent of each other

* Pillai's Trace, Wilks' Lambda, Hotelling's Trace, and Roy's Largest Root are common test statistics
used in MANOVA to assess the significance of group differences
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Interpreting MANOVA Results and Follow-up Tests

« If the overall MANOVA is significant, it indicates that there are significant differences between groups
on at least one of the dependent variables

* Follow-up tests are necessary to determine which dependent variables contribute to the significant
multivariate effect

* Univariate ANOVAs can be conducted on each dependent variable as a follow-up, with appropriate
adjustments for multiple comparisons (Bonferroni correction)

* Discriminant function analysis can be used to identify the linear combinations of dependent variables
that best discriminate between groups

* Interpreting MANOVA results requires an understanding of the relationships among the dependent
variables and their practical significance in the research context

6.4 Assumptions and diagnostics for ANOVA

ANOVA assumptions are crucial for valid results. Normality, homogeneity of variance, and independence
must be checked. Violations can lead to incorrect conclusions, so it's important to assess these
assumptions using visual and formal methods.

Diagnostic tests help evaluate ANOVA assumptions. Residual plots and formal tests like Levene's and
Shapiro-Wilk are used. If violations occur, data transformations or robust methods can address issues,
ensuring reliable analysis and interpretation of results.

Assumptions

Normality and Its Assessment

» Normality assumes the residuals (differences between observed and predicted values) are normally
distributed

* Violations of normality can lead to inaccurate p-values and confidence intervals

» Assess normality visually using Q-Q plots or histograms of residuals

* Q-Q plots compare the distribution of residuals to a theoretical normal distribution
* Histograms should show a bell-shaped curve for normally distributed residuals

» Formally test normality using the Shapiro-Wilk test

* Null hypothesis: residuals are normally distributed

* P-value < 0.05 suggests a significant departure from normality

Homogeneity of Variance and Independence

* Homogeneity of variance (homoscedasticity) assumes equal variances across groups
* Violations (heteroscedasticity) can affect the validity of F-tests and lead to incorrect conclusions
* Assess homogeneity visually using residual plots (residuals vs. fitted values)

« Patterns or increasing/decreasing spread indicate heteroscedasticity
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* Formally test homogeneity using Levene's test

* Null hypothesis: variances are equal across groups

+ P-value < 0.05 suggests significant differences in variances

* Independence of observations assumes that observations within and between groups are not related
+ Violations can occur due to repeated measures, clustering, or spatial/temporal correlation

* Assess independence by examining the study design and data collection process

* Violations may require alternative models (repeated measures ANOVA, mixed models)

Diagnostic Tests

Residual Plots for Assessing Assumptions

* Residual plots are graphical tools for assessing ANOVA assumptions
* Residuals vs. Fitted plot

» Assess homogeneity of variance

* Look for patterns, increasing/decreasing spread, or outliers
» Normal Q-Q plot

* Assess normality of residuals

» Compare residuals to a theoretical normal distribution

+ Deviations from a straight line indicate non-normality

* Scale-Location plot

* Assess homogeneity of variance

» Look for patterns or increasing/decreasing spread

* Residuals vs. Leverage plot

« Identify influential observations

* Points with high leverage and large residuals may have a strong influence on the model

Formal Tests for Assumptions

« Levene's test for homogeneity of variance

* Null hypothesis: variances are equal across groups

* P-value < 0.05 suggests significant differences in variances
* Robust to non-normality, but sensitive to large sample sizes
+ Shapiro-Wilk test for normality

* Null hypothesis: residuals are normally distributed

* P-value < 0.05 suggests a significant departure from normality
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* More powerful than visual assessment, but sensitive to large sample sizes

* Alternative: Anderson-Darling test

Addressing Violations

Data Transformations

« Transformations can help stabilize variances and improve normality

» Common transformations: logarithmic, square root, reciprocal

« Logarithmic: /0g(x) or log(x + 1) for data with zero values

« Square root: vV x for data with a Poisson distribution

* Reciprocal: % for data with a strong right skew

» Choose a transformation based on the nature of the data and the severity of the violation

* Interpret results on the transformed scale or back-transform for interpretation

Robust ANOVA Methods and Non-Parametric Alternatives

* Robust ANOVA methods are less sensitive to violations of assumptions

» Welch's ANOVA: does not assume equal variances

» Trimmed means ANOVA: robust to non-normality and outliers

* Bootstrapping: resampling method to obtain robust confidence intervals and p-values
* Non-parametric alternatives do not rely on distributional assumptions

* Kruskal-Wallis test: rank-based test for comparing medians across groups

* Friedman test: rank-based test for repeated measures designs

* Permutation tests: resampling method to obtain exact p-values

+ Consider the trade-offs between robustness and power when selecting an alternative method
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Unit 7 — Statistical Power and Sample
Size

7.1 Concepts of statistical power and effect size

Statistical power and effect size are crucial concepts in experimental design. They help researchers
determine if their studies can reliably detect meaningful effects. Power is the chance of finding a real effect,
while effect size measures how big that effect is.

Understanding these concepts allows researchers to plan better studies. By calculating power and effect
size, they can figure out how many participants they need and how strong their results might be. This
knowledge is key for conducting effective experiments.

Power and Errors

Statistical Power and Types of Errors

« Statistical power probability of correctly rejecting a false null hypothesis

* Ranges from 0 to 1

« Higher power indicates a higher likelihood of detecting a true effect if one exists

« Influenced by factors such as sample size, effect size, and significance level (alpha)

* Type | error occurs when a null hypothesis is incorrectly rejected when it is actually true (false positive)
* Probability of making a Type | error is denoted by the alpha level (&)

» Commonly set at 0.05, meaning a 5% chance of incorrectly rejecting a true null hypothesis

* Type Il error occurs when a null hypothesis is not rejected when it is actually false (false negative)

« Probability of making a Type Il error is denoted by the beta level (B)

» Complement of statistical power (1 - power)

Alpha, Beta, and Power Analysis

* Alpha level significance level at which the null hypothesis is rejected

+ Conventionally set at 0.05 in many fields

* Lower alpha levels (0.01) reduce Type | error but increase Type Il error
* Beta level probability of failing to reject a false null hypothesis

* Directly related to statistical power (1 - power)

* Lower beta levels increase power but require larger sample sizes

» Power analysis used to determine the sample size needed to achieve a desired level of statistical
power

* Takes into account effect size, alpha level, and desired power (often 0.80 or higher)
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* Helps researchers plan studies with sufficient power to detect meaningful effects

Effect Size Measures

Cohen's d and Eta-squared

« Effect size standardized measure of the magnitude of an effect or relationship

+ Allows comparison of effects across different studies and variables

» Common effect size measures include Cohen's d, eta-squared, and odds ratio

» Cohen's d standardized difference between two means

+ Calculated as the difference between means divided by the pooled standard deviation
* Interpreted as small (0.2), medium (0.5), or large (0.8) effects

* Eta-squared (nz) proportion of variance in the dependent variable explained by an independent
variable

» Ranges from 0 to 1

* Commonly used in ANOVA to assess the magnitude of group differences

Odds Ratio

» Odds ratio measure of effect size for binary outcomes
* Represents the odds of an event occurring in one group compared to another

+ Calculated as the odds of an event in the treatment group divided by the odds of the event in the
control group

» An odds ratio of 1 indicates no difference between groups
» Odds ratios greater than 1 indicate higher odds of the event in the treatment group

» Odds ratios less than 1 indicate lower odds of the event in the treatment group (protective effect)

7.2 Power analysis for different experimental designs

Power analysis is crucial for determining sample sizes in experimental designs. It helps researchers detect
meaningful effects with confidence, ensuring studies have sufficient statistical power to draw valid
conclusions.

Different types of power analysis are used for various statistical tests. These include t-tests, ANOVA,
regression, and chi-square analyses. Tools like G*Power make it easier to perform power calculations for
diverse experimental setups.

Types of Power Analysis

Comparing Means and Variances

* T-test power analysis determines the sample size needed to detect a specified difference between two
means with a given level of confidence and power

» Assumes the data follows a normal distribution and the variances of the two groups are equal
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* ANOVA power analysis calculates the sample size required to detect differences among three or more
means with a specified level of confidence and power

» Used when comparing means across multiple groups or levels of a factor (treatments, conditions)

Analyzing Relationships and Associations

* Regression power analysis determines the sample size needed to detect a specified effect size
(strength of relationship) between a predictor variable and a response variable with a given level of
confidence and power

« Estimates the minimum sample size required to achieve a desired level of statistical power for a
regression model

+ Chi-square power analysis calculates the sample size required to detect a specified effect size
(strength of association) between two categorical variables with a given level of confidence and power

« Commonly used for analyzing contingency tables and testing independence between categorical
variables (survey responses, demographic categories)

Power Analysis Software

G*Power

* G*Power is a free, standalone power analysis program for a variety of statistical tests

* Provides a graphical user interface for inputting parameters and calculating power or sample size
* Supports t-tests, ANOVA, regression, chi-square, and other common statistical analyses

« Offers both a priori and post hoc power analysis options

* Generates detailed output, including effect size measures and graphical displays of power curves

Timing of Power Analysis

Planning and Design Stage

* A priori power analysis is conducted before data collection to determine the sample size needed to
achieve a desired level of statistical power

* Helps researchers design studies with sufficient power to detect meaningful effects

* Requires specifying the desired power level (usually 0.80 or higher), significance level (alpha), and
expected effect size

* Ensures that the study is adequately powered and resources are allocated efficiently

After Data Collection

+ Post hoc power analysis is performed after data collection to determine the achieved power given the
observed effect size and sample size

+ Useful for interpreting non-significant results and assessing the likelihood of Type Il errors (false
negatives)
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* Provides information about the adequacy of the sample size and the sensitivity of the study to detect
effects

« Sensitivity analysis explores how changes in input parameters (effect size, alpha level) affect the
power or required sample size

* Helps researchers understand the robustness of their power calculations and identify factors that have
the greatest impact on power

7.3 Sample size calculation techniques

Sampile size calculation techniques are crucial for designing effective studies. They help researchers
determine the optimal number of participants needed to detect meaningful effects while balancing
statistical power and resource constraints.

Power tables, curves, and formulas aid in estimating sample sizes based on desired power, effect size,
and significance level. Software tools streamline these calculations, making it easier for researchers to
plan studies with confidence.

Power and Sample Size Estimation

Power Tables and Curves

» Power tables provide pre-calculated power values for different sample sizes, effect sizes, and
significance levels

» Power curves visually represent the relationship between power and sample size

» Power curves help researchers determine the minimum sample size needed to achieve a desired level
of power (80%)

» Power tables and curves are based on specific statistical tests and study designs (t-test, ANOVA,
correlation)

Sample Size Formulas and Software

» Sample size formulas calculate the required number of participants for a study based on desired
power, effect size, and significance level

« Different formulas exist for various study designs and statistical tests (two-sample t-test, one-way
ANOVA, multiple regression)

« Statistical software packages (G*Power, PASS, nQuery) automate sample size calculations

* These software tools provide user-friendly interfaces for inputting study parameters and generate
sample size estimates

Precision and Effect Size

Margin of Error and Confidence Intervals

» Margin of error represents the maximum expected difference between the sample estimate and the
true population parameter

» Smaller margins of error indicate greater precision and require larger sample sizes
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+ Confidence intervals provide a range of plausible values for the population parameter based on the
sample data

» Wider confidence intervals suggest less precision and may necessitate larger sample sizes to narrow
the interval

Effect Size Estimation

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

» Common effect size measures include Cohen's d (standardized mean difference), correlation
coefficients (Pearson's r), and odds ratios

« Larger effect sizes require smaller sample sizes to detect statistically significant differences or
relationships

« Effect size estimates can be obtained from previous research, meta-analyses, or pilot studies to
inform sample size calculations

Preliminary Data for Sample Size

Pilot Studies for Sample Size Estimation

* Pilot studies are small-scale preliminary studies conducted to assess the feasibility, acceptability, and
potential effect sizes of a planned larger study

* Pilot studies help researchers refine study procedures, test measurement tools, and identify potential
challenges

+ Data from pilot studies can be used to estimate effect sizes and variability, which are essential for
accurate sample size calculations

* Pilot studies should have clear objectives, well-defined outcomes, and a justified sample size (10% of
the anticipated sample size for the main study)

* Results from pilot studies inform the design and sample size requirements of the subsequent full-scale
study

7.4 Trade-offs between power, sample size, and effect size

Statistical power, sample size, and effect size are crucial elements in experimental design. They're
interconnected, with each influencing the others. Understanding their relationship helps researchers plan
studies that can reliably detect meaningful effects.

Balancing these factors is key to conducting efficient, effective research. Too small a sample may miss real
effects, while too large a sample wastes resources. Researchers must consider practical constraints and
the expected effect size to determine the optimal study design.

Power and Sample Size

Relationship between Power and Sample Size

* Power increases as sample size increases

« Larger sample sizes provide more precise estimates and greater ability to detect significant effects
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* Increasing sample size reduces sampling error and increases the likelihood of finding a statistically
significant result if one exists

» Power is the probability of correctly rejecting a false null hypothesis (avoiding Type Il error)

* Higher power requires larger sample sizes to detect smaller effect sizes

Effect Size and Sample Size Considerations

« Effect size is the magnitude of the difference or relationship between variables

» Smaller effect sizes require larger sample sizes to achieve adequate power

» Researchers must consider the expected effect size when determining sample size
* Cohen's d is a common measure of effect size (small: 0.2, medium: 0.5, large: 0.8)

« Larger effect sizes can be detected with smaller sample sizes while maintaining adequate power

Determining Optimal Sample Size

» Optimal sample size balances power, effect size, and resource constraints

* Power analysis is used to determine the minimum sample size needed to detect an effect of a given
size with a specified level of power

» Researchers should aim for a power level of at least 0.8 (80% chance of detecting a true effect)
* Online calculators and software (G*Power) can assist in determining optimal sample size

» Optimal sample size ensures the study is adequately powered to detect meaningful effects

Overpowered and Underpowered Studies

» Overpowered studies have sample sizes larger than necessary to detect the expected effect size

» Overpowered studies waste resources and may detect statistically significant but practically
insignificant effects

» Overpowered studies can lead to false positives and overestimation of effect sizes

» Underpowered studies have sample sizes too small to detect the expected effect size with adequate
power

» Underpowered studies have a higher risk of Type Il errors (failing to reject a false null hypothesis)
» Underpowered studies can lead to false negatives and underestimation of effect sizes

» Researchers should aim for adequately powered studies to ensure reliable and meaningful results
Practical Considerations

Cost-Benefit Analysis

* Researchers must balance the costs and benefits of increasing sample size
+ Larger sample sizes require more resources (time, money, personnel)

* Incremental gains in power may not justify the additional costs beyond a certain point
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» Researchers should consider the feasibility and sustainability of the study design

+ Cost-benefit analysis helps determine the most efficient allocation of resources

Practical vs. Statistical Significance

« Statistical significance indicates the likelihood that the observed results are due to chance

* Practical significance refers to the real-world impact or meaningfulness of the results

« Statistically significant results may not always be practically significant

« Practically significant results may not always reach statistical significance with small sample sizes
» Researchers should interpret results in terms of both statistical and practical significance

« Effect sizes and confidence intervals provide information about practical significance

Resource Constraints and Limitations

* Researchers often face resource constraints (funding, time, access to participants)

« Limited resources may necessitate trade-offs between sample size, power, and other study design
factors

» Researchers should prioritize the most important research questions and allocate resources
accordingly

* Collaboration and data sharing can help overcome resource constraints and increase sample sizes

« Pilot studies can provide initial estimates of effect sizes and inform sample size calculations for larger
studies
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Unit 8 — Split—-Plot Designs

8.1 Principles of split-plot designs

Split-plot designs are a powerful tool in experimental research, combining two factors with different sizes of
experimental units. They're perfect when one factor is harder to change or apply than the other, allowing
for efficient resource use and precise measurements.

These designs have a unique structure with whole plots and subplots, each with their own factors and
randomization. This setup leads to two error terms and requires special analysis methods, but it offers
valuable insights into main effects and interactions between factors.

Experimental Units and Factors

Experimental Units and Levels

» Whole plot experimental units are the larger units to which the levels of the whole plot factor are
randomly assigned

* Subplot experimental units are the smaller units within each whole plot to which the levels of the
subplot factor are randomly assigned

* Levels of the whole plot factor are randomly assigned to whole plots while levels of the subplot factor
are randomly assigned to subplots within each whole plot

* Having two sizes of experimental units (whole plots and subplots) is a key characteristic of split-plot
designs

Factors and Levels
* Whole plot factor is the factor whose levels are randomly assigned to the whole plots
* Levels of the whole plot factor are applied to the larger experimental units (whole plots)

» Example: In an agricultural experiment, the whole plot factor could be irrigation method (drip or
sprinkler)

* Subplot factor is the factor whose levels are randomly assigned to the subplots within each whole plot

* Levels of the subplot factor are applied to the smaller experimental units (subplots) within each whole
plot

» Example: In the same agricultural experiment, the subplot factor could be fertilizer type (organic or
synthetic)

Design Structure

Restricted Randomization

* Split-plot designs involve restricted randomization where the randomization of the subplot factor is
restricted within each whole plot

» Randomization occurs at two levels:

1. Whole plot factor levels are randomly assigned to whole plots
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2. Subplot factor levels are randomly assigned to subplots within each whole plot

* This restricted randomization structure is a defining feature of split-plot designs and distinguishes
them from other designs like randomized complete block designs

Hierarchical Structure and Error Terms

« Split-plot designs have a hierarchical structure with subplots nested within whole plots
* This hierarchical structure leads to two different error terms:

1. Whole plot error: Variation among whole plots that have been assigned the same level of the whole
plot factor

2. Subplot error: Variation among subplots within a whole plot that have been assigned the same level
of the subplot factor (also called split-plot error)

» Having two error terms is another key characteristic of split-plot designs and affects the analysis and
interpretation of results

Effects
Main Effects

* In split-plot designs, there are two types of main effects:

1. Main effect of the whole plot factor: Compares the mean responses between levels of the whole plot
factor, averaged across all levels of the subplot factor

2. Main effect of the subplot factor: Compares the mean responses between levels of the subplot factor,
averaged across all levels of the whole plot factor

* Interpreting main effects in split-plot designs requires considering the hierarchical structure and error
terms

* Example: The main effect of irrigation method would compare the mean yield between drip and
sprinkler irrigation, averaged across both fertilizer types

Interaction Effects

* Interaction effect assesses whether the effect of one factor depends on the level of the other factor

* In split-plot designs, the interaction of interest is usually between the whole plot factor and the subplot
factor

» Determines if the effect of the subplot factor is consistent across all levels of the whole plot factor, or if
it varies depending on the whole plot factor level

« Interpreting interaction effects requires examining the pattern of mean responses across all
combinations of factor levels

» Example: A significant interaction between irrigation method and fertilizer type would suggest that the
effect of fertilizer type on yield differs depending on whether drip or sprinkler irrigation is used
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8.2 Analysis of split-plot experiments

Split-plot experiments analyze two factors: whole plot and subplot. They're useful when one factor is harder
to change than the other. This design allows researchers to study interactions between factors while
accounting for different levels of experimental control.

Analysis of split-plot experiments involves partitioning variation and conducting hypothesis tests. ANOVA
separates whole plot and subplot effects, using different error terms for each. Graphical tools like
interaction plots help visualize results and check assumptions.

ANOVA for Split-Plot Designs

Decomposing Variation in Split-Plot Designs

* ANOVA for split-plot designs partitions the total variation into components corresponding to the whole
plot and subplot factors

» Whole plot error represents the variation among whole plot experimental units within each level of the
whole plot factor

+ Used to test the significance of the whole plot factor
* Calculated as the mean square for the whole plot error term in the ANOVA table
 Subplot error represents the variation among subplot experimental units within each whole plot

+ Used to test the significance of the subplot factor and the interaction between the whole plot and
subplot factors

* Calculated as the mean square for the subplot error term in the ANOVA table

Hypothesis Testing in Split-Plot Designs

* Degrees of freedom for the whole plot factor, subplot factor, and their interaction are determined
based on the design and number of replicates

* Whole plot factor df = (number of whole plot levels - 1)
+ Subplot factor df = (number of subplot levels - 1)
* Interaction df = (whole plot factor df) x (subplot factor df)

* F-tests are conducted to assess the significance of the whole plot factor, subplot factor, and their
interaction

MSwhoreprot
MSwhoreptotError

+ Whole plot factor F-test: F =

M SSubplot
MSsuppioterror

« Subplot factor F-test: F =

Mslmeraction

® InteraCtion F'test: F = MSSubpfarErmr

* Mean squares (MS) for each factor and error term are calculated by dividing the sum of squares by
the corresponding degrees of freedom

SSwholePiot

o MSwholepiot = TFwholePiot

SSwholeproterror

. MSWhoIeP!otError = Afunolerloterror
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S5 Subplot

. MSSubp!Ot = dfsubplot

SsSubp!utError

¢ MSSubp!otError = deubptotErrur

Graphical Analysis

Interaction Plots

* Interaction plots display the means for each combination of whole plot and subplot factor levels

+ Used to visually assess the presence and nature of the interaction between the whole plot and subplot
factors

« Parallel lines indicate no interaction, while non-parallel or crossing lines suggest an interaction

» Example: In a split-plot experiment with irrigation method (whole plot) and fertilizer type (subplot), an
interaction plot can show how the effect of fertilizer type varies across different irrigation methods

Main Effect Plots

+» Main effect plots display the means for each level of a factor, averaged across the levels of the other
factor

+ Used to visually assess the main effects of the whole plot and subplot factors
« Differences in the heights of the points or lines indicate the magnitude of the main effect

» Example: In the irrigation method and fertilizer type experiment, a main effect plot for irrigation method
would show the average response for each irrigation method, averaged across all fertilizer types

Residual Analysis

* Residual analysis is used to assess the adequacy of the ANOVA model assumptions

» Residuals are calculated as the differences between the observed values and the fitted values from
the ANOVA model

* Plots of residuals vs. fitted values, residuals vs. factors, and normal probability plots of residuals are
used to check for patterns, outliers, and normality

+ Violations of assumptions may require data transformations or alternative analysis methods

Post-ANOVA Procedures

Multiple Comparisons

» Multiple comparisons procedures are used to compare specific treatment means after a significant
F-test in the ANOVA

» Common methods include Tukey's HSD (Honestly Significant Difference), Bonferroni, and Dunnett's
test

» These methods control the familywise error rate (FWER) or the false discovery rate (FDR) when
making multiple pairwise comparisons

» Example: If the interaction between irrigation method and fertilizer type is significant, Tukey's HSD can
be used to compare the means of specific treatment combinations (e.g., drip irrigation with organic
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fertilizer vs. sprinkler irrigation with synthetic fertilizer)
8.3 Split-split plot designs

Split-split plot designs are a powerful tool for studying three factors simultaneously in experimental
research. They allow researchers to investigate main effects and interactions between factors at different
levels of experimental units.

This design is particularly useful when some factors are harder to change than others. It provides a
structured approach to analyzing complex experiments, helping researchers uncover intricate relationships
between variables.

Experimental Design

Three-Factor Experiments

* Three-factor experiments involve studying the effects of three independent variables (factors) on a
response variable

« Each factor has two or more levels, and the experiment is designed to investigate the main effects of
each factor and their interactions

* The three factors are typically referred to as the whole plot factor, split-plot factor, and split-split plot
factor

» The experimental units are divided into whole plots, split plots, and split-split plots to accommodate
the three factors

Factors and Plots

» The whole plot factor is the first factor applied to the experimental units

* Whole plots are the largest experimental units to which the levels of the whole plot factor are randomly
assigned

* The split-plot factor is the second factor applied to the experimental units

» Each whole plot is divided into smaller units called split plots, and the levels of the split-plot factor are
randomly assigned to these split plots

* The split-split plot factor is the third factor applied to the experimental units

« Each split plot is further divided into even smaller units called split-split plots, and the levels of the
split-split plot factor are randomly assigned to these split-split plots

Data Structure

Nested Structure

« Split-split plot designs have a nested structure, where the split-split plots are nested within the split
plots, which are nested within the whole plots

* This nested structure reflects the hierarchical nature of the experimental design

*» The nesting of the experimental units leads to different sources of variation and error terms in the
analysis
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Interactions and Analysis

* In split-split plot designs, the primary interest is often in the triple interaction among the three factors
* The triple interaction represents the combined effect of all three factors on the response variable

» The analysis of variance (ANOVA) for split-split plot designs includes main effects for each factor,
two-way interactions between pairs of factors, and the triple interaction

» The ANOVA table for a split-split plot design is more complex than for simpler designs due to the
nested structure and multiple error terms

Results

Error Terms
« Split-split plot designs have three different error terms, corresponding to the three levels of the design

» The whole plot error is used to test the significance of the whole plot factor and its interactions with
other factors

* The split plot error is used to test the significance of the split-plot factor and its interactions with other
factors

* The split-split plot error is used to test the significance of the split-split plot factor and its interactions
with other factors

* The correct error term must be used for each hypothesis test to ensure valid inferences

Interpretation of Results

* Interpreting the results of a split-split plot analysis involves examining the significance of the main
effects, two-way interactions, and the triple interaction

« Significant main effects indicate that the levels of a factor have different effects on the response
variable, averaged over the levels of the other factors

 For example, if the main effect of the whole plot factor is significant, it means that the response
variable differs across the levels of the whole plot factor, regardless of the levels of the split-plot and
split-split plot factors

« Significant two-way interactions indicate that the effect of one factor depends on the level of another
factor

* For instance, a significant interaction between the whole plot and split-plot factors suggests that the
effect of the split-plot factor varies across the levels of the whole plot factor

* A significant triple interaction indicates that the combined effect of all three factors on the response
variable is not additive

* In other words, the effect of one factor depends on the levels of the other two factors simultaneously

* Interpreting a significant triple interaction can be complex and may require further investigation, such
as examining interaction plots or conducting post-hoc tests
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8.4 Applications and limitations of split-plot designs

Split-plot designs are a game-changer in agriculture and industry. They let researchers study multiple
factors at once, balancing practical constraints with statistical power. It's like having your cake and eating it
too!

These designs shine when some factors are hard to change, like soil type, while others are easy, like
fertilizer amount. They give more precise results for subplot comparisons but sacrifice some accuracy for
whole plot factors.

Applications of Split-Plot Designs

Agricultural and Industrial Applications

» Commonly used in agriculture experiments allows researchers to study the effects of different factors
on crop yields or quality while accounting for variations in soil conditions or other environmental factors
across a field

« Industrial processes often employ split-plot designs enables engineers to optimize manufacturing
processes by investigating the impact of various factors (temperature, pressure, raw materials) on
product quality or efficiency

« Evaluates hard-to-change factors (soil type, machine settings) as whole plot factors and
easy-to-change factors (fertilizer application, processing time) as subplot factors accommodates
practical constraints and reduces experimental costs

Accommodating Practical Constraints

» Hard-to-change factors serve as whole plot factors minimizes the need for frequent adjustments or
modifications during the experiment (different irrigation systems)

 Easy-to-change factors assigned to subplots within each whole plot allows for efficient manipulation of
these variables without disrupting the entire experimental setup (various fertilizer application rates)

» Enables researchers to conduct experiments in real-world settings where certain factors are difficult or
expensive to alter frequently (industrial production lines, agricultural fields)

Advantages and Limitations

Increased Precision for Subplot Comparisons

« Split-plot designs provide increased precision for comparing the effects of subplot factors by reducing
the impact of variability among whole plots

* Subplot treatments are replicated within each whole plot level allows for more accurate estimation of
subplot effects and their interactions with whole plot factors

» Enhances the ability to detect significant differences between subplot treatments (different seed
varieties within each irrigation system)

Reduced Precision for Whole Plot Comparisons

* Precision for comparing whole plot factors is reduced compared to a completely randomized design
because whole plot treatments are not replicated as frequently
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« Limited replication of whole plot treatments leads to lower statistical power for detecting significant
differences between whole plot levels (soil types)

* Whole plot comparisons may require larger sample sizes or more replications to achieve the desired
level of precision

Practical Constraints and Limitations

* Split-plot designs are subject to practical constraints that limit the number of possible treatment
combinations or replications

» Experimental units for whole plot factors may be scarce or expensive (large agricultural plots,
industrial machines) restricts the number of whole plot levels that can be investigated

« Splitting experimental units into subplots may not always be feasible due to the nature of the factors
being studied or the available resources (applying different temperatures to parts of a single industrial
oven)

Planning Split-Plot Experiments

Sample Size and Power Considerations

» Determining the appropriate sample size is crucial for achieving the desired level of precision and
statistical power in split-plot experiments

» Sample size calculations should account for the number of whole plot and subplot factors, the
anticipated effect sizes, and the desired level of significance and power

* Increasing the number of replications at the whole plot level can improve precision for whole plot
comparisons but may be limited by practical constraints (cost, availability of experimental units)

Conducting Power Analysis

» Power analysis helps researchers determine the minimum sample size required to detect significant
effects with a specified level of confidence

* Involves specifying the desired level of power (0.8), significance level (0.05), and anticipated effect
sizes for whole plot and subplot factors

« Considers the variability of the response variable and the expected magnitude of treatment differences
to ensure the experiment has sufficient sensitivity to detect meaningful effects

* Helps optimize resource allocation by balancing the trade-off between sample size, precision, and
practical limitations (budget, time, available experimental units)
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Unit 9 — Repeated Measures Designs

9.1 Fundamentals of repeated measures experiments

Repeated measures experiments involve testing the same participants under different conditions. This
design reduces the impact of individual differences and requires fewer participants. However, it can lead to
confounds like carryover effects and practice effects.

To address these issues, researchers use counterbalancing techniques and check for sphericity.
Understanding these fundamentals helps design more effective experiments and interpret results
accurately. Repeated measures are crucial for studying changes over time and within individuals.

Repeated Measures Design Fundamentals

Definition and Characteristics

» Repeated measures design involves each participant being exposed to all levels of the independent
variable (IV) and measured on the dependent variable (DV) under each level

« Within-subjects design refers to the same participants being tested under all conditions of the
experiment (levels of V)

« Longitudinal study is a type of research design that involves repeated observations of the same
variables over long periods of time (months or years)

 Time-series design involves measuring the DV at multiple time points before and after the introduction
of the IV to assess its impact over time

Advantages and Disadvantages

* Repeated measures designs require fewer participants than between-subjects designs since each
participant is exposed to all levels of the IV

« Within-subjects designs reduce the impact of individual differences on the results by having each
participant serve as their own control

* Longitudinal studies allow researchers to track changes over time and establish temporal order
between variables (causality)

* Time-series designs are useful for evaluating the effectiveness of interventions or treatments in
real-world settings (clinical trials)

* Repeated measures designs are susceptible to confounds such as carryover effects, practice effects,
and fatigue effects that can threaten internal validity

« Within-subjects designs may not be feasible or ethical for certain research questions that involve
irreversible treatments or long-term exposure to conditions

* Longitudinal studies are time-consuming, expensive, and prone to participant attrition over time which
can lead to biased results

* Time-series designs often lack a control group which makes it difficult to rule out alternative
explanations for observed changes in the DV over time
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Potential Confounds in Repeated Measures

Carryover and Order Effects

« Carryover effects occur when the effect of one level of the IV persists and influences performance on
subsequent levels of the IV

» For example, if a participant learns a skill in one condition, that learning may carry over and improve
their performance in later conditions

* Order effects refer to the possibility that the order in which the levels of the IV are presented can
influence the results

 For example, participants may perform better on a task if they complete the easiest condition first and
the hardest condition last (ascending difficulty) compared to the reverse order (descending difficulty)

Practice and Fatigue Effects

* Practice effects occur when participants' performance improves over time due to familiarity with the
task or measurement instruments

» For example, participants may get better at a memory task across trials simply because they have had
more practice with the task

* Fatigue effects occur when participants' performance declines over time due to boredom, tiredness, or
decreased motivation

* For example, participants may put less effort into a task or make more errors as the experiment goes
on because they become fatigued or lose interest

Addressing Confounds and Assumptions

Counterbalancing Techniques

« Counterbalancing involves varying the order in which the levels of the IV are presented across
participants to control for order effects

» Complete counterbalancing exposes each participant to all possible orders of the conditions (Latin
Square design)

« Partial counterbalancing involves creating a subset of orders that control for first-order carryover
effects (balanced Latin Square design)

* Reverse counterbalancing presents the levels of the IV in opposite orders for half of the participants
(A-B-C vs. C-B-A)

* Random counterbalancing assigns participants to orders randomly with the constraint that each order
is used an equal number of times

Sphericity and Compound Symmetry

* Sphericity is the assumption that the variances of the differences between all pairs of conditions are
equal

* Violations of sphericity can lead to an increased Type | error rate (rejecting the null hypothesis when it
is true)
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* Mauchly's test is used to assess sphericity and corrections (Greenhouse-Geisser, Huynh-Feldt) are
applied if violated

» Compound symmetry is a more stringent assumption that requires both equal variances and equal
covariances between all pairs of conditions

» Compound symmetry is a sufficient but not necessary condition for sphericity (if CS is met, sphericity
is also met)

* Multilevel modeling (mixed effects models) can be used to analyze repeated measures data without
assuming CS or sphericity

9.2 Between-subjects and within-subjects factors

Repeated measures designs involve multiple observations of the same participants. Between-subjects
factors assign participants to different groups, while within-subjects factors expose participants to all
conditions. These approaches have unique advantages and considerations for controlling individual
differences and statistical power.

Mixed designs combine both factor types, allowing researchers to examine complex relationships.
Understanding the differences between these approaches is crucial for selecting the most appropriate
design for a study, considering research questions, practical constraints, and potential confounds.

Types of Factors

Between-Subjects and Within-Subjects Factors

» Between-subjects factors assign each participant to only one level of the factor

* Participants in different groups receive different treatments (drug vs. placebo)

» Reduces the impact of individual differences on the results

* Requires a larger sample size to achieve the same statistical power as within-subjects designs
« Within-subjects factors expose each participant to all levels of the factor

* Participants serve as their own control, reducing the impact of individual differences

» Requires fewer participants to achieve the same statistical power as between-subjects designs

» May introduce order effects or carryover effects that need to be controlled (counterbalancing)

Mixed and Split-Plot Designs

» Mixed design incorporates both between-subjects and within-subjects factors

* Allows for the examination of both types of effects and their interactions

+ Can be more efficient than a purely between-subjects or within-subjects design
» Requires careful consideration of the order of conditions and counterbalancing

* Split-plot design is a type of mixed design where the levels of one factor are assigned to larger groups
(plots) and the levels of another factor are assigned within each plot

« Commonly used in agricultural research where large plots of land are divided into subplots (fertilizer
type as between-subjects factor, crop variety as within-subjects factor)
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» Can reduce the impact of variability between plots on the within-subjects factor

Effects and Interactions

Main Effects and Interaction Effects

» Main effects represent the overall effect of a single factor, averaged across the levels of other factors
* Indicates whether there is a significant difference between the levels of a factor (drug vs. placebo)

» Can be examined for both between-subjects and within-subjects factors

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

« Indicates that the factors do not operate independently (drug effectiveness may depend on dosage)
+ Can provide insights into the complex relationships between variables

* Requires a factorial design with multiple factors to detect

Interpreting and Reporting Effects
» Main effects and interaction effects are typically reported using F-tests and p-values
* A significant main effect suggests that the levels of the factor differ significantly
* A significant interaction effect suggests that the factors interact with each other

« Effect sizes (eta-squared, partial eta-squared) provide a standardized measure of the magnitude of
the effect

* Helps to assess the practical significance of the findings

* Allows for comparisons across studies and meta-analyses

Considerations

Individual Differences and Statistical Power

* Individual differences can introduce variability into the data, reducing the ability to detect true effects

« Within-subjects designs help to control for individual differences by having each participant serve as
their own control

» Between-subjects designs require larger sample sizes to account for individual differences
« Statistical power is the probability of detecting a true effect when it exists
» Depends on the sample size, effect size, and chosen significance level (alpha)

« Within-subjects designs typically have higher statistical power than between-subjects designs due to
the reduction in individual differences

» Researchers should conduct power analyses to determine the appropriate sample size for their study

Choosing the Appropriate Design

* The choice between a between-subjects, within-subjects, or mixed design depends on several factors:
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* Research question and hypotheses

+ Nature of the variables and manipulations

+ Practical constraints (time, resources, sample availability)

* Potential confounds and sources of bias (order effects, carryover effects)

» Researchers should carefully consider the trade-offs between different designs and choose the one
that best addresses their research goals while minimizing potential confounds

» Between-subjects designs are often preferred when order effects or carryover effects are a concern

« Within-subjects designs are preferred when individual differences are a major concern or when
sample sizes are limited

» Mixed designs offer a compromise between the two, allowing for the examination of both
between-subjects and within-subjects effects

9.3 Analysis of repeated measures data

Repeated measures designs allow researchers to analyze data from the same participants across multiple
conditions or time points. This approach reduces variability and increases statistical power compared to
between-subjects designs, making it a valuable tool in experimental research.

Repeated measures ANOVA and MANOVA are key statistical techniques for analyzing within-subjects
data. These methods help researchers uncover significant differences across conditions while accounting
for the correlated nature of repeated measurements and multiple dependent variables.

Repeated Measures ANOVA and MANOVA
Repeated Measures ANOVA for Within-Subjects Designs

» Analyzes differences between related means from the same participants measured at different times
or under different conditions

* Reduces unsystematic variability by allowing each participant to serve as their own control
» Requires fewer participants than a between-subjects design to achieve the same statistical power

« Effect size quantifies the magnitude of the difference between groups or the relationship between
variables (riz, Cohen's d)

+ Partial eta squared (ﬂg) commonly used effect size measure in repeated measures ANOVA

* Proportion of variance accounted for by the independent variable, while controlling for other factors

Multivariate Analysis of Variance (MANOVA)

» Extension of ANOVA used when there are multiple dependent variables
* Tests for significant differences between groups across multiple dependent variables simultaneously
* Accounts for correlations among the dependent variables

* Provides a more holistic understanding of the effects of the independent variables on the combined
set of dependent variables
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* Helps control the familywise error rate by reducing the number of individual tests conducted

Assumptions and Corrections

Mauchly's Test of Sphericity

* Assesses the assumption of sphericity in repeated measures ANOVA

* Sphericity assumes equal variances of the differences between all possible pairs of within-subject
conditions

« Significant result indicates a violation of the sphericity assumption

* Corrections (Greenhouse-Geisser or Huynh-Feldt) can be applied to adjust the degrees of freedom
and p-values when sphericity is violated

Corrections for Sphericity Violations

» Greenhouse-Geisser correction

+ Conservative adjustment to the degrees of freedom when sphericity is violated

* Multiplies the numerator and denominator degrees of freedom by the Greenhouse-Geisser epsilon (€)
* Huynh-Feldt correction

* Less conservative adjustment to the degrees of freedom when sphericity is violated

» Multiplies the numerator and denominator degrees of freedom by the Huynh-Feldt epsilon (£)

* Both corrections help maintain the validity of the F-test when the sphericity assumption is not met

Post-hoc Analysis

Conducting Post-hoc Tests

* Used to determine which specific groups or conditions differ significantly from each other after a
significant omnibus test (ANOVA or MANOVA)

« Control the familywise error rate to maintain the overall Type | error rate at the desired level (usually
a=.05)

« Common post-hoc tests for repeated measures designs
* Bonferroni correction adjusts the significance level by dividing @ by the number of comparisons

» Holm-Bonferroni correction sequentially adjusts the significance level based on the number of
remaining comparisons

- Sidak correction adjusts the significance level using the formula 1 — (1 — a) /X, where K is the
number of comparisons

Interpreting Pairwise Comparisons

« Pairwise comparisons identify specific differences between pairs of groups or conditions

« Significance values (p-values) indicate whether the difference between the pair is statistically
significant
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* Mean differences and confidence intervals provide information about the magnitude and direction of
the differences

* Plotting the means and confidence intervals can help visualize the pairwise differences (line graphs,
bar charts with error bars)

9.4 Handling missing data in repeated measures designs

Missing data in repeated measures designs can be a real headache. There are different types of missing
data, each with its own implications. Understanding these types helps researchers choose the right
methods to handle the missing information.

Dealing with missing data isn't just about filling in gaps. It's about maintaining the integrity of your study.
From simple deletion methods to complex imputation techniques, researchers have a toolkit to address
missing data while preserving statistical power and minimizing bias.

Types of Missing Data

Randomness of Missing Data

» Missing completely at random (MCAR) occurs when the probability of missing data is unrelated to any
observed or unobserved variables

* Missingness is entirely due to chance and does not depend on the values of the data (observed blood
pressure readings)

* Missing at random (MAR) happens when the probability of missing data is related to observed
variables but not to the missing data itself

* Missingness can be explained by other observed variables in the dataset (older participants more
likely to have missing data)

* Missing not at random (MNAR) arises when the probability of missing data is related to the missing
values themselves

» Missingness is systematically related to the unobserved values (participants with higher unreported
income more likely to have missing income data)

Implications of Missing Data Types

* MCAR data does not introduce bias into the analysis but may reduce statistical power due to smaller
sample size

* MAR data can be addressed using appropriate missing data techniques (multiple imputation) to
produce unbiased estimates

* MNAR data is the most problematic as it can introduce bias into the analysis and requires more
advanced methods (selection models, pattern mixture models) to handle

Deletion Methods

Listwise Deletion

* Listwise deletion, also known as complete case analysis, involves removing all cases with missing
data on any variable
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« If a participant has missing data for one time point, their entire record is excluded from the analysis
 Advantages include simplicity and comparability of univariate statistics across analyses

+ Disadvantages include substantial loss of data and potential bias if the data is not MCAR (non-random
missing data can lead to unrepresentative samples)

Pairwise Deletion

+ Pairwise deletion, also called available case analysis, involves using all available data for each
analysis

« If a participant has missing data for one variable, they are only excluded from analyses involving that
specific variable

» Advantages include using more of the available data compared to listwise deletion

« Disadvantages include potential differences in sample composition across analyses and biased
estimates if the data is not MCAR (correlations can be over- or underestimated)

Imputation Methods

Single Imputation

* Mean imputation involves replacing missing values with the mean of the observed values for that
variable

* For repeated measures, missing values can be replaced with the participant's mean across time
points (within-person mean) or the group mean at each time point (between-person mean)

» Advantages include simplicity and preservation of sample size

+ Disadvantages include underestimation of variance, bias if data is not MCAR, and ignoring uncertainty
in the imputed values (imputed values treated as known)

Multiple Imputation

 Multiple imputation involves creating multiple plausible sets of imputed values based on the observed
data and a statistical model

» Each imputed dataset is analyzed separately, and the results are combined using specific rules
(Rubin's rules) to account for the uncertainty in the imputed values

» Advantages include handling uncertainty in the imputed values, producing unbiased estimates if the
imputation model is correctly specified, and flexibility in the types of analyses that can be performed

+ Disadvantages include increased complexity, computational burden, and the need for specialized
software (MICE, Amelia Il)

Estimation and Analysis Methods

Maximum Likelihood Estimation

» Maximum likelihood estimation (MLE) is a method for estimating parameters of a statistical model
based on the observed data
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* MLE finds the parameter values that maximize the likelihood function, which quantifies how likely the
observed data is given the model parameters

* For repeated measures with missing data, MLE can be used to estimate the model parameters
directly from the incomplete data under the MAR assumption

» Advantages include producing unbiased estimates if the data is MAR and the model is correctly
specified, and handling missing data without the need for imputation

« Disadvantages include sensitivity to model misspecification and the need for large sample sizes for
asymptotic properties to hold

Intention-to-Treat Analysis

* Intention-to-treat (ITT) analysis is a principle in randomized controlled trials where all participants are
analyzed according to their originally assigned treatment group, regardless of adherence, protocol
deviations, or missing data

« ITT preserves the benefits of randomization and provides a more conservative estimate of treatment
effects

* For repeated measures with missing data, ITT analysis can be combined with missing data methods
(multiple imputation, MLE) to handle missing outcomes while maintaining the original treatment group
composition

» Advantages include reducing bias due to non-random missing data, providing a more pragmatic
estimate of treatment effectiveness, and aligning with the original randomization scheme

+ Disadvantages include potential dilution of treatment effects due to non-adherence and the need for
appropriate missing data methods to handle missing outcomes
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Unit 10 — Response Surface Methodology

10.1 Introduction to response surface designs

Response surface methodology (RSM) is a powerful tool for optimizing processes. It uses statistical
techniques to find the best settings for input factors that affect a response variable. RSM is especially
useful in industries where multiple inputs impact product quality.

RSM involves visualizing the relationship between inputs and outputs through contour plots and surface
plots. It often uses sequential experimentation, where each set of experiments guides the next, allowing for
efficient exploration of the design space and optimization of the response.

Response Surface Methodology Basics

Overview of RSM

* Response surface methodology (RSM) involves a collection of statistical and mathematical techniques
used for developing, improving, and optimizing processes

* RSM is particularly useful in situations where several input variables (factors) potentially influence
some performance measure or quality characteristic (response) of a process or product

» The primary goal of RSM is to optimize the response variable by determining the optimal settings for
the input factors

* RSM is widely used in industrial settings where multiple input variables impact a performance
measure or quality characteristic of the product or process (chemical processing, product development)

Key Concepts in RSM

» The response variable is the output or quality characteristic that is being optimized in the process

* Factor space refers to the range of values that the input variables (factors) can take on during the
experimentation process

* Design space is a specific region within the factor space that is of interest to the experimenter and
where the experiments will be conducted

« Identifying the appropriate factor space and design space is crucial for effective optimization using
RSM (temperature range, pressure range)

Visualizing Response Surfaces

Graphical Representations

« Contour plots are two-dimensional representations of the response surface, where lines of constant
response are drawn in the plane of two input factors while holding other factors constant

« Surface plots provide a three-dimensional view of the response surface, allowing for a better
understanding of the shape and curvature of the response surface

« Contour plots and surface plots help visualize the relationship between the response variable and the
input factors, aiding in the interpretation of the results (yield contour plot, strength surface plot)
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Sequential Experimentation

* RSM often involves sequential experimentation, where the results of one set of experiments guide the
design of subsequent experiments

» Sequential experimentation allows for the iterative improvement of the process by gradually moving
towards the optimal settings for the input factors

* This approach enables the experimenter to efficiently explore the design space and locate the region
of optimal response (screening experiments followed by optimization experiments)

10.2 First-order and second-order models

Response surface methodology helps us understand how factors affect outcomes. First-order models
show linear relationships, while second-order models capture curves and interactions. These models are
crucial for optimizing processes in various fields.

Evaluating model fit is key to ensuring accurate predictions. Techniques like lack-of-fit tests and residual
analysis help assess model adequacy. Once a good model is found, optimization methods can pinpoint the
best factor settings for desired outcomes.

Types of Models

First-order and Second-order Models

« First-order model represents a flat plane or hyper-plane in the factor space

+ Contains only linear main effects of the factors

 Appropriate when the response surface is a plane or a hyperplane (cereal yield)
» Second-order model represents a curved surface in the factor space

« Contains linear, quadratic, and interaction effects

* Appropriate when there is curvature in the response surface (chemical reaction yield)

Effects in Response Surface Models

* Linear effects represent the main effects of each factor on the response
* Indicate the direction and magnitude of the factor's influence (temperature, pressure)
» Quadratic effects represent the curvature in the response surface

» Occur when the effect of a factor on the response is not constant across its range (catalyst
concentration)

« Interaction effects represent the combined effect of two or more factors on the response

» Occur when the effect of one factor depends on the level of another factor (temperature and pressure
in a chemical reaction)
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Model Evaluation

Assessing Model Adequacy

* Model adequacy refers to how well the model fits the experimental data
+ Determines if the model can accurately predict the response within the experimental region

« Lack of fit test compares the pure error (replicated design points) to the residual error (model
predictions vs. actual values)

« Significant lack of fit indicates the model does not adequately represent the data (higher-order terms
may be needed)

* Residual analysis examines the differences between observed and predicted response values

* Residuals should be normally distributed with constant variance (no patterns or trends)

Optimization using Response Surface Methods

+ Steepest ascent/descent is a sequential experimental approach for moving towards the optimum
response

* Follows the path of steepest ascent (maximization) or descent (minimization) on the response surface

» Experiments are conducted along this path until no further improvement is observed (indicating the
optimum region has been reached)

+» Once the optimum region is identified, additional experiments can be conducted to fit a second-order
model

+ This model can then be used to determine the optimal factor settings that maximize or minimize the
response (product yield, process efficiency)

10.3 Central composite and Box-Behnken designs

Response surface designs help researchers explore how multiple factors affect an outcome. Central
composite and Box-Behnken designs are two popular options. They allow for efficient estimation of linear,
quadratic, and interaction effects with fewer experimental runs.

These designs differ in their structure and properties. Central composite designs use factorial, axial, and
center points. Box-Behnken designs use a subset of factorial points. Both aim for rotatability and
orthogonality to ensure reliable predictions across the design space.

Central Composite Designs (CCD)

Overview and Components

* Central composite design (CCD) is a response surface design that combines a two-level factorial or
fractional factorial design with additional axial and center points

* Consists of three types of design points: factorial points, axial points, and center points
* Factorial points are the points from a two-level factorial or fractional factorial design

+ Axial points, also called star points, are points located at a distance & from the center of the design
space along each factor axis
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* Center points are repeated points at the center of the design space used to estimate experimental
error and curvature

Variants of CCD

» Face-centered CCD has axial points positioned at the center of each face of the factorial space, with
a=1

* Requires only three levels for each factor
* Useful when the factors have established upper and lower bounds

« Circumscribed CCD has axial points located at a distance @ > 1 from the center, forming a circle
circumscribed around the factorial space

* Requires five levels for each factor

* Provides high-quality predictions over the entire design space

- Inscribed CCD has axial points located inside the factorial space, with @ <1
* Requires five levels for each factor

+ Useful when the corners of the factorial space are not of interest or are infeasible

Box-Behnken Design

Overview and Characteristics

» Box-Behnken design is an alternative to central composite designs for fitting second-order response
surfaces

* Requires only three levels for each factor, making it more efficient than CCD when the factors have
established ranges

* Does not include factorial points at the vertices of the design space, making it useful when the corners
are not of interest or are infeasible

Properties of Box-Behnken Design

* Rotatability is a desirable property where the variance of the predicted response is constant at a fixed
distance from the center of the design

» Box-Behnken designs are rotatable or nearly rotatable, ensuring consistent prediction quality in all
directions

+ Orthogonality is another desirable property where the effects of different factors can be estimated
independently

» Box-Behnken designs are orthogonal or nearly orthogonal, allowing for the independent estimation of
linear, quadratic, and interaction effects

10.4 Optimization techniques in response surface methodology

Response surface methodology helps optimize processes by analyzing stationary points and using
techniques like ridge analysis. These methods identify optimal operating conditions by exploring the
response surface and finding maximum or minimum points.
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Multiple response optimization and graphical methods like desirability functions allow researchers to
balance multiple objectives. These tools help find compromise solutions that satisfy various criteria, making
them valuable for complex industrial and scientific applications.

Analyzing Stationary Points
Types of Stationary Points

« Stationary point represents a point on the response surface where the slope is zero in all directions

» Maximum response occurs at a stationary point where the surface curves downward in all directions
(all eigenvalues are negative)

» Minimum response occurs at a stationary point where the surface curves upward in all directions (all
eigenvalues are positive)

+ Saddle point is a stationary point where the surface curves up in some directions and down in others
(eigenvalues have mixed signs)

Identifying and Interpreting Stationary Points

« Stationary points can be identified by solving the system of equations obtained by setting the partial
derivatives of the response function equal to zero

* The nature of the stationary point (maximum, minimum, or saddle point) is determined by examining
the signs of the eigenvalues of the Hessian matrix

* Interpreting stationary points helps determine optimal operating conditions for a process or system
(maximum yield, minimum cost)

» Saddle points indicate the presence of a ridge system and suggest further exploration may be needed
to find the true optimum

Multivariate Optimization Techniques

Ridge Analysis

+ Ridge analysis is a technique for exploring the response surface in the direction of the optimum
response

« Involves following the path of steepest ascent (or descent) from the center of the design space

+ Useful for identifying the region containing the optimum response and for studying the sensitivity of the
response to changes in the factor levels

+ Can be used iteratively to move sequentially towards the optimum (ridge path)

Canonical Analysis

 Canonical analysis involves transforming the response surface to a simpler form that is easier to
interpret and analyze

» The canonical form of the response surface is obtained by rotating and translating the coordinate
system
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 Canonical coefficients provide information about the relative importance of each factor and the nature
of the stationary point (maximum, minimum, or saddle point)

* Helps identify the most influential factors and the optimal settings for those factors (principal
components)

Multiple Response Optimization

* Multiple response optimization involves finding operating conditions that simultaneously optimize
several response variables

+ Techniques include overlaying contour plots, desirability functions, and mathematical programming
methods

» Goal is to find a compromise solution that provides acceptable values for all responses (Pareto
optimality)

* Requires prioritizing and weighting the importance of each response variable (desirability scales)

Graphical Optimization Methods

Desirability Function

* The desirability function is a technique for combining multiple response variables into a single
objective function

« Individual desirability scores are assigned to each response based on how well it meets the desired
target value or range

* Overall desirability is calculated as the geometric mean of the individual desirability scores

« Contour plots of the overall desirability function can be used to identify the optimal operating
conditions (sweet spot)

Overlapping Contour Plots

* Overlapping contour plots involve plotting the contours of multiple response variables on the same
graph

» The region where the desired contours of each response variable overlap represents the feasible
operating space

* Helps visualize the trade-offs between different response variables and identify potential optimal
solutions

» Can be combined with desirability functions to find the best compromise solution within the feasible
region (overlay plot)
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Unit 11 — Designing Experiments for
Analysis

11.1 Choosing appropriate statistical tests

Choosing the right statistical test is crucial for accurate data analysis in experimental design. This section
covers hypothesis testing, parametric vs non-parametric tests, and specific tests like t-tests, ANOVA, and
chi-square. It also explains their applications and considerations.

Understanding test selection helps researchers avoid errors and ensure statistical power. Factors like
sample size, data type, and research questions all play a role in picking the best test. This knowledge is
essential for designing effective experiments and drawing valid conclusions.

Selecting Appropriate Tests
Hypothesis Testing and Test Types

* Hypothesis testing assesses the validity of a claim or hypothesis about a population parameter based
on sample data

» Parametric tests assume the data follows a specific probability distribution (normal distribution) and
has certain characteristics such as equal variances between groups

* Examples of parametric tests include t-tests and ANOVA

» Non-parametric tests do not rely on assumptions about the distribution of the data and are used when
the assumptions of parametric tests are not met or the data is ordinal or nominal

» Examples of non-parametric tests include the chi-square test and correlation analysis

Specific Statistical Tests and Their Applications

* T-test compares the means of two groups to determine if they are significantly different from each
other

* Independent samples t-test used when comparing means from two separate groups (males vs.
females)

* Paired samples t-test used when comparing means from the same group at different times or under
different conditions (before vs. after treatment)

+ ANOVA (Analysis of Variance) compares the means of three or more groups to determine if they are
significantly different from each other

* One-way ANOVA used when there is one independent variable (comparing test scores across
multiple grade levels)

» Two-way ANOVA used when there are two independent variables (comparing test scores by grade
level and gender)

* Chi-square test assesses the relationship between two categorical variables to determine if they are
independent or associated
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» Goodness of fit test compares observed frequencies to expected frequencies (survey responses
compared to population proportions)

* Test of independence examines if two variables are related (relationship between education level and
voting behavior)

« Correlation analysis measures the strength and direction of the linear relationship between two
continuous variables

+ Pearson correlation coefficient used for normally distributed data (relationship between height and
weight)

» Spearman rank correlation used for non-normally distributed or ordinal data (relationship between
education level and income)

Considerations in Test Selection

Errors and Statistical Power

* Type | error (false positive) occurs when rejecting a true null hypothesis, concluding there is an effect
when there isn't

« Significance level (a) is the probability of making a Type | error, commonly set at 0.05

* Type Il error (false negative) occurs when failing to reject a false null hypothesis, concluding there is
no effect when there actually is

« Statistical power is the probability of correctly rejecting a false null hypothesis (1 - ), commonly set at
0.80

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

* Larger effect sizes require smaller sample sizes to detect significant differences or relationships

Sample Size and Test Selection

» Sample size determination is crucial to ensure the study has sufficient statistical power to detect
meaningful effects

« Larger sample sizes increase statistical power and reduce the risk of Type Il errors

* Required sample size depends on the desired power, significance level, and expected effect size
* Test selection should be based on the research question, data type, and assumptions

» Parametric tests are more powerful but require stricter assumptions about the data

» Non-parametric tests are more flexible but may have lower statistical power

 Consulting with a statistician or using power analysis software can help determine the appropriate test
and sample size for a given study design

11.2 Experimental design for regression analysis

Regression analysis is a powerful statistical tool for understanding relationships between variables. It
allows us to predict outcomes based on one or more factors, making it invaluable in fields like economics,
psychology, and marketing.
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When designing experiments for regression analysis, we need to consider the types of variables, sample
size, and potential confounding factors. Proper planning ensures we collect the right data to build accurate
models and draw meaningful conclusions.

Regression Models

Linear Regression and Multiple Regression

* Linear regression establishes a linear relationship between one independent variable and one
dependent variable

* Multiple regression extends linear regression by incorporating multiple independent variables to
predict a single dependent variable

* Independent variables (predictors) are used to predict or explain the variation in the dependent
variable (response)

* Dependent variable is the outcome or response variable that is being predicted or explained by the
independent variables

Variables in Regression Models

* Independent variables are the predictor variables that are used to explain or predict the variation in the
dependent variable

+ Can be continuous (height, weight) or categorical (gender, education level)

» Dependent variable is the response or outcome variable that is being predicted or explained by the
independent variables

* Must be a continuous variable (sales revenue, test scores)

* The relationship between independent and dependent variables is represented by the regression
equation

cy=PBo+Bix1+Baxz+ ... +Bpxpt+E

« ¥ dependent variable

« X1, X2, ..., Xp: independent variables

« Bo: y-intercept (value of y when all independent variables are zero)

«B1,B2,....Bp: regression coefficients (change in y for a one-unit change in the corresponding
independent variable, holding other variables constant)

» €: random error term

Model Evaluation

Multicollinearity and Residual Analysis

* Multicollinearity occurs when independent variables in a regression model are highly correlated with
each other

» Can lead to unstable and unreliable estimates of regression coefficients

* Variance Inflation Factor (VIF) is used to detect multicollinearity
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* VIF > 5 indicates high multicollinearity

* Residual analysis examines the differences between observed and predicted values of the dependent
variable

* Residuals should be normally distributed with a mean of zero and constant variance

* Plots of residuals against predicted values and independent variables can reveal patterns and
violations of assumptions (heteroscedasticity, non-linearity)

Model Fit and Predictive Power

« R-squared (R ?2) measures the proportion of variance in the dependent variable explained by the
independent variables

* Ranges from 0 to 1, with higher values indicating better model fit

* Adjusted R-squared adjusts for the number of independent variables in the model

* Predictive modeling involves using the regression model to make predictions on new, unseen data
* Split data into training and testing sets

* Train the model on the training set and evaluate its performance on the testing set

» Common evaluation metrics include Mean Squared Error (MSE), Root Mean Squared Error (RMSE),
and Mean Absolute Error (MAE)

Advanced Techniques

Interaction Effects

* Interaction effects occur when the effect of one independent variable on the dependent variable
depends on the level of another independent variable

* Represented by including the product of two independent variables in the regression model
« Example: ¥ = Bo + Bix1 + Bax2 + Bax1xa + €
« X1X2 s the interaction term

* Interpreting interaction effects requires examining the coefficients of the main effects and the
interaction term

* The effect of X1 on ¥ depends on the value of X2, and vice versa

* Plotting the interaction effect can help visualize how the relationship between one independent
variable and the dependent variable changes at different levels of the other independent variable

11.3 Designing experiments for non-parametric tests

Non-parametric tests are essential when data doesn't follow normal distribution. They use ranks instead of
actual values, making them less sensitive to outliers and useful for ordinal data.

These tests include Mann-Whitney U, Wilcoxon signed-rank, Kruskal-Wallis, and Friedman tests. They're
great alternatives when parametric test assumptions aren't met, though they're generally less powerful.
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Rank-Based Tests for Two Groups

Mann-Whitney U Test and Wilcoxon Signed-Rank Test

* Mann-Whitney U test compares two independent groups when the data is ordinal or continuous but
not normally distributed

* Calculates the difference between the mean ranks of the two groups to determine if they are
significantly different

* Wilcoxon signed-rank test compares two related samples (paired data) when the data is ordinal or
continuous but not normally distributed

« Calculates the differences between each set of paired observations, ranks the absolute differences,
and compares the sum of positive and negative ranks

Ordinal Data and Rank-Based Methods

+ Ordinal data represents categories with a natural order or ranking (Likert scales, performance ratings)

» Rank-based methods convert the original data values into ranks before performing the statistical
analysis

* Ranks are assigned by ordering the data from smallest to largest and assigning each value a rank
based on its position

» Rank-based methods are less sensitive to outliers and can be used when the assumptions of
parametric tests are not met

Rank-Based Tests for Multiple Groups

Kruskal-Wallis Test and Friedman Test

* Kruskal-Wallis test compares three or more independent groups when the data is ordinal or
continuous but not normally distributed

« Calculates the differences between the mean ranks of the groups to determine if at least one group is

significantly different from the others

* Friedman test compares three or more related samples (repeated measures) when the data is ordinal

or continuous but not normally distributed

+ Calculates the differences between the mean ranks of the groups across multiple measurements to
determine if there are significant differences

Distribution-Free Methods

* Distribution-free methods, also known as non-parametric methods, do not assume that the data
follows a specific probability distribution (normal distribution)

» These methods are useful when the assumptions of parametric tests, such as normality and
homogeneity of variance, are not met

* Distribution-free methods are generally less powerful than parametric tests when the assumptions are

met, but they provide valid results when the assumptions are violated
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Non-Parametric Correlation

Spearman's Rank Correlation

» Spearman's rank correlation measures the strength and direction of the monotonic relationship
between two ordinal or continuous variables

» Monotonic relationship means that as one variable increases, the other variable either consistently
increases (positive correlation) or consistently decreases (negative correlation)

« Calculates the Pearson correlation coefficient on the ranked values of the two variables instead of the
original data values

» Spearman's rank correlation coefficient ranges from -1 (perfect negative correlation) to +1 (perfect
positive correlation), with 0 indicating no correlation

Ordinal Data and Rank-Based Methods in Correlation

+ Ordinal data can be used to calculate non-parametric correlations when the relationship between
variables is not strictly linear

* Rank-based methods are employed in Spearman's rank correlation to convert the original data values
into ranks before calculating the correlation coefficient

» Rank-based methods in correlation are less sensitive to outliers and can be used when the
assumptions of Pearson's correlation (linearity, normality, and homoscedasticity) are not met

11.4 Bayesian approaches to experimental design

Bayesian approaches offer a unique perspective on experimental design, combining prior knowledge with
observed data to update beliefs. This method allows researchers to quantify uncertainty and make
probabilistic inferences about parameters and hypotheses.

Bayesian techniques include model selection, hypothesis testing, and computational methods like MCMC.
These tools enable more nuanced analysis of experimental data, providing researchers with powerful ways
to interpret results and make informed decisions.

Bayesian Fundamentals

Bayesian Inference and Distributions

« Bayesian inference updates beliefs about parameters or hypotheses based on observed data

* Prior distribution represents initial beliefs or knowledge about parameters before observing data
» Can be based on previous studies, expert opinion, or theoretical considerations

» Example: Assuming a normal distribution with a mean of 0 and variance of 1 for a parameter

* Posterior distribution represents updated beliefs about parameters after observing data

» Combines prior distribution with likelihood function using Bayes' theorem

* Provides a complete description of the uncertainty about the parameters given the data

» Example: After observing data, the posterior distribution may have a mean of 0.5 and variance of 0.8
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* Likelihood function measures the probability of observing the data given the parameter values
* Quantifies how well the model fits the observed data

» Used to update the prior distribution to obtain the posterior distribution

Credible Intervals

* Credible intervals are the Bayesian equivalent of confidence intervals

* Represent the range of parameter values that have a specified probability of containing the true
parameter value

» Example: A 95% credible interval means there is a 95% probability that the true parameter value lies
within that interval

* Derived from the posterior distribution, taking into account both prior information and observed data
* Provide a intuitive and direct interpretation of the uncertainty about the parameters

» Can be asymmetric and depend on the shape of the posterior distribution

Bayesian Model Selection

Bayesian Model Comparison and Bayes Factor

» Bayesian model comparison evaluates the relative support for different models given the data

» Compares the marginal likelihood of each model, which is the probability of the data under the model
averaged over all possible parameter values

* Bayes factor is a ratio of the marginal likelihoods of two models
* Quantifies the relative evidence in favor of one model over another

* A Bayes factor greater than 1 indicates support for the numerator model, while a Bayes factor less
than 1 indicates support for the denominator model

* Example: A Bayes factor of 10 means that the data are 10 times more likely under the numerator
model than the denominator model

Bayesian Hypothesis Testing

» Bayesian hypothesis testing assesses the relative support for different hypotheses using the Bayes
factor

» Compares the marginal likelihood of the data under each hypothesis

« Can test point hypotheses (specific parameter values) or composite hypotheses (ranges of parameter
values)

* Provides a direct measure of the evidence in favor of one hypothesis over another
* Allows for the incorporation of prior information and updates beliefs based on observed data

* Example: Testing whether a coin is fair (hypothesis 1) or biased (hypothesis 2) based on the number
of heads observed in a series of flips

Fiveable archived study guides Page 88



Bayesian Computation

Markov Chain Monte Carlo (MCMC)

* MCMC is a class of algorithms used for sampling from complex probability distributions, such as
posterior distributions in Bayesian inference

* Constructs a Markov chain that has the desired distribution as its stationary distribution

* Generates samples from the posterior distribution by simulating the Markov chain for a large number
of iterations

» Common MCMC algorithms include Metropolis-Hastings and Gibbs sampling

* Metropolis-Hastings proposes new parameter values and accepts or rejects them based on a
probability ratio

* Gibbs sampling updates each parameter individually by sampling from its conditional distribution given
the current values of the other parameters

* MCMC allows for the estimation of posterior quantities, such as means, variances, and credible
intervals, based on the generated samples

» Enables Bayesian inference for complex models where analytical solutions are not available

* Example: Using MCMC to estimate the posterior distribution of the parameters in a hierarchical model
with multiple levels of uncertainty
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Unit 12 — Interpreting Results & Drawing
Conclusions

12.1 Statistical inference and hypothesis testing

Statistical inference and hypothesis testing are crucial tools in experimental design. They allow
researchers to draw conclusions about populations based on sample data. These methods help determine
if observed effects are statistically significant or simply due to chance.

Hypothesis testing involves formulating null and alternative hypotheses, setting significance levels, and
calculating p-values. Understanding Type | and Type Il errors, as well as statistical power, is essential for
interpreting results accurately and drawing valid conclusions from experiments.

Hypothesis Testing

Formulating Hypotheses

» Null hypothesis (Ho) represents the default position or the assumption that there is no significant
effect or difference

» Alternative hypothesis (Ha or H1) represents the claim that contradicts the null hypothesis and
suggests a significant effect or difference exists

« Significance level (@) is the probability threshold for rejecting the null hypothesis, commonly set at
0.05 (5%) or 0.01 (1%)

* One-tailed test examines the alternative hypothesis in only one direction (greater than or less than the
null hypothesis value)

» Two-tailed test considers the alternative hypothesis in both directions (not equal to the null hypothesis
value)

Evaluating Hypotheses

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

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

« If the p-value is greater than the significance level, there is insufficient evidence to reject the null
hypothesis

 Confidence interval provides a range of values within which the true population parameter is likely to
fall, based on the sample data and the chosen confidence level (e.g., 95% confidence interval)

Types of Errors

Type | and Type Il Errors
* Type | error (false positive) occurs when the null hypothesis is rejected even though it is actually true

* The significance level (@) represents the probability of making a Type | error
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« Example: Concluding a drug is effective when it actually has no effect

* Type Il error (false negative) occurs when the null hypothesis is not rejected even though it is actually
false

 The probability of a Type Il error is denoted by B

» Example: Failing to detect a real difference between two treatment groups

Statistical Power

« Statistical power is the probability of correctly rejecting a false null hypothesis (i.e., detecting a true
effect when it exists)

« Power is calculated as 1 — B, where B is the probability of a Type Il error

* Factors that influence power include sample size, effect size, significance level, and the type of test
used

* Increasing sample size, using a larger significance level, or focusing on larger effect sizes can
increase statistical power

Test Statistics

Calculating Test Statistics

» Test statistic is a value calculated from the sample data that is used to make a decision about the null
hypothesis

 The choice of test statistic depends on the type of data and the research question (e.g., t-statistic,
z-statistic, F-statistic)

« Example: t-statistic is used to compare the means of two groups or to test the significance of a
regression coefficient

* Degrees of freedom (df) represent the number of independent pieces of information used to calculate
the test statistic

* Degrees of freedom are determined by the sample size and the number of parameters being
estimated

« Example: In a two-sample t-test, df = (11 + N2 — 2), where N1 and N2 are the sample sizes of the two
groups

Interpreting Test Statistics

* The test statistic is compared to a critical value determined by the degrees of freedom and the chosen
significance level

« If the test statistic exceeds the critical value, the null hypothesis is rejected

« If the test statistic does not exceed the critical value, there is insufficient evidence to reject the null
hypothesis

* The p-value associated with the test statistic indicates the probability of observing a test statistic as
extreme or more extreme than the one calculated, assuming the null hypothesis is true
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12.2 Multiple comparisons and post-hoc tests

When conducting multiple statistical tests, the risk of false positives increases. Multiple comparison
corrections help control this risk by adjusting significance levels. These methods ensure that overall error
rates stay within acceptable limits, maintaining the integrity of research findings.

Post-hoc tests come into play after finding significant effects in analyses like ANOVA. They allow for
pairwise comparisons between group means, helping researchers pinpoint specific differences. Various
post-hoc tests exist, each with unique strengths for different research scenarios.

Multiple Comparison Corrections

Controlling False Positives

» Family-wise error rate (FWER) represents the probability of making at least one Type | error (false
positive) among all hypotheses tested

* FWER increases as the number of hypotheses tested increases, leading to a higher chance of
obtaining false positives

* Multiple comparison corrections aim to control the FWER by adjusting the significance level (a) for
each individual hypothesis test

+ Controlling FWER ensures that the overall Type | error rate is maintained at the desired level (usually
0.05) across all comparisons

Bonferroni and Holm-Bonferroni Corrections

+ Bonferroni correction is a simple and conservative method for controlling FWER

+ Divides the desired overall significance level (a) by the number of hypotheses tested (m) to obtain the
adjusted significance level for each individual test: Qadjusted = 75

* Ensures that the FWER is controlled at the desired level, but may be overly conservative, leading to
reduced statistical power (increased Type Il error rate)

» Holm-Bonferroni method is a step-down procedure that improves upon the Bonferroni correction

* Orders the p-values from smallest to largest and compares each p-value to a sequentially adjusted
significance level: Qadjusted, i = #, where i is the rank of the p-value

« Offers more power than the Bonferroni correction while still controlling FWER

False Discovery Rate

« False discovery rate (FDR) is an alternative approach to multiple comparison corrections that controls
the expected proportion of false positives among all significant results

* FDR is less conservative than FWER control methods and provides a better balance between Type |
and Type Il errors

* Benjamini-Hochberg procedure is a popular method for controlling FDR

* Orders the p-values from smallest to largest and compares each p-value to a sequentially adjusted
threshold: # X @, where i is the rank of the p-value and M is the total number of hypotheses tested
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« Ildentifies the largest p-value that satisfies the condition and declares all hypotheses with smaller or
equal p-values as significant

Post-hoc Tests

Pairwise Comparisons

* Post-hoc tests are used to make pairwise comparisons between group means after a significant
overall effect has been found in an ANOVA

* Pairwise comparisons involve testing the differences between all possible pairs of group means

* Multiple comparison corrections are often applied to control the FWER or FDR when conducting
pairwise comparisons

» Common post-hoc tests for pairwise comparisons include Tukey's HSD test, Scheffe's test, and
Dunnett's test

Tukey's HSD and Scheffe's Tests

* Tukey's Honest Significant Difference (HSD) test is a widely used post-hoc test for pairwise
comparisons

» Computes a critical value based on the studentized range distribution, which depends on the number
of groups and the degrees of freedom for the error term

* Controls the FWER for all pairwise comparisons and is more powerful than the Bonferroni correction
when the number of groups is large

» Scheffe's test is another post-hoc test that can be used for pairwise comparisons and complex
contrasts

* Uses the F-distribution to compute a critical value and is more conservative than Tukey's HSD test

« Offers simultaneous confidence intervals for all possible contrasts, making it flexible for testing any
linear combination of means

Dunnett's Test

* Dunnett's test is a specialized post-hoc test used when comparing several treatment groups to a
single control group

» Computes a critical value based on the Dunnett's distribution, which accounts for the correlation
between the comparisons to the control group

* Controls the FWER for the comparisons between each treatment group and the control group

* Useful in experiments where the main interest lies in comparing treatments to a control (e.g., drug
trials comparing different doses to a placebo)

12.3 Effect size interpretation and practical significance

Effect size interpretation and practical significance are crucial aspects of experimental design. They help
researchers understand the magnitude and real-world impact of their findings beyond statistical
significance.
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Standardized effect size measures like Cohen's d and eta squared quantify the strength of relationships
between variables. Practical significance measures, such as clinical significance and number needed to
treat, assess the real-world relevance of research outcomes.

Standardized Effect Size Measures

Measures of Standardized Mean Differences

» Cohen's d expresses the difference between two means in standard deviation units
* Calculated as the difference between two means divided by the pooled standard deviation
» Commonly used benchmarks: 0.2 (small effect), 0.5 (medium effect), 0.8 (large effect)

* Eta squared (nz) represents the proportion of variance in the dependent variable explained by the
independent variable

* Ranges from 0 to 1, with higher values indicating a stronger effect

+ Calculated as the ratio of the between-groups sum of squares to the total sum of squares

Measures of Association

» Pearson's r is a correlation coefficient that measures the strength and direction of a linear relationship
between two continuous variables

» Ranges from -1 (perfect negative correlation) to +1 (perfect positive correlation), with 0 indicating no
correlation

« Squared value (r2) represents the proportion of variance in one variable explained by the other
variable

» Odds ratio (OR) compares the odds of an event occurring in one group to the odds of it occurring in
another group

* An OR of 1 indicates no difference between groups, while values greater than 1 suggest higher odds
in the first group compared to the second group

» Commonly used in case-control studies and logistic regression analyses

Measures of Risk

* Relative risk (RR) compares the risk of an event in an exposed group to the risk in an unexposed
group

* An RR of 1 indicates no difference in risk between groups, while values greater than 1 suggest a
higher risk in the exposed group

+ Often used in cohort studies and clinical trials to assess the impact of a risk factor or treatment on an
outcome

Practical Significance Measures

Clinical Significance

* Number needed to treat (NNT) represents the average number of patients that need to be treated for
one additional patient to benefit compared to a control
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» Lower NNT values indicate a more effective treatment
+ Calculated as the reciprocal of the absolute risk reduction (1/ARR)

« Clinical significance refers to the practical or real-world impact of a treatment effect on patient
outcomes

« Considers factors such as the magnitude of the effect, the severity of the condition, and the risks and
costs associated with the treatment

» Determined by clinicians and experts in the field based on their experience and judgment

Practical vs. Statistical Significance

* Practical significance assesses whether the observed effect is large enough to be meaningful or
important in a real-world context

 Focuses on the magnitude and relevance of the effect rather than just its statistical significance

+ A statistically significant result may not always be practically significant if the effect size is small or the
outcome is not clinically relevant

« Statistical significance indicates the likelihood that the observed effect is due to chance alone

» Determined by the p-value, which represents the probability of obtaining the observed results if the
null hypothesis is true

« A statistically significant result (p < 0.05) suggests that the observed effect is unlikely to be due to
chance, but does not necessarily imply practical significance

12.4 Limitations and generalizability of experimental results

Experiments are powerful tools for understanding cause and effect, but they have limits. We'll explore how
to assess the validity of experimental results and figure out if they apply to real-world situations.

Researchers use various strategies to boost validity, like randomization and control groups. We'll also look
at how to extend findings beyond the lab through replication and careful consideration of generalizability to
broader populations.

Types of Validity
Experimental Design Validity

« External validity assesses how well the results of a study can be generalized to other situations,
settings, or populations beyond the specific context of the original experiment

« Internal validity evaluates the extent to which a study's design and execution allow for accurate
conclusions about cause-and-effect relationships between the independent and dependent variables,
minimizing the influence of confounding factors

« Construct validity assesses how well the operationalization of variables in a study accurately
represents the theoretical constructs being investigated (intelligence tests measuring actual
intelligence)

* Ecological validity refers to the degree to which the findings of a study can be generalized to
real-world settings and situations, reflecting the naturalness and authenticity of the experimental
conditions (lab settings vs. real-world environments)
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Factors Affecting Validity

Biases and Confounding Variables

« Sampling bias occurs when the sample selected for a study is not representative of the target
population, leading to skewed results and limited generalizability (convenience sampling, self-selection
bias)

» Confounding variables are extraneous factors that are not controlled for in an experiment and can
influence the relationship between the independent and dependent variables, making it difficult to
establish causality (age, socioeconomic status)

* Threats to validity can arise from various sources, such as history effects (external events occurring
during the study), maturation (natural changes in participants over time), testing effects (familiarity with
the measures), and regression to the mean (extreme scores moving closer to the average in
subsequent measurements)

Strategies for Enhancing Validity

* Randomization involves randomly assigning participants to different treatment conditions to minimize
the impact of confounding variables and ensure that any differences observed are due to the
manipulation of the independent variable

« Blinding techniques, such as single-blind (participants are unaware of their assigned condition) and
double-blind (both participants and researchers are unaware), help reduce bias and expectancy effects
that could influence the study's outcomes

« Control groups serve as a baseline for comparison, allowing researchers to isolate the effects of the
independent variable by comparing the experimental group to a group that does not receive the
intervention or manipulation (placebo group)

» Counterbalancing the order of conditions or tasks helps control for order effects and fatigue, ensuring
that the sequence of presentation does not systematically influence the results (alternating the order of
tasks across participants)

Extending Experimental Results

Replication and Generalizability

* Replication involves conducting the same study multiple times, either by the original researchers or by
independent teams, to assess the reliability and robustness of the findings across different samples and
contexts (direct replication, conceptual replication)

» Generalizability refers to the extent to which the results of a study can be applied to broader
populations, settings, or situations beyond the specific sample and context of the original experiment

» To enhance generalizability, researchers can use representative sampling techniques (stratified
sampling, random sampling) to ensure that the sample closely mirrors the characteristics of the target
population

» Conducting experiments in diverse settings and with different populations helps establish the external
validity of the findings and their applicability to real-world contexts (cross-cultural studies, field
experiments)
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Population Inference and Limitations

* Population inference involves using statistical techniques to draw conclusions about the larger
population based on the results obtained from a sample

» Researchers use inferential statistics, such as hypothesis testing and confidence intervals, to
determine the likelihood that the observed effects in the sample are representative of the population
(p-values, effect sizes)

» However, it is crucial to recognize the limitations of population inference, as the sample may not
perfectly represent the population, and there may be unique characteristics or contextual factors that
limit the generalizability of the findings

* Researchers should be cautious when making broad generalizations and should clearly communicate
the boundaries and constraints of their conclusions based on the specific sample and methodology
used in the study
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Unit 13 — Contemporary Issues in
Experimental Design

13.1 Ethical considerations in experimental research

Ethical considerations in experimental research are crucial for protecting participants and maintaining
scientific integrity. Researchers must obtain informed consent, safeguard privacy, and minimize risks while
maximizing benefits. These principles ensure studies are conducted responsibly and ethically.

Institutional Review Boards and ethical guidelines provide oversight and standards for research practices.
Proper data management, transparency, and adherence to ethical principles throughout the research
process are essential for maintaining public trust in science and producing reliable results.

Informed Consent and Participant Protection

Ensuring Voluntary and Informed Participation

+ Informed consent process involves providing participants with all relevant information about the study,
including purpose, procedures, risks, and benefits, allowing them to make an autonomous decision
about participation

* Informed consent forms should be written in clear, accessible language and include a statement that
participation is voluntary and can be withdrawn at any time without penalty

» Researchers must ensure that participants fully understand the information provided and have the
capacity to give informed consent (not under duress or undue influence)

+ Special considerations for informed consent may apply to vulnerable populations, such as children,
prisoners, or individuals with cognitive impairments, often requiring additional safeguards or consent
from legal representatives

Protecting Participant Privacy and Well-being

« Confidentiality involves protecting participants' identities and personal information, using secure data
storage and anonymization techniques (e.g., assigning participant ID numbers instead of using names)

* Risk-benefit analysis requires researchers to carefully assess potential risks (physical, psychological,
social, or legal) and weigh them against anticipated benefits to participants or society, minimizing risks
whenever possible

+ Debriefing sessions after the study provide an opportunity to explain the true purpose of the research
(if deception was used), address any participant concerns, and offer resources for support or further
information

» Researchers have an ethical obligation to protect vulnerable populations (e.g., children, elderly,
mentally ill) from exploitation or harm, often requiring additional oversight and special protections
tailored to their specific vulnerabilities
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Regulatory and Oversight Mechanisms

Institutional Review Boards (IRBs)

* IRBs are committees that review and approve research proposals involving human subjects to ensure
they meet ethical standards and comply with regulations

* IRBs assess the study's risks and benefits, informed consent procedures, participant selection criteria,
and data protection measures, and may require modifications or additional safeguards before granting
approval

» Researchers must obtain IRB approval before beginning any study activities and must report any
adverse events or protocol deviations to the IRB for review

* IRBs conduct continuing review of ongoing studies to monitor compliance and ensure that risks
remain minimized and benefits justified

Ethical Guidelines and Research Integrity

« Ethical guidelines, such as the Belmont Report and the Declaration of Helsinki, provide frameworks for
conducting research ethically, emphasizing principles like respect for persons, beneficence, and justice

* Professional organizations, such as the American Psychological Association (APA), have established
ethical codes of conduct that outline standards for research practices, data management, and
publication

* Research integrity involves adhering to ethical principles and best practices throughout the research
process, from study design and data collection to analysis and reporting of results

* Researchers have a responsibility to maintain the public's trust in science by conducting research
honestly, objectively, and transparently, and by avoiding conflicts of interest or other forms of
misconduct (e.g., fabrication, falsification, or plagiarism)

Data Management and Research Practices

Ethical Considerations in Research Design and Data Collection

+ Deception in research, such as withholding information or providing misleading information to
participants, should only be used when necessary to achieve study objectives and when risks are
minimal, and must be disclosed during debriefing

» Researchers must take steps to protect data privacy and security, using secure storage methods (e.g.,
encryption), limiting access to authorized personnel, and disposing of data properly when no longer
needed

+ Data sharing and open science practices, such as making data and materials publicly available, can
promote transparency and reproducibility but must be balanced with considerations of participant
privacy and confidentiality

« Ethical issues can arise in the use of technology in research, such as social media or mobile apps,
requiring researchers to consider issues of consent, data ownership, and potential risks (e.g., privacy
breaches or unintended uses of data)

Fiveable archived study guides Page 99



13.2 Reproducibility crisis and solutions

The reproducibility crisis in science has raised concerns about the reliability of research findings. Biases,
questionable practices, and insufficient statistical power have led to doubts about published results.
Scientists are now grappling with ways to improve research quality and transparency.

Open science practices offer solutions to these challenges. Preregistration, data sharing, and replication
studies aim to increase transparency and reliability. These approaches help researchers detect and correct
errors, fostering a more robust scientific process.

Reproducibility Issues

Biases and Questionable Research Practices

* Publication bias occurs when studies with positive or significant results are more likely to be published
than studies with negative or non-significant results, leading to an overrepresentation of positive
findings in the literature

« P-hacking involves manipulating data or analysis methods until a statistically significant result is
obtained, often by running multiple tests or selectively reporting results, inflating the likelihood of false
positives

* HARKIing (Hypothesizing After Results are Known) is the practice of presenting a post-hoc hypothesis
as if it were an a priori hypothesis, which can make results appear more convincing than they actually
are

* Researchers may modify their hypotheses to fit the observed data, leading to a false sense of
confirmation

Effect Sizes and Power

« Effect size reporting is crucial for understanding the magnitude and practical significance of a study's
findings, but is often neglected in favor of focusing solely on statistical significance

*» Reporting effect sizes (Cohen's d, correlation coefficients) allows readers to assess the strength of the
relationship between variables

» Power analysis involves determining the sample size needed to detect an effect of a specific size with
a desired level of statistical power

» Conducting a power analysis before collecting data helps ensure that a study has sufficient statistical
power to detect meaningful effects, reducing the risk of false negatives

Open Science Solutions

Open Science Practices

» Open science is a movement that aims to make scientific research more transparent, accessible, and
reproducible by promoting practices such as open access publishing, data sharing, and preregistration

* Preregistration involves specifying a study's hypotheses, methods, and analysis plan before data
collection begins, which helps prevent p-hacking and HARKing by committing researchers to a specific
course of action
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* Preregistration platforms (OSF, AsPredicted) allow researchers to create time-stamped, publicly
available study protocols

Data Sharing and Transparency

+ Data sharing involves making a study's raw data and analysis code publicly available, allowing other
researchers to verify results, conduct alternative analyses, and build upon the original work

« Data repositories (Figshare, Dryad) provide a platform for researchers to store and share their data

* Transparency in methods requires providing detailed descriptions of a study's procedures, materials,
and analysis techniques, enabling other researchers to understand and potentially replicate the work

* Sharing study materials (stimuli, questionnaires) and analysis scripts (R, Python) facilitates
reproducibility

Replication

Replication Studies

* Replication studies involve repeating a previous study's methods as closely as possible to determine
whether the original findings can be reproduced

« Direct replications aim to duplicate the original study's methods exactly, while conceptual replications
test the same hypothesis using different methods

« Successful replications increase confidence in the original findings, while failed replications suggest
that the original results may have been false positives or influenced by contextual factors

« Large-scale replication projects (Open Science Collaboration, Many Labs) have attempted to replicate
multiple studies simultaneously, with mixed results

» Encouraging replication studies helps identify robust findings and contributes to the self-correcting
nature of science, but incentives for conducting replications are often lacking

* Registered Reports, a publication format in which the methods and analysis plan are peer-reviewed
before data collection, can incentivize replication studies by guaranteeing publication regardless of the
results

13.3 Big data and high-dimensional experiments

Big data and high-dimensional experiments are revolutionizing research. They generate massive amounts
of information, requiring specialized techniques to extract meaningful insights. Researchers must grapple
with challenges like noise, sparsity, and multicollinearity.

Analyzing this data demands new approaches. Dimensionality reduction, feature selection, and data
mining techniques help uncover patterns. Researchers must also tackle the multiple comparisons problem
and control false discovery rates. Scalable algorithms and distributed computing are crucial for handling
these massive datasets.

High-Dimensional Data Analysis

Analyzing High-Throughput Experiments

+ High-throughput experiments generate large volumes of data by simultaneously measuring numerous
variables or features
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* Includes technologies like DNA microarrays, next-generation sequencing, and high-throughput
screening assays

 Analyzing high-dimensional data from these experiments requires specialized techniques to extract
meaningful insights and patterns

+ Challenges in high-dimensional data analysis include noise, sparsity, and multicollinearity among
variables

Dimensionality Reduction Techniques

» Dimensionality reduction aims to reduce the number of variables while preserving the essential
information in the data

* Principal Component Analysis (PCA) is a widely used linear dimensionality reduction technique
» PCA identifies the principal components that capture the maximum variance in the data
* Allows for visualization and interpretation of high-dimensional data in a lower-dimensional space

« t-Distributed Stochastic Neighbor Embedding (t-SNE) is a non-linear dimensionality reduction
technique

« t-SNE preserves the local structure of the data and reveals intricate patterns and clusters

Feature Selection Methods

« Feature selection identifies the most informative and relevant variables from a high-dimensional
dataset

* Filter methods rank variables based on their individual relevance to the response variable
» Examples include correlation-based feature selection and information gain
» Wrapper methods evaluate subsets of variables by training and testing a predictive model

* Recursive Feature Elimination (RFE) iteratively removes the least important variables based on model
performance

» Embedded methods incorporate feature selection as part of the model training process

* Lasso regression applies L1 regularization to shrink the coefficients of irrelevant variables to zero

Data Mining Techniques

» Data mining involves discovering patterns, associations, and knowledge from large datasets
+ Clustering algorithms group similar observations together based on their features

» K-means clustering partitions the data into K clusters based on minimizing the within-cluster sum of
squares

« Hierarchical clustering builds a dendrogram that represents the nested structure of the clusters

« Association rule mining identifies frequent itemsets and generates rules that describe the
co-occurrence of items

« Apriori algorithm efficiently discovers frequent itemsets and generates association rules
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« Classification algorithms predict the class or category of new observations based on a trained model
+ Decision trees recursively partition the feature space based on the most informative variables

+ Support Vector Machines (SVM) find the optimal hyperplane that maximally separates the classes

Multiple Comparisons and Error Control

The Multiple Comparisons Problem

* Multiple comparisons problem arises when conducting numerous hypothesis tests simultaneously

 Performing multiple tests increases the likelihood of obtaining false positive results (Type | errors) by
chance alone

« Traditional significance levels (e.g., a = 0.05) are not suitable for controlling the overall error rate in
multiple testing scenarios

* Bonferroni correction adjusts the significance level by dividing it by the number of tests performed

* Bonferroni correction is conservative and may lead to a high rate of false negatives (Type Il errors)

Controlling the False Discovery Rate (FDR)

* False Discovery Rate (FDR) is the expected proportion of false positives among all the rejected null
hypotheses

* Controlling the FDR is a more powerful approach compared to family-wise error rate (FWER) control
methods like Bonferroni correction

* Benjamini-Hochberg procedure controls the FDR at a desired level (e.g., FDR < 0.05)

* Procedure ranks the p-values from smallest to largest and compares each p-value to a threshold
based on its rank and the desired FDR level

« Storey's g-value method estimates the proportion of true null hypotheses and provides g-values as
FDR analogs to p-values

* FDR control methods strike a balance between detecting true positives and controlling the proportion
of false positives

Computational Considerations

Scalability in Experimental Design and Analysis

+ Big data and high-dimensional experiments pose computational challenges in terms of storage,
processing, and analysis

+ Scalable algorithms and data structures are essential to handle large-scale datasets efficiently

» Sampling techniques, such as reservoir sampling and stratified sampling, can reduce the
computational burden while preserving the representativeness of the data

+ Online learning algorithms update the model incrementally as new data arrives, making them suitable
for streaming data scenarios

» Dimensionality reduction and feature selection techniques help alleviate the curse of dimensionality
and improve computational efficiency
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Distributed Computing Frameworks

* Distributed computing frameworks enable parallel processing of large datasets across multiple
machines or nodes

» Apache Hadoop is an open-source framework for distributed storage and processing of big data
» Hadoop Distributed File System (HDFS) provides fault-tolerant and scalable storage

» MapReduce programming model allows for parallel processing of large datasets

» Apache Spark is a fast and general-purpose distributed computing framework

* Spark provides in-memory computing capabilities and supports iterative algorithms

» Spark SQL, Spark Streaming, and MLIib libraries extend Spark's functionality for structured data
processing, real-time analytics, and machine learning

* Cloud computing platforms, such as Amazon Web Services (AWS) and Google Cloud Platform (GCP),
offer scalable and flexible infrastructure for big data processing and analysis

13.4 Machine learning approaches in experimental design

Machine learning is revolutionizing experimental design. It uses algorithms to analyze data, make
predictions, and optimize experiments. From supervised learning for predicting outcomes to unsupervised
learning for discovering patterns, these approaches are changing how we conduct research.

Researchers now have powerful tools to tackle complex problems. Active learning helps gather data
efficiently, while reinforcement learning optimizes experiments in real-time. These techniques are
transforming how we design and conduct experiments, making research more efficient and effective.

Machine Learning Approaches

Supervised Learning in Experimental Design

* Supervised learning trains models using labeled data to make predictions or decisions
* Requires a dataset with input features and corresponding output labels

» Can be used for classification tasks (predicting categorical outcomes) or regression tasks (predicting
continuous values)

» Commonly used algorithms include decision trees, random forests, support vector machines (SVM),
and neural networks

* Applications in experimental design:
* Predicting the optimal experimental conditions based on historical data
« Classifying experimental outcomes into predefined categories

+ Building predictive models to guide future experiments

Unsupervised Learning in Experimental Design

» Unsupervised learning discovers patterns and structures in unlabeled data without predefined output
labels
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» Aims to identify inherent groupings, clusters, or associations within the data

» Commonly used algorithms include k-means clustering, hierarchical clustering, and principal
component analysis (PCA)

* Applications in experimental design:
« Identifying subgroups or clusters within experimental data
» Reducing the dimensionality of high-dimensional experimental data

* Detecting anomalies or outliers in experimental results

Reinforcement Learning in Experimental Design

* Reinforcement learning trains agents to make sequential decisions in an environment to maximize a
reward signal

» Agents learn through trial and error, receiving rewards or penalties based on their actions
« Commonly used algorithms include Q-learning, SARSA, and policy gradient methods

* Applications in experimental design:

+ Optimizing experimental parameters in real-time based on feedback

» Adapting experimental protocols dynamically based on intermediate results

+ Balancing exploration and exploitation in experimental design choices

Active Learning in Experimental Design

+ Active learning selectively queries for labels or feedback during the learning process

» Aims to minimize the labeling effort by intelligently selecting the most informative samples
« Strategies include uncertainty sampling, query-by-committee, and expected model change
* Applications in experimental design:

« Efficiently gathering labeled data for supervised learning models

« lteratively refining experimental designs based on expert feedback

» Reducing the cost and time required for data collection and labeling

Model Evaluation and Optimization

Cross-Validation Techniques

« Cross-validation assesses the performance and generalization ability of machine learning models

* Involves partitioning the data into subsets, training models on a subset, and evaluating on the
remaining data

« Common techniques include k-fold cross-validation, stratified k-fold cross-validation, and
leave-one-out cross-validation

* Helps estimate the model's performance on unseen data and reduces overfitting
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* Allows for model selection and hyperparameter tuning

Overfitting and Regularization

« Overfitting occurs when a model learns the noise and idiosyncrasies of the training data, leading to
poor generalization

» Regularization techniques help mitigate overfitting by adding constraints or penalties to the model's
complexity

« Common regularization techniques include L1 regularization (Lasso), L2 regularization (Ridge), and
elastic net regularization

* Regularization encourages simpler and more generalizable models by controlling the magnitude of
model parameters

* Helps improve model performance on unseen data and prevents memorization of training examples

Feature Engineering and Selection

* Feature engineering involves creating new features or transforming existing features to improve model
performance

* Techniques include feature scaling, normalization, one-hot encoding, and feature interactions
* Feature selection aims to identify the most relevant and informative features for the learning task

* Methods include filter methods (statistical tests), wrapper methods (iterative selection), and embedded
methods (regularization)

« Effective feature engineering and selection can improve model accuracy, interpretability, and
computational efficiency

» Domain knowledge and exploratory data analysis play a crucial role in guiding feature engineering
efforts

Challenges and Considerations

Algorithmic Bias and Fairness

+ Algorithmic bias refers to the systematic errors or unfairness introduced by machine learning models

* Bias can arise from imbalanced or unrepresentative training data, biased labels, or inherent biases in
the algorithms themselves

* Fairness considerations include demographic parity, equalized odds, and individual fairness
» Techniques to mitigate bias include data preprocessing, resampling, and fairness-aware algorithms

+ Ensuring fairness and addressing bias is crucial in experimental design to avoid perpetuating or
amplifying societal biases

Interpretability and Explainability

* Interpretability refers to the ability to understand and explain the decisions made by machine learning
models

* Black-box models, such as deep neural networks, can be highly accurate but lack interpretability
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* Techniques for interpretability include feature importance, partial dependence plots, and local
interpretable model-agnostic explanations (LIME)

» Explainable Al (XAl) focuses on developing methods to provide human-understandable explanations
for model predictions

* Interpretability is important in experimental design to build trust, validate findings, and gain insights
into the underlying mechanisms

 Balancing model complexity and interpretability is a key consideration in applying machine learning to
experimental design
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Unit 14 — Adaptive Designs

14.1 Principles of adaptive experimental designs

Adaptive experimental designs offer flexibility in clinical trials, allowing modifications based on
accumulating data. These designs use interim analyses and pre-specified rules to make changes like
sample size adjustments or treatment arm selection, potentially improving efficiency and treatment
identification.

However, adaptive designs present challenges in maintaining study integrity and controlling for bias.
Careful planning, statistical considerations, and regulatory compliance are crucial. Proper implementation
can lead to more efficient and effective clinical trials, but requires thorough understanding of the principles
involved.

Adaptive Design Fundamentals

Definition and Key Characteristics

» Adaptive design is a clinical trial design that allows for planned modifications to one or more aspects
of the study based on accumulating data from subjects in the trial

* Provides flexibility to make changes to the trial design while the study is ongoing, such as sample size
re-estimation, treatment arm selection, or patient population enrichment

« Utilizes interim analysis, which involves analyzing data at pre-specified time points during the trial to
assess the study's progress and make informed decisions about potential adaptations

* Relies on pre-specified adaptation rules that define the conditions under which modifications to the
trial design can be made and the specific changes that are permitted

Benefits and Challenges

» Enables more efficient use of resources by allowing for early termination of the trial if the treatment is
found to be ineffective or harmful, or by allocating more patients to promising treatment arms

* Increases the likelihood of identifying effective treatments by providing the opportunity to adjust the
study design based on emerging data

* Poses challenges in maintaining the integrity and validity of the study results, as the adaptations may
introduce bias or compromise the statistical power of the trial

» Requires careful planning and documentation of the adaptive design features in the study protocol to
ensure transparency and reproducibility

Statistical Considerations

Type | Error Control and Statistical Power

* Type | error control is crucial in adaptive designs to ensure that the probability of falsely concluding
that a treatment is effective (when it is not) is maintained at an acceptable level

 Multiple testing procedures, such as the group sequential design or the alpha spending function
approach, are employed to adjust for the increased risk of type | error introduced by the interim
analyses
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« Statistical efficiency refers to the ability of the adaptive design to provide reliable and precise
estimates of treatment effects with a smaller sample size compared to a traditional fixed design

» Sample size re-estimation is a common adaptation that allows for adjusting the sample size based on
the observed treatment effect at the interim analysis, ensuring that the study has adequate statistical
power to detect a clinically meaningful difference

Operational Bias and Blinding

« Operational bias can occur in adaptive designs if the study personnel or participants become aware of
the adaptations made during the trial, potentially influencing their behavior or assessment of outcomes

* Maintaining blinding of the treatment allocation and the adaptive decisions is essential to minimize
operational bias and ensure the integrity of the study results

* The use of an independent data monitoring committee (DMC) is recommended to review the interim
data and make adaptation decisions, while keeping the study team and participants blinded to the
results and adaptations

Regulatory Aspects

Guidelines and Considerations

* Regulatory agencies, such as the FDA and EMA, have issued guidance documents on the use of
adaptive designs in clinical trials, outlining the key principles and considerations for their
implementation

* The study protocol must provide a clear and detailed description of the adaptive design features,
including the pre-specified adaptation rules, statistical methods, and decision-making processes

*» The potential impact of the adaptations on the interpretation of the study results and the
generalizability of the findings should be carefully considered and addressed in the study report

« Early engagement with regulatory authorities is recommended to discuss the appropriateness of the
adaptive design and to ensure that the proposed adaptations are acceptable and align with the
regulatory requirements

Reporting and Transparency

« Clear and transparent reporting of adaptive design trials is essential to facilitate the understanding and
interpretation of the study results by the scientific community and regulatory agencies

» The CONSORT (Consolidated Standards of Reporting Trials) statement has been extended to include
specific guidelines for reporting adaptive design trials, emphasizing the need to describe the adaptive
features, statistical methods, and decision-making processes

* The study protocol, statistical analysis plan, and any amendments made during the trial should be
made publicly available to enhance transparency and reproducibility

« Sharing of the study data and analysis code is encouraged to allow for independent verification of the
results and to facilitate future research in the field
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14.2 Sequential and group sequential designs

Sequential designs let researchers analyze data as it's collected, potentially stopping trials early if there's
strong evidence of success or failure. This approach saves time and resources while protecting
participants from ineffective or harmful treatments.

Group sequential designs take it a step further, analyzing data at set intervals. They use alpha spending
functions and stopping boundaries to control error rates and maintain statistical validity, balancing the need
for early decisions with the desire for conclusive results.

Sequential and Group Sequential Designs

Sequential Designs and Interim Monitoring

» Sequential designs involve analyzing data as it is collected and making decisions about the trial based
on the accumulated data

« Allows for early stopping of the trial if there is strong evidence of efficacy or futility

* Interim monitoring is the process of analyzing data at pre-specified time points during the trial to
assess safety, efficacy, and futility

* Stopping rules are pre-defined criteria that determine when a trial should be stopped early based on
the interim analysis results (efficacy or futility)

Group Sequential Designs

» Group sequential designs are a type of sequential design where interim analyses are performed after
groups of patients have been enrolled and followed up

+ Data is analyzed at pre-specified intervals (after a certain number of patients or events) rather than
continuously

« Allows for early stopping while maintaining statistical validity and controlling the overall Type | error
rate

* Requires careful planning and specification of the number and timing of interim analyses, stopping
boundaries, and alpha spending functions

Alpha Spending and Boundaries
Alpha Spending Functions

* Alpha spending functions are used to allocate the overall Type | error rate (alpha) across the interim
analyses in a group sequential design

» Determines how much of the alpha is "spent" at each interim analysis while ensuring that the overall
Type | error rate is controlled at the desired level (usually 0.05)

» Common alpha spending functions include O'Brien-Fleming and Pocock boundaries

* The choice of alpha spending function impacts the conservativeness of the stopping boundaries and
the power of the trial
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Stopping Boundaries

» O'Brien-Fleming boundaries are conservative early in the trial and become less stringent as more data
is accumulated

* Requires strong evidence to stop the trial early for efficacy
* Preserves most of the alpha for the final analysis, maintaining power

* Pocock boundaries are less conservative and maintain constant stopping boundaries throughout the
trial

* Allows for early stopping with less extreme results compared to O'Brien-Fleming

» Spends more alpha at earlier interim analyses, potentially reducing power for the final analysis
Monitoring and Futility

Interim Monitoring and Futility Analysis

* Interim monitoring involves analyzing data at pre-specified time points to assess safety, efficacy, and
futility

« Futility analysis is the assessment of whether a trial is unlikely to show a significant result even if it
continues to completion

« Futility stopping rules are based on conditional power calculations, which estimate the probability of a
significant result given the current data and assumptions about future data

* Example: If the conditional power is below a pre-specified threshold (20%), the trial may be stopped
for futility

Considerations for Monitoring and Futility

* Monitoring plans should be pre-specified in the study protocol, including the timing and methods for
interim analyses

» Data Monitoring Committees (DMCs) are often used to review interim results and make
recommendations about trial continuation or stopping

« Futility stopping can help reduce exposure of participants to ineffective treatments and save resources

* However, stopping a trial too early for futility may miss potential treatment effects that could be
detected with more data

« Balancing the risks and benefits of early stopping requires careful consideration of the clinical context,
statistical evidence, and potential impact on the trial's objectives

14.3 Sample size re-estimation methods

Sample size re-estimation methods are crucial in adaptive clinical trials. They allow researchers to adjust
participant numbers mid-study based on interim data, ensuring adequate statistical power while
maintaining trial integrity.

These methods come in two flavors: blinded and unblinded. Blinded reviews use pooled data to estimate
parameters, while unblinded reviews analyze treatment groups separately. Each approach has its pros and
cons, impacting trial design and execution.
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Blinded and Unblinded Sample Size Review

Sample Size Re-estimation Methods

« Sample size re-estimation involves adjusting the sample size during an ongoing clinical trial based on
interim data analysis

» Can be performed in a blinded or unblinded manner depending on whether treatment group
information is used

» Aims to ensure the study has adequate power to detect a clinically meaningful treatment effect

* Helps to address uncertainties in initial sample size calculations and adapt to changes in variability or
effect size estimates

Blinded Sample Size Review

* Blinded sample size review is conducted without knowledge of treatment group assignments

« Utilizes pooled data from all treatment groups to estimate nuisance parameters (variability, response
rates)

* Preserves the integrity of the trial by maintaining blinding and minimizing operational bias

* Requires careful consideration of the timing and frequency of interim analyses to avoid inflating Type |
error

Unblinded Sample Size Review

* Unblinded sample size review involves analyzing data by treatment group at an interim analysis

* Provides more accurate estimates of treatment effect size and variability compared to blinded
methods

* Requires strict control of Type | error rate through appropriate statistical methods (alpha spending
functions, group sequential designs)

» May introduce operational bias and impact trial integrity if not properly managed

Internal Pilot Study Approach
Internal Pilot Study Design

* Internal pilot study approach involves using a portion of the total sample size as a "pilot" phase
+ Data from the internal pilot is used to re-estimate the sample size for the remainder of the trial
« Allows for a more accurate assessment of nuisance parameters and effect size estimates

* Requires pre-specification of the internal pilot study design, including the timing and criteria for sample
size adjustment

Effect Size Estimation in Internal Pilot Studies

« Effect size estimation in internal pilot studies is based on the observed treatment difference and
variability
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« Utilizes statistical methods to account for the uncertainty in effect size estimates from the pilot phase
(adjusted confidence intervals, conditional power calculations)

* Helps to ensure the final sample size provides adequate power to detect the true treatment effect

* Requires careful consideration of the potential impact on Type | and Type |l error rates

Conditional and Predictive Power

Conditional Power Calculations

+ Conditional power is the probability of rejecting the null hypothesis at the end of the trial, given the
observed data at an interim analysis

« Calculated based on the observed treatment effect, variability, and the remaining sample size

* Helps to assess the futility or promising nature of the trial and inform decisions on early stopping or
sample size adjustment

* Requires specification of the true treatment effect and variability for the remainder of the trial (usually
assumed to be the same as observed)

Predictive Power Calculations

* Predictive power is the average conditional power over the posterior distribution of the true treatment
effect, given the observed data at an interim analysis

» Accounts for the uncertainty in the true treatment effect by integrating over its posterior distribution
(based on prior information and observed data)

* Provides a more comprehensive assessment of the trial's prospects compared to conditional power

« Can be used to guide decisions on early stopping, sample size adjustment, or trial continuation based
on the probability of success

14.4 Applications of adaptive designs in clinical trials

Adaptive designs in clinical trials are revolutionizing drug development. They allow researchers to modify
studies based on interim data, optimizing efficiency and patient outcomes. From dose-finding to
biomarker-guided approaches, these designs are transforming how we test new treatments.

Adaptive randomization and platform trials are pushing the boundaries even further. By dynamically
adjusting treatment allocation and evaluating multiple therapies simultaneously, researchers can maximize
information gained while minimizing patient exposure to ineffective treatments. These innovative
approaches are shaping the future of clinical research.

Adaptive Trial Designs for Dose Selection and Efficacy

Efficient Dose-Finding Approaches

+ Dose-finding studies aim to identify the optimal dose of a drug that balances efficacy and safety

« Utilize adaptive designs to efficiently allocate patients to promising dose levels based on observed
responses
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+ Continually update the allocation probabilities as data accumulates, maximizing information gained
while minimizing exposure to ineffective or unsafe doses

» Examples include the continual reassessment method (CRM) and the modified toxicity probability
interval (mTPI) design

Seamless Integration of Phase Il and Il Trials

» Seamless Phase Il/lll trials combine the dose-finding and confirmatory stages into a single study

* Interim analysis conducted at the end of Phase Il to select the most promising dose(s) for Phase |l
evaluation

* Allows for a smooth transition between phases, reducing time and resources compared to traditional
separate trials

+ Treatment selection at the interim analysis can be based on efficacy, safety, or a combination of both
endpoints

Evaluating Multiple Treatment Arms Simultaneously

* Multi-arm multi-stage (MAMS) designs enable the simultaneous evaluation of multiple treatment arms
against a common control

« Interim analyses performed at pre-specified stages to drop ineffective arms and focus resources on
promising treatments

+ Allows for the assessment of multiple hypotheses within a single trial, increasing efficiency and
reducing the required sample size

* Examples include the STAMPEDE ftrial in prostate cancer and the I-SPY 2 trial in breast cancer

Biomarker-Guided Adaptive Trials

Tailoring Treatment Based on Biomarker Status

 Biomarker-adaptive designs incorporate biomarker information to guide treatment allocation and
decision-making

« Patients stratified based on their biomarker status (e.g., genetic profile, protein expression) to receive
targeted therapies

» Enables the identification of subpopulations most likely to benefit from a specific treatment

* Examples include the BATTLE trial in non-small cell lung cancer and the I-SPY 2 trial in breast cancer

Investigating Multiple Tumor Types with a Common Biomarker

+ Basket trials evaluate the efficacy of a targeted therapy across multiple tumor types that share a
common biomarker

« Patients enrolled based on the presence of a specific molecular alteration, regardless of the primary
tumor site

* Allows for the assessment of treatment efficacy in rare tumor types and the identification of potential
new indications
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* Examples include the BRAF V600 mutation basket trial and the NCI-MATCH trial

Evaluating Multiple Targeted Therapies within a Single Tumor Type

* Umbrella trials investigate multiple targeted therapies within a single tumor type based on molecular
profiling

« Patients assigned to different treatment arms based on their specific biomarker profile
+ Enables the identification of the most effective targeted therapy for each molecular subtype

» Examples include the FOCUSA4 trial in colorectal cancer and the LUNG-MAP trial in squamous cell
lung cancer

Adaptive Randomization Techniques

Dynamically Adjusting Randomization Probabilities

» Response-adaptive randomization adjusts the probability of treatment assignment based on the
observed responses

« Patients more likely to be allocated to the treatment arm showing superior outcomes as the trial
progresses

» Aims to maximize the number of patients receiving the most effective treatment while maintaining
statistical validity

* Examples include the doubly-adaptive biased coin design and the sequential parallel comparison
design

Leveraging a Common Master Protocol for Multiple Treatments

* Platform trials utilize a common master protocol to evaluate multiple treatments simultaneously or
sequentially

* New treatment arms can be added or dropped based on emerging evidence, allowing for the efficient
evaluation of novel therapies

+ Shared control arm and standardized trial infrastructure reduce costs and improve comparability
across treatment arms

» Examples include the REMAP-CAP ftrial in community-acquired pneumonia and the GBM AGILE trial
in glioblastoma
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Unit 15 — Optimal Design Theory

15.1 Fundamentals of optimal design theory

Optimal design theory helps researchers choose the best experimental setup. It's about picking the right
factor combinations to get the most information from your study. This chapter dives into the nuts and bolts
of making smart design choices.

We'll look at different types of designs, how to measure their effectiveness, and what makes a design
"optimal." Understanding these concepts will help you create experiments that are more efficient and give
you better results.

Optimal Design Fundamentals

Key Concepts in Optimal Design

+ Optimal design involves selecting design points from a design space to maximize the information
obtained from an experiment

+ Design space represents the set of all possible combinations of factor levels that can be used in an
experiment

* Design points are specific combinations of factor levels chosen from the design space to be included
in the experiment

+ Continuous designs allow factor levels to take on any value within a specified range (temperature
between 20°C and 30°C)

» Exact designs specify the precise factor level combinations and the number of replicates for each
design point

Types of Designs

» Optimal designs can be classified into different categories based on their properties and
characteristics

« Continuous designs are suitable when factors can be varied continuously over a range of values

» Exact designs are appropriate when factors have discrete levels and the number of replicates for each
design point is fixed

* The choice between continuous and exact designs depends on the nature of the factors and the
experimental constraints

+ Continuous designs offer more flexibility in factor level selection but may be more challenging to
implement in practice

+ Exact designs provide a specific blueprint for the experiment but may be less efficient if the optimal
factor levels are not included
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Information and Efficiency

Quantifying Information in Optimal Designs

* The information matrix quantifies the amount of information provided by a design about the
parameters of interest

* Fisher information measures the expected amount of information that an observable random variable
carries about an unknown parameter

* The information matrix is often used to evaluate and compare different designs in terms of their
information content

+ Designs with larger information matrices are generally preferred as they provide more precise
parameter estimates

» The determinant or trace of the information matrix can be used as summary measures of the overall
information provided by a design

Efficiency of Optimal Designs

« Efficiency is a measure of how close a design is to the optimal design in terms of the information it
provides

« Efficiency is typically expressed as a percentage, with 100% indicating an optimal design

+ Designs with higher efficiency are preferred as they require fewer experimental runs to achieve the
same level of precision

* For example, a design with 90% efficiency would require 10% more runs than the optimal design to
obtain the same information

« Efficiency can be used to compare and rank different designs based on their performance relative to
the optimal design

Design Criteria and Optimality

Defining Design Criteria

* A design criterion is a mathematical function that quantifies the desirability of a design based on its
properties

» Common design criteria include D-optimality, A-optimality, and E-optimality, which focus on different
aspects of the information matrix

+ D-optimality maximizes the determinant of the information matrix, which corresponds to minimizing the
generalized variance of the parameter estimates

+ A-optimality minimizes the trace of the inverse of the information matrix, which represents the average
variance of the parameter estimates

* E-optimality maximizes the minimum eigenvalue of the information matrix, ensuring that all
parameters are estimated with a certain level of precision

* The choice of design criterion depends on the specific goals and priorities of the experiment
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Assessing Optimality of Designs

» Optimality refers to the property of a design being the best possible design according to a given
criterion

* A design is considered optimal if it maximizes or minimizes the chosen design criterion

 Checking for optimality involves comparing the performance of a design to theoretical bounds or other
candidate designs

* For D-optimality, the determinant of the information matrix can be compared to the maximum possible
value achievable within the design space

* For A-optimality and E-optimality, similar comparisons can be made based on the respective criteria

« Verifying optimality ensures that the selected design is indeed the best choice for the given
experimental objectives and constraints

15.2 Alphabetic optimality criteria (A, D, E, G-optimality)

Optimal design theory helps researchers create efficient experiments. Alphabetic optimality criteria, like A,
D, E, and G, provide different ways to measure a design's quality. Each criterion focuses on specific
aspects of precision in parameter estimation or prediction.

These criteria help balance trade-offs in experimental design. A-optimality minimizes average variance,
D-optimality maximizes overall precision, E-optimality focuses on worst-case scenarios, and G-optimality
improves prediction accuracy across the design space.

Information-based Optimality Criteria

Trace Criterion (A-optimality)

* A-optimality minimizes the average variance of the parameter estimates

* Aims to minimize the trace of the inverse of the information matrix tr(XTX)_1
 Equivalent to minimizing the average variance of the parameter estimates

* Focuses on the precision of the parameter estimates

« Useful when all parameters are of equal importance (treatment effects in a clinical trial)

Determinant Criterion (D-optimality)

« D-optimality maximizes the determinant of the information matrix det(XTX)

+ Equivalent to minimizing the generalized variance of the parameter estimates
» Aims to minimize the volume of the joint confidence ellipsoid of the parameters
* Focuses on the overall precision of the parameter estimates

 Useful when the overall precision of the estimates is important (response surface modeling)

Eigenvalue Criterion (E-optimality)

* E-optimality maximizes the minimum eigenvalue of the information matrix Amin(XTX)
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* Aims to minimize the maximum variance of the parameter estimates
* Focuses on the worst-case precision of the parameter estimates

+ Useful when the worst-case precision is important (ensuring all parameters are estimated with a
minimum precision)

Prediction-based Optimality Criteria

Maximum Prediction Variance (G-optimality)

» G-optimality minimizes the maximum prediction variance over the design space

* Aims to minimize the worst-case prediction variance Max Var(y(x))

*» Focuses on the precision of the predicted response over the entire design space

+ Useful when the goal is to make precise predictions throughout the design space (response surface
modeling, process optimization)

+ Equivalent to D-optimality for linear models (General Equivalence Theorem)

Minimax Prediction Variance

» Minimax prediction variance minimizes the maximum prediction variance over a specific set of points

» Aims to minimize the worst-case prediction variance over a subset of the design space
maxVar(y(x))
xXeXy

* Focuses on the precision of the predicted response over a subset of the design space

« Useful when precise predictions are required at specific locations (critical points in a process)

Advanced Optimality Concepts

General Equivalence Theorem

« Establishes the equivalence between D-optimality and G-optimality for linear models

« States that a design is D-optimal if and only if it is G-optimal

* Provides a unified framework for information-based and prediction-based optimality criteria
+ Allows for the verification of optimality using the equivalence theorem

* Enables the construction of optimal designs using iterative algorithms (Fedorov-Wynn algorithm)

Compound Criteria

» Compound criteria combine multiple optimality criteria into a single objective function
« Allow for the balancing of different optimality goals (precision of estimates and predictions)

* Examples include the weighted sum of A-optimality and D-optimality
Watr(XTX)~! + wpdet(XTX)~ 1P

» Enables the construction of designs that satisfy multiple optimality criteria simultaneously
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 Useful when multiple objectives need to be considered (balancing parameter estimation and
prediction precision)

15.3 Computer-aided optimal design generation

Computer-aided optimal design generation revolutionizes experimental planning. By harnessing algorithms
and software, researchers can create designs that maximize efficiency and minimize costs. This approach
automates the complex process of balancing various factors to achieve the most informative experiments.

These tools employ sophisticated mathematical techniques to optimize design criteria. From exchange
algorithms to genetic algorithms, they explore vast design spaces to find the best configurations. Software
packages make these powerful methods accessible to researchers across disciplines.

Algorithmic Design Generation

Exchange Algorithms for Optimal Design

» Exchange algorithms are a class of algorithms used for generating optimal experimental designs

* Involve exchanging points between a candidate set and a design set to improve the design's optimality
criterion

« Coordinate-exchange algorithm is a specific type of exchange algorithm

» Exchanges individual coordinates of design points instead of entire points

+ Can be more efficient than exchanging entire points, especially for high-dimensional designs

* Fedorov algorithm is another well-known exchange algorithm

« Starts with an initial design and iteratively exchanges points to improve the optimality criterion

« Continues until no further improvements can be made or a maximum number of iterations is reached
* DETMAX (determinant maximization) algorithm is a variant of the Fedorov algorithm

* Focuses on maximizing the determinant of the information matrix, which is related to D-optimality

« Often used when D-optimality is the desired criterion for the experimental design

Optimization Criteria and Algorithms

« Algorithmic design generation often involves optimizing a specific criterion, such as D-optimality or
A-optimality

* D-optimality aims to maximize the determinant of the information matrix, which minimizes the
generalized variance of the parameter estimates

» Commonly used criterion due to its desirable statistical properties and computational tractability
 A-optimality focuses on minimizing the average variance of the parameter estimates

» Can be more computationally challenging than D-optimality but may be preferred in certain situations
+ Multiplicative algorithm is an optimization algorithm that can be used for generating optimal designs

» Updates the design weights multiplicatively based on the directional derivative of the optimality
criterion

Fiveable archived study guides Page 120



+ Can be faster than exchange algorithms for some problems but may be more sensitive to the initial
design

« Simulated annealing is a probabilistic optimization algorithm inspired by the annealing process in
metallurgy

* Allows for occasional acceptance of worse designs to escape local optima

+ Can be effective for complex design spaces with many local optima but may be slower than other
algorithms

* Genetic algorithms are inspired by biological evolution and use operators like selection, crossover,
and mutation

» Maintain a population of designs that evolve over generations based on their fitness (optimality
criterion)

+ Can be effective for complex, high-dimensional design spaces but may require careful tuning of
parameters

Design Software Packages

« Several software packages are available for generating optimal experimental designs using various
algorithms and criteria

» Common packages include:
« JMP: Offers a user-friendly interface for generating optimal designs and analyzing experimental data
» SAS ADX: Provides a comprehensive set of tools for adaptive and optimal design of experiments

* MATLAB: Allows users to implement custom algorithms and criteria using the optimization and
statistics toolboxes

* R packages (AlgDesign, OptimalDesign): Enable researchers to generate and evaluate optimal
designs using a variety of algorithms and criteria

» These packages often provide functions for generating designs based on specific models (linear,
nonlinear, mixture) and optimality criteria (D, A, |, G)

» Some packages also offer graphical user interfaces (GUIs) for designing experiments and visualizing
design properties (power, estimation accuracy)

+ Using design software can greatly simplify the process of generating optimal designs, especially for
complex models and high-dimensional design spaces

15.4 Robust optimal designs

Robust optimal designs tackle uncertainty in experimental planning. They aim to create designs that
perform well across different scenarios, whether it's model uncertainty or parameter uncertainty. This
approach ensures experiments are effective even when we're not sure about the underlying model or
parameter values.

Minimax, maximin efficiency, and compound optimal designs address model uncertainty. Bayesian optimal
designs and sensitivity analysis tackle parameter uncertainty. These methods help researchers create
experiments that are resilient to various unknowns, improving the reliability of results.
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Robust Designs for Model Uncertainty

Minimax and Maximin Efficiency Designs

* Model uncertainty occurs when there is doubt about the true underlying model structure or form

» Minimax designs aim to minimize the maximum loss or risk across all possible models under
consideration

* Useful when the goal is to protect against the worst-case scenario

* Ensures the design performs reasonably well even under the least favorable model

» Maximin efficiency designs maximize the minimum efficiency across all candidate models

« Efficiency measures how well a design performs relative to the optimal design for each model

* Seeks to find a design that has good performance for all models, rather than being optimal for one
specific model

Compound Optimal Designs

» Compound optimal designs are a compromise between different optimality criteria or models
« Constructed by combining multiple optimality criteria or models into a single objective function
» Example: weighted sum of efficiencies for different models

« Allows for balancing the performance across different scenarios or objectives

* Provides a way to incorporate multiple sources of uncertainty or multiple design goals simultaneously

Robust Designs for Parameter Uncertainty

Bayesian Optimal Designs

« Parameter uncertainty refers to the lack of precise knowledge about the true values of model
parameters

 Bayesian optimal designs incorporate prior information about the parameters into the design process
« Prior information is represented by a probability distribution over the parameter space

» Bayesian designs aim to maximize the expected utility or minimize the expected loss, averaged over
the prior distribution

* Takes into account the uncertainty in the parameter values

* Provides designs that are robust to parameter misspecification

Sensitivity Analysis and Design Robustness

* Sensitivity analysis assesses how sensitive the optimal design is to changes in the parameter values
or assumptions

* Involves perturbing the parameters or assumptions and evaluating the impact on the design
performance
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* Helps identify the critical parameters or assumptions that have a significant influence on the design

+ Design robustness refers to the ability of a design to maintain good performance despite variations in
the parameters or assumptions

* A robust design is relatively insensitive to parameter uncertainty or model misspecification

+ Can be assessed through sensitivity analysis or by evaluating the design performance under different
scenarios

* Techniques for improving design robustness include:
+ Using robust optimality criteria that account for parameter uncertainty (Bayesian optimality)
* Incorporating parameter uncertainty directly into the design optimization process

« Constructing designs that are efficient across a range of plausible parameter values
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