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Announcement 
This course forms the third part of a sequence following the revised QBS 120 

(Biostatistics I: Theoretical Foundations) and QBS 121 (Biostatistics II: Modeling). The first 
component of the course follows QBS 121 by extending regression methods for analyzing data 
when the data are statistically dependent. This component encompasses clustered, multi-level, 
longitudinal and other forms of structured data and will focus on hierarchical (mixed-effect) 
modeling approaches under both a frequentist perspective. However, the consideration of 
random effects and their conditional distribution given that data will set the scene for the 
following modules. Bayesian statistical methods are a feature of this course due to their affinity 
for solving challenging problems and their ubiquity across modern statistical applications. In an 
extension of QBS 120, Bayesian methodology is carefully developed and compared to the 
classical (frequentist) approach. A variety of applications in which the Bayesian approach is 
naturally suited are considered. Bayesian computation via Markov-chain Monte-Carlo (MCMC) 
is also developed and illustrated. The course concludes network analysis section that includes 
representation, visualization, and summarization of networks; models of networks; and models 
of peer effects and social influence processes. Graph partitioning methods will be included if 
time permits.  

 
Learning Objectives 
 

1. Become adept at recognizing when data has a nested, cross-classified, longitudinal or 
multivariate structure and familiar with statistical techniques for analyzing such data 

2. Gain a strong understanding of the fundamentals of Bayesian Analysis 
3. Be able to conduct a social network analysis from the grassroots (specification of 

research question, representation of data, choice of statistical analysis, implementation 
of analysis and visualization of results) 

Detailed course schedule [next page] 



 

Week Lecture Topic Slide title

1 1

Introduction and course overview. Thinking problems 
involving probability and regression to introduce key 
concepts. Introduction and problems

 2

Types of clustering, quick review of Generalized 
estimating equations; Hierarchical models; Fixed 
versus random effects 1. Clustering

2 1

Fixed versus random effect estimation. Shrinkage. 
Impact of random effect assumptions under different 
data designs (level at which treatment is varying); 
within and Between Group treatment effects. 
Illustrations using Pten data. Intra-class correlation 
coefficient 2. Fixed versus Random Effects

 2

Hierarchical model with interaction effect between 
within and between-cluster variable. Implications of 
clustering. Design effect. Contextual variables. Three-
level models. Cross-classified models. Hierarchical 
generalized linear models. 3. Extensions to Basic Scenarios

3 1

Estimation of Hierarchical generalized linear model. 
Example analysis. Hierarchical model when interest is 
one random effects: Profiling. 4. Applications and Profiling

 2

Longitudinal analysis. Common longitudinal statistical 
designs: Difference-in-differences, corss-over studies, 
stepped-wedge. Random intercept, random-slope 
models 5. Longitudinal Analysis

4 1 Dealing with continuous time. Illustrative analysis. 6. Continuous Time and Applications

 1

Motivation for Bayesian analysis. Bayes theorem and 
discrete conditional probabilities. Extension of Bayes 
theorem to continuous densities, point null hypothesis. 1. Motivation and Bayes Theorem

5 2

Posterior inference, predictive distributions; non-
informative priors. Conjugate families: beta-binomial, 
gamma-poisson, normal-normal; Berhens-Fisher 
problem; RJAGS 2. Bayesian Elements and Family and Models

 1

Multiparameter problems; Berhens-Fisher problem; 
marginal posterior distribution; Bayesian linear 
regression models; predictive estimation and intervals; 
Difference-in-difference example 3. Multiparameter and Regression Problems

6 2

Non-linear models, non-conjugate families: Bayesian 
logistic regression, variance function estimation. 
Computation: Monte-Carlo average, Gibbs-sampler, 
Metropolis-Hastings; Importance sampling 4. Nonlinear problems and computation

 1
Markov-chain, Monte-Carlo (MCMC) diagnostics, 
Illustrative analyses 5. Monitoring Bayesian Computations

7 2

Special models/analyses that are naturally Bayesian: 
simultaneous equation models (instrumental variable 
estimation); Latent-class models (including two-part 
models); Dirichlet process priors 6. Advanced models

 2
Definition of a Social network, examples, attainment of 
network data, descriptive properties of networks 1. Definitions and Introduction

8 1

Reciprocity, transitivity and basics tests for their 
presence. Multiple network analysis: construction from 
bipartite network data. Analysis using hierarchical 
models 2. Statistical Tests and Models with Networks as Units

2 Application 3. Networks with Omics data

9 1

Statistical models of a single network. Dyadic 
independence models: Erdos-Renyi, P1, stochastic 
block, Exponential random graph models (ERGMs) 4. Single Networks as Dependent Variables

 2
Alternatives to ERGMs: P2 model, latent space 
models

5. Alternative Statistical Approaches to Modeling 
Single Networks

10 1

Social influence. Dyadic and social influence models. 
Modeling diffusion of an innovation; example. Joint 
modeling of social influence models. Causal estimation 
of peer effects

6. Models of Social Influence ("Peer Effects") and 
Diffusion



Class Climate and Inclusivity 
Everyone who meets the pre-requisites to take the class is welcome to take the course. 

A friendly learning environment will be fostered. 
At Dartmouth, we value integrity, responsibility, and respect for the rights and interests 

of others, all central to our Principles of Community. We are dedicated to establishing and 
maintaining a safe and inclusive campus where all have equal access to the educational and 
employment opportunities Dartmouth offers. We strive to promote an environment of sexual 
respect, safety, and well-being. In its policies and standards, Dartmouth demonstrates 
unequivocally that sexual assault, gender-based harassment, domestic violence, dating 
violence, and stalking are not tolerated in our community. 

The Sexual Respect Website (sexual-respect.dartmouth.edu) at Dartmouth provides a 
wealth of information on your right with regard to sexual respect and resources that are 
available to all in our community.  Please note that, as a faculty member, I am obligated to 
share disclosures regarding conduct under Title IX with Dartmouth's Title IX Coordinator. 

Please use this LINK to ensure syllabi captures Dartmouth policies and guidance as 
detailed on the website for the Dartmouth Center for the Advancement of Learning.  
 
Location and Time 

Our first class will be Thursday September 13 at 3pm in the Williamson Translational 
Research Building (WTRB), Room 572. If you enter The Dartmouth Institute by the elevators on 
the 5th floor turn left and walk down the corridor past WTRB 571 (E and W) until you get to 
WTRB 572 on your left. On Tuesday's we'll have the same meeting time but be located in WTRB 
571W. 
 
Pre-requisites 

While QBS 120 is not a prerequisite, students who have taken it will be able to delve 
more deeply into the methodological aspects of the course. Concepts are developed both 
mathematically and intuitively. There is a strong “hands-on” emphasis on analyzing data. 
Students are expected to have taken QBS 121 or alternative comparable-level regression 
course. 
 
Textbooks 
 Purchasing a textbook is not a requirement but may be helpful. The following texts are 
recommended for the three respective modules: 

1) Bayesian Data Analysis (3rd Edition) by Gelman, Carlin, Stern, Dunson and Rubin 
2) Statistical Analysis of Network Data by Kolaczyk 

Some homework problems will be drawn from these texts. I’ll provide these and will also 
provide lecture slides that cover the relevant material. However, material in the three texts will 
definitely support what we do in class and so these might be helpful if you want additional 
reading.  
 
Grading 
 Assessment will be split between homeworks, a mid-term, a project and a final exam. 
The weights for each of these will be 10%, 30%, 30% and 30%. Students are expected to make a 



studious effort on all aspects of assessment with detailed description of assumptions being 
made, approach taken and calculations performed to justify and interpret results. 
 
Where class fits in terms of Data Science, Type and Applications? 

Data Science 
Analytics Algorithms  Inference 
20 20 60 
   

Course Type 
Theory Methodology Application/Implementation 
10 50 40 
   

Application area 
Application-driven Specific General 
10 20 70 

 
 


