
Applied Times Series Analysis for Ecology 
 
Each day will consist of a morning session and afternoon session with different topics. The 
sessions are broken into a lecture followed by a ‘hands-on’ computer lab where students will 
work through an analysis based on the session’s topic. Background reading for each day and 
topic is listed at the end of this document. In general, we will follow this daily schedule: 
 
09:00 - 09:15 Welcome and overview of the day 

09:15 - 10:30 Lecture 1 
10:30 - 10:45 Break 

10:45 - 12:15 Lab 1 

12:15 - 13:30 Lunch 

13:30 - 14:45 Lecture 2 

14:45 - 15:00 Break 

15:00 - 16:15 Lab 2 

16:15 - 16:30 Break 

16:30 - 17:00 General discussion of the day’s topics 

 
Day 1 

AM: Introduction to time series and random walks  
Day 1 will begin with an introduction to the basic properties of time series and different types of 
random walks (e.g., “simple”, “biased”). This introductory material will form the basis for 
understanding the rest of the week’s lectures and computer labs. During the morning lab session, 
we will make sure everyone is ready to work with R and its different packages. Then, we’ll go 
through some basics of getting summary statistics from time-series data using R’s built in 
functions and show how to simulate different types of random walks.  
 
PM: Introduction to state-space models 
In the afternoon, we will begin working with “state-space” models. These are time-series models 
composed of 2 equations: a “process” equation and an “observation” equation. The process 
equation describes how some true state of nature changes (or “evolves”) from one time step to 
another, which typically includes some form of stochasticity (i.e., “environmental noise”). 
However, in a state-space framework, we acknowledge explicitly that we cannot observe directly 
the true process due to sampling or observation errors. Thus, the observation equation describes 
how our data relate to the underlying truth. In the lab, we will work though a simple example of 
an analysis of time-series data with a state-space model. We will do a count-based population 
viability analysis, and estimate extinction risk for a variety of species using time-series of 
abundance counts. In particular, we will see how not taking into account the observation error in 
the data dramatically affects your estimates of extinction risk. 
  



Day 2  

AM: Combining multi-site data to estimate trends and identify spatial structure 

In this session, we will learn how multivariate state-space models can be used for two common 
analyses of population data. The first analysis concerns a case where you have time-series data 
from multiple sites and you would like to combine these data to describe one overall trend in 
abundance. In particular, we will highlight how to overcome two common problems with data: 1) 
missing samples across years and/or sites which mean you cannot simply combine the data into 
one index; and 2) the data have different levels of observation error (e.g., different surveys or 
sensor types were used). The second analysis concerns detection of spatial correlation within the 
multi-site data, where again the data have the problems listed above. 
 
PM: Estimating the effects of covariates and seasonal drivers on population demographics 

Ecologists often wish to estimate the effect of some covariate on population demographics. For 
example, a stream ecologist might want to know whether stream flow or water temperature affect 
the population growth rates of various benthic invertebrates, and whether the effects differ among 
species. We will show how to set up this problem up as a multivariate state-space model in cases 
where the data have the same problems mentioned earlier: missing data, different observation 
errors, and potentially multiple sites. We will then discuss how the same type of model could be 
used to estimate the effects of external drivers on movement rates or abundance. 
 
Day 3 

AM: Estimating species interactions strengths: density-dependence and predator-prey 

Day 3 will focus on using multivariate state-space models to analyze the strength and direction of 
food-web interactions within a community. These models have been used extensively in 
freshwater systems to understand the dynamics of plankton communities. We will start the 
morning with an introduction to the deterministic Gompertz model, which models a type of log-
linear density dependence. We will then show how the stochastic version of this model can be 
used to estimate the strength of density-dependence in one population alone. We will then expand 
it to a simple 2-species predator-prey system using long-term monitoring data on moose and 
wolves on Isle Royale (USA). 
 
PM: Estimating species interactions strengths: community models and stability 

In the afternoon, we will begin working with much larger communities with up to 16 species (or 
functional guilds) to identify important predators (top-down drivers), prey (bottom-up drivers), 
and competitors. You will learn how to include covariates (environmental drivers) in the analysis 
and see why it is important in order to obtain good estimates of interaction strengths. The 
afternoon will finish with a discussion of a variety of community stability metrics that can be 
computed from the B matrix (community interaction matrix). You will work through these 
analyses in the ‘hands on’ section using freshwater plankton data sets. 
 
  



Day 4 

AM: Univariate Dynamic Linear Models (DLMs) 
Dynamic linear models are used in cases where the model parameters are time-varying. We will 
begin by showing how the random-walk models introduced on Day 1 are the simplest form of 
DLM. We will then move on to one of the most common applications of DLMs: a dynamic 
regression model with a single (univariate) response variable wherein the slope and intercept 
parameters evolve over time. In the morning, we introduce DLMs and work through some 
ecological examples using time series of salmon survival. We will show how to model time-
varying effects of multiple covariates on a response variable (in this case, salmon survival). 
 
PM: Multivariate DLMs 

In the afternoon, we will introduce multivariate DLMs where the response is a vector of variables 
rather than a single value. We will show how a collection of univariate DLMs could be analyzed 
together in order to estimate some common parameters. We will then illustrate how a time-
varying Leslie matrix (a matrix of age-specific survival and fecundity) can be estimated from 
age-specific abundance data. An example of the latter is counts of eggs and adults. 
 
Day 5 

AM: Dynamic Factor Analysis (DFA) 
On the last day, we will show a different type of multivariate time-series analysis: dynamic factor 
analysis (DFA). DFA is like Principal Components Analysis but for time series. In a DFA, one 
seeks to find a minimal set of trends (in this case random walks) that parsimoniously explain 
temporal patterns among a much larger number of data sets. For example, imagine that you have 
100 time series of species’ abundance and that most of these species covary strongly. In this case, 
you might be able to describe most of the variation by an additive combination of perhaps 2-5 
time series. The objective can be to simply reduce the 100 species to a set of “groups” that 
strongly covary temporally or the objective may be to detect groups that track some unknown 
driver. For example, this sort of analysis could be done to tease apart the “northern” from the 
“southern” species. 
 
PM: Participant data discussions; other resources and directions 
We are leaving the afternoon of day 5 open for discussion of other topics of interest that arise 
during the 5 day workshop. 
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