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Clown fish in bleached anemone. Image by L. Richardson.

THE ECOLOGICAL QUESTION:
What effect did a severe coral bleaching event have on the multi-trait structure of coral reef fish assemblages?

FOUR DIMENSIONAL ECOLOGY EDUCATION (4DEE) FRAMEWORK
· Core Ecological Concepts:
· Community
· Biosphere
· Ecology Practices:
· Quantitative reasoning and computational thinking
· Designing and critiquing investigations
· Communicating and applying ecology
· Human-Environment Interactions:
· Human-accelerated environmental change
· How humans shape and manage resources/ecosystems/the environment
· Cross-cutting Themes:
· Systems
· Spatial & Temporal

WHAT STUDENTS DO:
Students use the statistical programming tool R to examine how fish communities are impacted by a disturbance event. Students receive an existing dataset on the abundance of coral reef fish from underwater visual census of belt transects before and after widespread coral bleaching. The dataset contains the counts of fishes from multiple transects surveyed across different habitat types. Students use R, the free software environment for computing statistical analyses and graphics, to subset and pool the data and plot trends in the data at the fish species level. Students select two specific species, research their ecological traits, and relate these to their abundance before and after bleaching. Students then hypothesize how the fish assemblage as a whole in different habitat types might have been impacted by the disturbance event. The students interpret the ‘functional’ trait ordination space after learning about multivariate statistical methods and use univariate statistics to compare trait-based ‘functional’ richness before and after mass coral bleaching. Students relate their findings to the wider literature and summarize their work in a scientific poster that they present to their peers at a student symposium.

STUDENT-ACTIVE APPROACHES:
Guided enquiry, problem-based learning, critical thinking, ‘authentic’ assessment (student poster presentation), marking rubric.

STUDENT ASSESSMENTS:
Student skills are assessed based on their production and presentation of a scientific poster. The poster summarizes the analyses they perform on the dataset in R. The students’ ability to interpret and present a scientific evidence-based argument, with reference to the existing literature is assessed in oral and written skills.
The assessment associated with the practical session described herein carries 50% of the module marks and is centred on the creation and presentation of the scientific poster, concerning the results of each individual student’s data analysis. The assessment mark is split into two parts: 15% for the oral presentation of the poster and 35% for the quality and content of the poster.
The oral presentation marking criteria include the following categories: 4-minute verbal presentation, demonstrated understanding, structuring, and timekeeping. The structure is expected to include an introduction to the study, aims and hypotheses, methods (data, design, analyses), results, and discussion (see ‘Marking_criteria_oral_presentation.pdf’). The poster quality assessment is based on the poster content (including the background, aims and hypotheses, methods of data design and analysis, results, discussion, references) and poster visuals (including layout design, graphics, and writing style (see ‘Poster_quality_rubric.pdf’).

CLASS TIME:
Total recommended class time for this practical is 16 hours (hr). We split this into six sessions (1 x introductory lecture; 1 x 6-hr practical; 3 x 2-hr practicals; 1 x 3-hr student symposium). The practical sessions can be split as required to enable working through the practical materials. Where instructors do not have enough space in their courses to allocate this time to complete all parts, they might choose to adapt the materials to end the computer-based practicals after Part 2, where they will have computed functional diversity and created the main results figures for their poster (PCoA and boxplot graphs showing fish assemblage trends before and after bleaching). By excluding Part 3, students would miss testing whether observed differences are statistically significant. Similarly, instructors could have students write up their findings (in poster or report format), without extending this to the in-person poster symposium.

COURSE CONTEXT:
This practical is designed for third-year undergraduate students, as part of a wider module on ‘marine ecosystems and processes’ in the UK. This equates to junior level on a bachelor degree in the United States. Students will need to have done an ‘Introduction to R’ course ahead of this practical. For example, at Bangor University, all students taking this practical course would have completed module ONS-1001 ‘Environmental Data and Analysis’ in year 1, where they receive training in basic R coding, data wrangling, graphing, common statistical tests and simple linear models, and an introduction to mapping in R. These students then use R to analyse data in several other modules during their first and second year, so would approach this practical with prior experience of some required tasks in R (e.g., creating boxplot graphs, implementing a t-test). If instructors wish to implement this practical with students who do not have any prior background using R, we suggest running two 3-hour workshops where students are introduced to R, covering basic data wrangling, graphing, and statistical tests.

SOURCE:
Richardson et al. (2018). Mass coral bleaching causes biotic homogenization of reef fish assemblages. Global change biology 24.7: 3117-3129. https://doi.org/10.1111/gcb.14119  Available free of charge and without subscription here: https://doi.org/10.25903/5b57c26b0beb7  (Chapter 4).
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OVERVIEW OF THE ECOLOGICAL BACKGROUND
Individual species, or groups of species, play a unique role in the function of their ecosystem. Species can be, and often are, classified into ‘functional’ groups based on their morphological and/or ecological characteristics or ‘traits’ (Magneville et al. 2021, Parravicini et al. 2021). For example, a coral reef ecologist might group herbivorous reef fishes based on the physical impact their feeding has on reef substrata or benthic reef communities (Bellwood et al. 2004, Hughes et al. 2007, McClure et al. 2019). A disadvantage of considering individual species or functional groups in isolation is that it can overlook patterns within the broader community (Mouillot et al. 2013, Richardson et al. 2018). Moreover, many species contribute to multiple ecological functions.
In a biological community or ecosystem, measuring multi trait-based ‘functional’ diversity can overcome a narrower single species or group perspective by offering complementary additional indices to elucidate disturbance dynamics (Mouillot et al. 2013). Functional diversity measures the diversity of species characteristics (Petchey and Gaston 2006, Naeem et al. 2012) which define how species fulfil different ecological roles in the community (Mouillot et al. 2013, Magneville et al. 2021). This community-level measure of function differs from species diversity (i.e., species richness – how many species there are) and instead focusses on the number or diversity of ecological or ‘functional’ roles (what species are doing). Morphological or ecological traits are often used as proxies for the roles that species play in contributing to ecosystem function (Bellwood et al. 2019). For example, diet informs community trophic dynamics and can influence energy flow as well as providing information on ecosystem processes like herbivory which can impact ecosystem resilience (Bellwood et al. 2004). Body size can provide information on animal movement, home range, and energetic needs of an individual (Bellwood et al. 2004, Heenan et al. 2020, Parravicini et al. 2021). In turn, a trait-based approach can be used to understand species in terms of their ecological roles and interaction with the environment and other species (Mouillot et al. 2013, Villéger et al. 2017).  
The goal of this practical is to investigate what effect a mass coral bleaching event had on the trait-based diversity of coral reef fish communities at Lizard Island, in the northern Great Barrier Reef, Australia. The disturbance event was the prolonged marine heat wave and extreme temperatures experienced in 2016 that triggered mass coral bleaching across the Great Barrier Reef (Hughes et al. 2017). 
Students will conduct analyses at the individual species level and research the ecological traits of these species from published sources such as FishBase and a peer-reviewed fish trait database (Froese and Pauly 2021, Parravicini et al. 2021). They interpret the functional trait space, a principal coordinates ordination analysis (PCoA), generated for the fish assemblage based on their assigned traits, and hypothesize how their selected species and the fish assemblages found in different habitat types, may have been influenced by the heatwave and resulting mass coral bleaching event. 
This multi-part practical teaches quantitative ecology and functional multi trait-based methods through computational coding of a pre-existing dataset (Richardson et al. 2018) and use of the R package, mFD (Magneville et al. 2022). Students will gain experience in data wrangling (‘manipulation’) and exploration, hypothesis testing, data visualization, statistical analysis, and critical evaluation of their results. Students present their work via a scientific poster to their peers at a student symposium. Students will advance their understanding of community ecology and how community level responses following disturbance can be assessed using both univariate and multivariate statistics.

KEY READING
Background on the disturbance event and ecosystem of focus: 
Hughes et al. 2017. Global warming and recurrent mass bleaching of corals. Nature 543:373-377. https://doi.org/10.1038/nature21707
Paper on which the practical is based, and dataset is sourced:
Richardson et al. 2018. Mass coral bleaching causes biotic homogenization of reef fish assemblages. Global Change Biology 24: 3117-3129. https://doi.org/10.1111/gcb.14119. Available free of charge and without subscription here: https://doi.org/10.25903/5b57c26b0beb7 (Chapter 4).
Papers outlining methods employed to build a functional space. Just read to understand general concepts, pay particular attention to mentions of functional richness:
Magneville et al. 2022. mFD: an R package to compute and illustrate the multiple facets of functional diversity. Ecography 2022:https://doi.org/10.1111/ecog.05904
Mouillot et al. 2013. A functional approach reveals community responses to disturbances. Trends in Ecology & Evolution 28:167-177. https://doi.org/10.1016/j.tree.2012.10.004

LEARNING OBJECTIVES
At the end of this practical session, students should be able to:
1. Describe the key environmental and biological drivers that affect marine processes and ecosystem functioning, and the relevant temporal and spatial scale at which these operate.
2. Relate the organisation of ecosystems (i.e. coral reef fish assemblages) to environmental or ecological processes (i.e. thermal stress, habitat provisioning) 
3. Process, analyse, and present a large dataset.
4. Explain how biodiversity contributes to the resilience and regime shifts of marine systems, and appreciate the importance of organism trait diversity on ecosystem structure.
5. Prepare and present a conference poster that conveys, simply and clearly, the results of a piece of research.

DATA SETS
Student version
Richardson gave permission for these data to be included on the TIEE website. Data collection was funded, collected, and published by Richardson et al. (2018). Note, all student handouts are created from the .Rmd instructor versions, as described below.
File names: 
1. Practical ‘Part 1’: Getting to know the dataset and the ecosystem
LI_fish_abundance_pre_post_bleaching.csv  ## Richardson et al. (2018) subset datafile 
2. Practical ‘Part 2’: Building the multi-trait space to measure trait-based diversity
tiny_trait_matrix.csv ## to illustrate how dissimilarity matrix calculation works 
tr_cat_1.csv ## to illustrate how traits can be categorized into distinct types
tr_cat_2.csv ## to categorize traits as distinct types
traits.csv ## dataset of species traits from Richardson et al. 2018 supplementary material
3. Practical ‘Part 3’: Analysing the trait-based diversity indices and presenting your data
No additional data files required. Datafiles required for practical ‘Part 3’ are generated during practical ‘Part 2’.


Instructor version
· Introductory overview slides (editable optional PowerPoint file)
· Practical ‘preparation’ document (.docx; or .Rmd):
· This should be updated and shared with students prior to practical to reflect institutional access to RStudio. Currently contains instructions to create an account and use RStudio Cloud.
· RMarkdown files (part1.Rmd, part2.Rmd and part3.Rmd) and images used to create student handouts for practical ‘Part 1’, ‘Part 2’, and ‘Part 3’. 
· Rmd files include commented-out code that address student questions and has code answers (these do not appear in the student versions).
· Poster preparation guide (editable optional PowerPoint file):
· Should be updated with example posters that the instructor considers “good” and “not so good”, and to reflect how the instructor wants to run the scientific poster session and receive assignment files.
· Marking schemes / rubrics for assessment via the scientific symposium:
· Two schemes, one for oral presentation of the poster (‘Marking_criteria_oral_presentation.pdf’); one for poster content quality  (‘Poster_quality_rubric.pdf’).

STUDENT INSTRUCTIONS
[bookmark: Xecc009404cda4f05eed823005af252a38cc4e89]Part 1: Getting to know the dataset and the ecosystem
We will start by getting to know the Lizard Island fish data presented in the introductory practical lecture. Whenever using data provided by others it is important that you fully understand how the data were collected, what was measured and the units used. Before you get going though, get ready to work in R using your Rstudio account.
Go to RStudio, and open the Functional_diversity_practical project you created in preparation for the practical. Open the R script you saved previously if it is not already open.
[bookmark: preparing-your-r-workspace]Preparing your R workspace
In preparation for the practical you installed the libraries we will be using for the practical. The functions available within these libraries are not available until you load them to your R workspace – you need to load the libraries you want every time you open a new R session.
You load R packages using the library() function. In your Day_1_code script type:
library(reshape)
## Warning: package 'reshape' was built under R version 4.3.2
options(max.print = 999999999)  ## changes output view settings
Over time you will build up instructions in the script – and this forms the record of your analysis. This way you save your instructions should you need to repeat it later. But make sure your save your script as you go!
[bookmark: getting-to-know-the-datafile-structure]Getting to know the datafile structure
The first requirement for calculating a trait-based functional diversity index is a dataset on species abundance. Underwater visual surveys on coral reef fish assemblages at different sites have been conducted by SCUBA divers, and provided to you. In this exercise, you will get to know these data.
Make sure the datafile is loaded into the R environment:
dat <- read.csv("LI_fish_abundance_pre_post_bleaching.csv")
Look at the size of your dataset using dim(dat). To understand the two numbers that R returned – you can use the help function on the dim function (!) by typing help(dim). Note that you can apply the help function to any other function in R to learn more about it.
dim(dat)
help(dim)
 
[bookmark: X1f7fc2b850599f0a4637f9aa1902d2289386323]Q1. What are the dimensions of the dataset in rows and columns?
__ rows
__ columns   
Familiarize yourself with the dataset by looking at the names of the columns and what they contain. You can see column names by typing names(dat) and view the first few rows of data by typing head(dat).
names(dat)
head(dat)
The default setting for the head function is to return the first six rows of the dataframe, but if you wish to see more or less, just include the number after the name of the R object you are passing to the function, like this:
head(dat, 12)
The first four columns of the dataset contain information on the fish survey: Habitat, Site, Replicate and Bleaching. The remaining columns are species abundance estimates i.e. how many of each species were seen on each survey.
Another thing that is useful to learn very early on when handling a new dataset is the type of data you are dealing with. Datasets typically contain data of different data modes. You can find out what type of data is in a dataset by using the str() function. Here str stands for structure.
str(dat)
Scroll further up in the R console until you can see the command you just passed to R – this puts you at the start of the R output and it tells you that you have a dataframe of ____ observations of ___ variables – in other words, ___ rows and ___ columns.
We want the first 4 columns of the dataset (Habitat, Site, Replicate, and Bleaching) to be recognised as factors, so that R knows that each different value should be treated as a level of a grouping variable, rather than simply text (e.g. character ‘chr’) or a number (e.g. integer ‘int’). The Replicate column will likely show as an integer type ‘int’ which is numeric data; we want this to be treated as a factor. The Habitat, Site, and Bleaching columns may show as type character ‘chr’ or as type factor ‘fct’, depending on the default settings in your R setup.
The Replicate column needs converting to a factor, and if your Habitat, Site and Bleaching columns are showing as character ‘chr’ types then you also need to convert these to factors using the below code:
dat$Habitat<-as.factor(dat$Habitat)
dat$Site<-as.factor(dat$Site)
dat$Replicate<-as.factor(dat$Replicate)
dat$Bleaching<-as.factor(dat$Bleaching)
For columns that contain factors (i.e. the first 4), you can find out the factor levels of a column by using the levels function. Type: levels(dat$Bleaching). This tells you that you have two factor levels within the column named Bleaching – Pre and Post bleaching – i.e. fish surveys were done before and after the bleaching event.
The expression dat$Bleaching refers to the Bleaching component in the R object named dat (in this case a column called Bleaching in a dataframe called dat). You can use this dollar sign to access any column in a dataframe.
  
[bookmark: Xaa0308feb39ea1aa0f057c372c8b09974a298cf]Q2 What are the different factor levels in the habitat column?
Use the levels() function shown above to find out what habitat types are contained in the Habitat column. Then, using the details presented in Richardson et al. (2018), describe each habitat factor level in the data frame and using the results in the paper report how coral cover changed pre (2015) and post (2016) the thermal stress. Richardson et al. (2018) can be accessed free of charge and without subscription here: https://doi.org/10.25903/5b57c26b0beb7 (see Chapter 4).



(HINT: read the benthic composition section in the results of Richardson et al. 2018. Increased temperature can lead to coral bleaching. Which of these habitats might be more and less impacted by bleaching? How then do you expect these habitats to differ pre and post bleaching?)
[bookmark: X138733d8bd6ee3e1c55c547cbf5994fd87781b3]Getting to know the dataset sampling design
To report on these data you need to understand the sampling design as well as the sampling method used to survey fish.
[bookmark: X512ac8e6038b5d43e1f0bfb287b88765d3ddc1b]Q3a What was the sampling method used to collect these data?
Using the details presented in Richardson et al. 2018, describe in your own words how the fish survey transects were carried out. Consider drawing a diagram to visually display this - You can use this text and diagram later for your poster content.






You can now type table(dat$Site, dat$Habitat, dat$Bleaching) to count the number of replicate transects there are for each site (A, B, C) and habitat pre and post bleaching.
The table() function is a useful one for getting to know a dataset, as it will build a contingency table, counting each combination of factor levels. In this case, the number of sites surveyed per habitat and bleaching combination.
[bookmark: X256dcad379491294067cc4f9aa52b13a9f602f3]Q3b How many replicate fish surveys were done at each site and how many sites are surveyed per habitat type?




This means you are dealing with replicate samples per habitat type pre and post bleaching. You will later use these samples to calculate mean and standard error estimates per habitat type and you can compare these estimates pre and post bleaching.
[bookmark: exploring-the-fish-data]Exploring the fish data
By now you should be getting a good sense of how many fish surveys were done, but what about the actual fish counts? Type head(dat) in your script again and run this. All of the columns beyond column 4, Bleaching, are the counts of fish, with each column header being the species name. To understand the range of counts use type:
summary(dat)
This is a handy function, as when it is applied to integers, it returns summary metrics for those numbers, i.e. the minimum, maximum, median and mean. For example – the mean estimate of the first fish column, a species named Abudefduf bengalensis is 0.76 and the maximum count observed is 17.
[bookmark: X598a14dcb913466ea9a71772098fdce89a3f264]Q4 Which species has the highest maximum count and what is it?




Eyeballing data like this can be error prone, as you can easily miss details, but it is also important that you spend time looking at the data, to get to know it before you formally analyse it. Scanning over the summary output is a good way to explore a new dataset.
For much of this practical, you will only focus on one habitat type. Your instructor will assign you to a habitat.
Based on your habitat assignment, note their mean counts for the following species (A-B). N.B. You only need to inspect the species that relate to your habitat group:
Branching porites A. Pomacentrus moluccensis B. Chrysiptera rollandi
Mixed coral A. Pomacentrus moluccensis B. Cheilodipterus quinquelineatus
Soft coral A. Pomacentrus chrysurus B. Halichoeres nebulosus
Low coral cover A. Archamia zosterophora B. Pomacentrus amboinensis
We will next use the online database FishBase to learn a little bit more about the ecology and function of these individual species.
1. Open a new web browser and go to FishBase
1. In the Genus + species bar type the species name e.g. Pomacentrus moluccensis
1. Scroll down and read the Biology tab, then scroll to the bottom of the page and click the Ecology tab
1. Read the available information about the distribution, habitat and diet Repeat for all the species (A-B) above and fill out this table
 
	Species name
	Habitat
	Diet
	Notes on biology and ecology

	A
	
	
	

	B
	
	
	


  
[bookmark: X7a31b56e6bf65d66031d5ed090b784aeec23ced]Q5 Given what you have learned about the ecology of species A-B write down how you expect each to be impacted by a coral bleaching event and briefly discuss why.
Based on what you have learnt about the habitat, dietary requirements and body size of each species, make a prediction as to whether these fish would increase, stay the same, or decrease in abundance after coral bleaching associated habitat change.





These predictions are hypotheses of how you think these specific species might be impacted by coral bleaching. You can confront the null hypotheses later using a statistical test.
  
[bookmark: summarizing-the-fish-count-data]Summarizing the fish count data
You know from your preliminary exploration of the datafile that there were replicate surveys (samples) taken per habitat type before and after bleaching. You will use these samples to calculate the mean and standard error estimate of species abundance per habitat, to see whether overall there was a change pre and post bleaching.
Because there are so many species, we will continue to focus on the species A-B above, so the first step is to subset the dataframe with these species of interest.
A quick way to subset a dataframe in R is to extract only the data columns you want, using square brackets. To explain how we will do this, consider the dataframe dat.
The code below returns row 1, column 1 of the dataframe called ‘dat’:
dat[1,1]
This next code returns rows 1-4 and column 1:
dat[1:4, 1]
This next code returns rows 1-4 and columns 1-4 of the dataframe:
dat[1:4, 1:4]
So the format is dataframe[rows, columns], if you leave either element before or after the comma blank, then all rows or all columns will be returned e.g. this would return all rows but just columns 1-2: dat[, 1:2]
You can also include columns by name when subsetting. This is the code for if you wanted to take all rows and only the columns named Habitat and Bleaching, and store it in a new dataframe called datasub. The c() function means ‘concatenate’ or ‘join together’ so it is essentially saying take both the Habitat and Bleaching column and put them in the subset.
datsub <- dat[, c("Habitat", "Bleaching")]
Edit the below code to create a subset that includes the columns Habitat, Site, Bleaching and the two columns containing your two species of interest (species A and B) above, stored in a new dataframe called datsub.
datsub <- dat[, c("Habitat", "Site", "Bleaching", "Zebrasoma.velifer", "Chrysiptera.rollandi")]
So far we have only created subsets of the dataframe that take whole columns or rows of data. Another way to subset a dataframe is by using the subset function, where you select only data that meets a certain criteria (e.g., only taking the data from a particular habitat type).
[bookmark: Xe47350d40587f4711b85d56cd196642efae2c6f]Subsetting the data to your habitat of focus
This is the point at which you will start working with your own group allotted subset of data.
For this rest of the practical, you will only focus on your assigned habitat type. Based on this habitat assignment, you should subset the dataset using the code below based on your habitat group.
For example, if you are in the branching_Porites group type. The below code filters out only the rows which contain the factor level branching Porites in the Habitat column and creates a new dataframe called datsub2.
datsub2 <- subset(datsub, Habitat == "Branching_porites")
Check which habitat group you are in and amend the code above to subset it accordingly. It will be one of the following: “Branching_porites”, “Low_coral_cover”, “Mixed_coral”, “Soft_coral.
Now you have only the species and habitat of focus, next we will calculate the mean abundance of these species before and after bleaching. To understand how variable this mean estimate of abundance is, we will also calculate the standard error. As a reminder, the standard error is a measure of the uncertainty around the mean estimate.
Before we calculate the mean and standard error estimates, we are going to reformat the data to make it easier to work with. Currently, there are observations of multiple species per row (wide format), R works best with data in long format i.e. one variable per column and only one unique observation per row. Luckily there is a function in reshape package that makes the reformatting data very easy. The function is called melt.
dadata<-reshape::melt(datsub2)
Now let’s give the dataframe sensible column names. You can look at the current names of the object dadata and then overwrite them by typing:
names(dadata)
names(dadata)<-c("Habitat", "Site", "Bleaching", "Species", "Count")
To calculate the mean and standard error estimates of the abundance of these species in the branching Porites habitat before and after bleaching, we will use the aggregate function.
Aggregate is a useful function to understand, as it allows you to pass a function across multiple columns in a dataframe. In this case the function is mean().
means<-aggregate(dadata$Count ~ dadata$Species + dadata$Bleaching + dadata$Habitat, FUN = mean)
means
R automatically names the columns in the dataframe generated by the aggregate function. Let’s rename them with better names.
names(means)<-c("Species", "Bleaching", "Habitat", "Mean")
Now we want to calculate the standard error of the mean, to understand how variable the mean estimates are. There isn’t a function built into R that does this, but that isn’t a problem, we will just write one ourselves. Run the following code:
standard.error<-function(x){
    sqrt(var(x)/length(x))
}
Now let’s apply the newly created standard.error function in the same manner as you did when calculating the mean above, but use it to create an R object called se.
se<-aggregate(dadata$Count ~ dadata$Species + dadata$Bleaching + dadata$Habitat, FUN = standard.error)
se
We can rename the parts of the se object to something sensible.
names(se)<-c("Species", "Bleaching", "Habitat", "SE")
Let’s stick together the dataframe containing the means, with the one column we want from the object se, the SE column, using the cbind function. Then we will rename them.
mean_se<-cbind(means, se[,"SE"])

names(mean_se)<-c("Species", "Bleaching", "Habitat", "Mean", "SE")



[bookmark: Xa902c1bff436082800eab3d33461d986c6ab0a8]Q6 How do the counts of these species differ before and after bleaching. Do they align with your predictions in Q5?
You should inspect the mean and standard error values you have estimated for the species in your dataset to answer this question (type mean_se and run this to look at the output).
Write a summary sentence that describes how the species abundance of your two species compares pre and post bleaching. Sketch below a bar plot showing the mean and standard errors you have generated for these species before and after bleaching.



Well done!
You have made it to the end of Practical – Part 1. You’ve learnt a lot about working with R by getting to know this dataset, and you’ve learnt a bit about the impact that bleaching had on a few species. There are, however, ~ 200 coral reef fish species in this dataset, and each has its own ecological function on the reef. Next week we will learn how to use functional trait methods to handle all these species at once, to try and understand how the community is affected as a whole. We will also start generating summary plots, to turn your sketch above into a beautiful plot.
For next week you should do 3 things:
· Read the following papers to i) consider the benefits of thinking about diversity in terms of ecosystem function as compared to diversity from a species richness perspective ii) find out what impacts humans can have on the functional diversity of coral reef fish assemblages and ii) understand the concept of how the trait space is produced.
D’Agata, S. et al. 2014. Human-mediated loss of phylogenetic and functional diversity in coral reef fishes. Current Biology 24:555-560. https://doi.org/10.1016/j.cub.2014.01.049 (open access).
Mouillot, D., et al. 2013. A functional approach reveals community responses to disturbances. Trends in Ecology & Evolution 28:167-177. (Author copy here: http://villeger.sebastien.free.fr/pdf%20publis/Mouillot%20et%20al%20%282013%29%20TREE.pdf) 
· Next week we will handle the outputs of a multivariate analysis, a principal coordinates analysis (PCoA). If you want to understand the underlying approach used to create the trait space – watch these two videos to understand these methods:
https://www.youtube.com/watch?v=HMOI_lkzW08&vl=en 
https://www.youtube.com/watch?v=pGAUHhLYp5Q 
· You will each work with your own subset of the data for the rest of the practical. This means some of you will work with different habitat types. You saw today how you can select species of interest from your dataset and compare the means and standard errors before and after the warming event. For your own poster, we will assess the functional diversity trends, but we would like you to investigate the trends in at least two specific species. We recommend you select a couple based on your reading and exploration of the habitat specific dataset you have been allocated. Before next practical, look into and decide which species you will focus on.



[bookmark: X30c9ab3d17458f0004cf8ce23310c4fa14c5c8b][bookmark: _Hlk168567368]Part 2: Building the multi-trait space to measure trait-based diversity
Estimated time: 120 minutes
In Part 1, you made predictions and estimated how the abundance of two fish species varied before and after the bleaching event. You should by now have looked at your habitat specific dataset and chosen two species whose trends (pre and post bleaching) you will report on in your poster.
Each species plays their own unique role in terms of ecosystem function, and traits can be used as proxies for the functional role species play in the ecosystem. For example, diet can influence energy flow and provide information on ecosystem processes like herbivory, while body size can provide information on movement, home range and energetic needs of an individual. Because we are interested in the community as a whole, we are going to move from thinking about species individually and start thinking about the trait-based diversity of the community. There are three steps to doing this:
1. ‘Functionally’ describe your species (assign traits)
2. Measure how different species are from each other in relation to these traits
3. Visualize the functional trait space using multivariate statistics
Today we will look at the functional traits of the fish species surveyed at Lizard Island. We will look at a variety of different traits to understand how collectively the whole fish community is organized.
Last week, you researched the biology and ecology of two species on FishBase, but now we need functional descriptions for all fishes in the dataset. We will use an already collated species-specific trait dataset (Richardson et al. 2018), collated from FishBase and existing published literature.
Because we already have the functional trait descriptions, Step 1 is done, we will jump straight to Step 2 and measure how different these species are with regard to traits. We will then reduce down these multiple traits differences using multivariate statistics into a single dimension, and use this to calculate trait-based diversity(functional richness). We will walk through what this data reduction actually means step by step.
[bookmark: estimated-time-120-minutes][bookmark: X230214d0a9e413c17cac623808b6c4636b1f3c2]Measuring functional trait dissimilarity between species and creating the distance matrix
Background on R data structures
Everything in your R environment is an object. R can store data in a variety of different data structure object types. A matrix is one of them. Technically, a matrix is actually a vector, a vector being another R data structure type. Vectors are described as the little engines of R – they do all the work. Much like zooxanthellae in coral – one wouldn’t exist without the other. The thing to know about vectors is that they must contain data of the same data type e.g. numeric data or character data. This is in contrast to a dataframe which can store different data types.
A matrix then is a rectangular array of numbers, but they are stored with two extra bits of information, the number of rows and the number of columns. This means that while a matrix and a dataframe can look the same – they will behave differently.
We will create a dataframe in R later – but for future programming in R, it can be good to know that a matrix behaves differently to a dataframe, which is why sometimes we get unexpected results or errors if you treat a matrix the same as a dataframe. You can easily find out what type of object you are using in R with the class function e.g. class(name of r object).
If you want to learn more about the different data types and structure types in R there is an excellent online tutorial by [Data Carpentry] (https://swcarpentry.github.io/r-novice-inflammation/13-supp-data-structures.html).
[bookmark: background-on-r-data-structures]Calculating dissimilarity scores
Consider the following data table for a fish community of four species (A-D) and two traits (Size and Diet). Species A and B are exactly the same for Size and Diet (they are similar, not dissimilar), while species C is the same for size but differs on Diet and so on.
	Species
	Size
	Diet

	A
	1
	Herbivore

	B
	1
	Herbivore

	C
	1
	Piscivore

	D
	2
	Piscivore


Using this information, you can calculate a pairwise dissimilarity score by assigning a 0 when species match on a trait and 1 when they differ.
The average dissimilarity score for each species pairwise comparison is then calculated, by summing the scores and dividing by the number of traits considered.
[image: The dissimilarity score for Species A and B]
The dissimilarity score for Species A and B


[image: The dissimilarity score for Species A and C]
The dissimilarity score for Species A and C


[bookmark: calculating-dissimilarity-scores][bookmark: X4e5f850d74f28a6047fdf46da50e5c38f23aa62]Q1 Based on the trait table above, fill out the following table, calculating the average dissimilarity scores for each species pair combination.
	
	A
	B
	C
	D

	A
	x
	
	
	

	B
	
	x
	
	

	C
	
	
	x
	

	D
	
	
	
	x


The closer the species pairwise score is to 0 the more similar the species are, with 0 being an exact match, and 1 being the most dissimilar they can be for the traits considered.
Next, we will see how a matrix of dissimilarity scores can be calculated in R.
Getting ready to get started
Download the datafiles for Part 2, then get ready to work in RStudio.
You will now put what was covered in the preparation document and during Day 1 into practice (refer to those docs if you are unsure) to get ready to analyze the data. Do the following:
· Open a new script and call it Day_2_code.R
· Based on what you learned last week, type the code into your new R script to load the following libraries (vegan, ade4, cluster, ggplot2, mFD) using the library() function then pass it to the R console.
· library(vegan)
· ## Loading required package: permute
· ## Loading required package: lattice
· ## This is vegan 2.6-4
· library(ade4)
library(ggplot2)
library(mFD)
 
Creating the trait dissimilarity scores
To make sure you understand what is going on, we will first create a trait matrix using a dummy dataset. Type the following lines into your R script and pass to the R console.
· tinytraits <- read.csv("tiny_trait_matrix.csv", row.names = 1)
## you may get a warning message – that is ok
We need to understand what types of trait data we are using and tell R. This can be done directly in R or by loading a .csv file with the information needed. Here, we have made a dataframe categorizing our traits called tr_cat_1.csv. It can either be constructed directly through R or you can load a .csv file as we will do here. The first column in the dataframe lists the trait names and the second column categorizes what type of trait they are. The categories can include:
· N: nominal trait (factor variable)
· O: ordinal traits (ordered variable which is a specific factor with ordered levels. For example, ‘size’ as its levels are made up of the categories “1”, “2”, “3”, “4”, “5”, “6” and “7” which are ordered, i.e., level “1” is smaller than level “2” which is smaller that level “3” etc.)
· C: circular traits (integer values, like months within a year)
· Q: quantitative traits (numeric values, such as the amount of sugar in a fruit)
· F: fuzzy traits (described with several values defined in several columns in the tr_cat_1 data frame. For example, there can be multiple uses of fruits (i.e., pastry, jam, eaten raw): in this example each column would represent a type of “use” and values in each column would refer to the percentage for which the fruit is used for this specific purpose)
In this tr_cat_1.csv example, we only have ordinal (size) and nominal (diet) traits. Load the tr_cat_1.csv dataframe by typing the following lines into your R script and passing to the R console:

· tr_cat <- read.csv("tr_cat_1.csv")
tr_cat
· ##   trait_name trait_type
## 1       Size          O
## 2       Diet          N

In this next chunk of code we will generate a pairwise dissimilarity matrix of Gower distances using the funct.dist function in the mFD package. This matrix gathers distances between species based on their trait’s similarity and difference. You don’t need to worry too much about the details in this code for now - it is essentially doing the process that you just did by hand above.

· # Tell R that traits are factors, and their order if needed:
tinytraits[, "Diet"] <- as.factor(tinytraits[ , "Diet"])
tinytraits[, "Size"] <- factor(tinytraits[, "Size"], levels = c("1", "2"), ordered = TRUE)

# Compute functional dissimilarities:
traitdis <- mFD::funct.dist(
  sp_tr         = tinytraits,   
  tr_cat        = tr_cat,       
  metric        = "gower",      
  stop_if_NA    = TRUE)

## You may get a warning message – that is ok


## Put the dissimilarity matrix (distance object called ‘traitdis’) into a dataframe to make it easier to look at:

mFD::dist.to.df(list(traitdis = traitdis))
· ## Registered S3 method overwritten by 'dendextend':
##   method     from 
##   rev.hclust vegan
· ##   x1 x2 traitdis
## 1  A  B      0.0
## 2  A  C      0.5
## 3  A  D      1.0
## 4  B  C      0.5
## 5  B  D      1.0
## 6  C  D      0.5

We can see that the trait-based dissimilarity distance between species A and species B is equal to 0 as they are the same, i.e. they both have the same combination of traits: Size = 1 and Diet = Herbivore. Conversely, the trait-based dissimilarity distance between species A and species D is equal to one as they are completely different, i.e. they differ across the two traits: species A is Size = 1 and Diet = Herbivore whereas species D is Size = 2 and Diet = Piscivore.
This was a simple example with only two traits and four species to show you how the process of creating a dissimilarity matrix works. Now we will create a trait dissimilarity matrix for the Lizard Island fish species. We will start by reading in the dataset of species traits. This dataframe is called ‘traits’ and is saved as a .csv file (‘traits.csv’).
· traits <- read.csv("traits.csv", row.names = 1)
Using the functions (head, dim, levels, summary) you learnt in Part 1 – get to know the traits dataframe that you have just loaded in.

[bookmark: creating-the-trait-dissimilarity-scores][bookmark: Xc2579d3563b20400c8d8c8b382e1e02309f59d0]Q2 What different trait types are there, and what are the levels within each?
Inspect the trait data. Do you understand what each trait column refers to? Do you understand each of the values a trait can take? You will have to read the Methods section of Richardson et al. (2018) and take a look at the supplemental materials to find out. These can be accessed free of charge and without subscription here: https://doi.org/10.25903/5b57c26b0beb7 (see Chapter 4).
We want to make sure that R is treating each of our trait columns as factors. Depending on your R default settings, the trait columns (Diet, Activity, Size, Mobility, Schooling, Position) may have been imported as ‘character’ data. We will use the below code to make sure R is treating each of the trait columns as factors, and that it knows which are ‘ordinal’ categories. Note in the code below for Size, Mobility, Schooling, and Position the factor levels are listed in the code and then ‘ordered = TRUE’ tells R that it should treat these as the category orders (e.g. there is an inherent order from Benthic, to Bentho-Pelagic, to Pelagic).
· # Tell R which traits are factors and ordered factors as needed:
traits[, "Diet"] <- as.factor(traits[ , "Diet"])

traits[, "Activity"] <- as.factor(traits[ , "Activity"])

traits[, "Size"] <- factor(traits[, "Size"], levels = c("1", "2", "3", "4", "5", "6", "7"), ordered = TRUE)

traits[, "Mobility"] <- factor(traits[, "Mobility"], levels = c("Sedentary", "Mobile within reef", "Mobile across reefs"), ordered = TRUE)

traits[, "Schooling"] <- factor(traits[, "Schooling"], levels = c("Solitary", "Pairing", "SmallG", "MedG", "LargeG"), ordered = TRUE)

traits[, "Position"] <- factor(traits[, "Position"], levels = c("Benthic", "Bentho-Pelagic", "Pelagic"), ordered = TRUE)
Using this code above, and the functions you learnt in Part 1 (e.g str(traits), levels(traits$Diet etc.), make sure you know what each trait column refers to and what categories are within each trait.
Discuss this trait data with your peers and ask the demonstrators before moving on. Write down some notes in the table below, as they will come in useful later when interpreting the trait space.
	Trait
	Meaning
	Factor levels
	Notes of definitions

	Size
	
	
	

	Diet
	
	
	

	Mobility
	
	
	

	Activity
	Time when active
	Both, diurnal, nocturnal
	Diurnal: during the day, nocturnal: during the night

	Schooling
	
	
	

	Position
	
	
	



Transcribe the trait data for the species listed in the table below. We have deliberately selected a few species that use the reef in a very different way. Think about the different role these fishes play on the reef and how they may be affected by habitat change caused by bleaching.
You should also look at the trait information for the two species you have selected to focus on in your poster.
	Species
	Size
	Diet
	Mobility
	Activity
	Schooling
	Position

	Lutjanus bohar
	
	
	
	
	
	

	Chaetodon kleinii
	
	
	
	
	
	

	Species a
	
	
	
	
	
	

	Species b
	
	
	
	
	
	



The next step is to calculate the pairwise dissimilarity scores for the fish species at Lizard Island – for all of the traits considered for all the species surveyed. The steps are exactly the same as you did above by hand, but we will get R to do it, as it would take us a very long time to process so much data by hand (and would be prone to human error!)
Load the tr_cat_2.csv dataframe which contains the trait categories. We will then use the same code as before but apply it to the full trait dataframe called traits.

· # Load the traits category dataframe:
tr_cat <- read.csv("tr_cat_2.csv")

# Compute the dissimilarity scores:
traitdis <- mFD::funct.dist(
  sp_tr         = traits,
  tr_cat        = tr_cat,
  metric        = "gower",
  stop_if_NA    = FALSE)

# Display the dissimilarity matrix as a dataframe (easier to read):
traitdis_df <- mFD::dist.to.df(list(trait_dis = traitdis))
head(traitdis_df)
· ##                      x1                          x2 trait_dis
## 1 Abudefduf.bengalensis      Abudefduf.sexfasciatus 0.0000000
## 2 Abudefduf.bengalensis          Abudefduf.whitleyi 0.0000000
## 3 Abudefduf.bengalensis Acanthochromis.polyacanthus 0.0000000
## 4 Abudefduf.bengalensis          Acanthurus.blochii 0.3833333
## 5 Abudefduf.bengalensis       Acanthurus.dussumieri 0.4333333
## 6 Abudefduf.bengalensis     Acanthurus.grammoptilus 0.3833333

This has created a large R object called traitdis. That this is large is unsurprising, because you have run pairwise comparisons for 189 species!
The formula to calculate the total number of pairwise combinations is: n(n-1)/2
N.B. The warning message we get here says that some trait-based distances between species pairs are equal to 0 (that is to say, that at least two species have the exact same combination of traits). If this relates to only a few species pairs (as in our case), it is ok to continue as planned without gathering species into Functional Entities as the warning suggests.

[bookmark: X2ebc57eb60f4f6270abfa17da0bb917fb6cab36]Q3 How many pairwise combinations do you have with this dataset?
Here you have n = 189 species. Use the formula and the R console as a calculator to calculate the number of pairwise combinations, and so dissimilarity scores you should have with this species list.
You can check whether your answer is correct by looking at the length of the traitdis object using the length function – it is the same?




In the environment window on the top right you can see the ‘traitdis’ object contains 17766 elements, which is each of these pairwise comparisons. At the start of this session, you calculated some pairwise comparisons by hand, you can see how in reality you would not be calculating these by hand as it would take far too long!
Now we will look at the scores: head(traitdis)
The first three dissimilarity scores are zero – this means the first species in the traits dataframe, Abudefduf bengalensis, is an exact match for all 6 traits compared to the first three species in the traits dataframe (Abudefduf sexfasciatus, Abudefduf whitleyi, and Acanthochromis polyacanthus).
Double check this is the case by looking at first few rows of the traits dataframe head(traits).


[bookmark: getting-ready-to-get-started][bookmark: X23afda0c618635fe17670749a0955ae8c7a93ef]Visualising the species dissimilarity matrix
A principal coordinates analysis (PCoA) is a method to visualize dissimilarities in multidimensional data. You have already generated the dissimilarity matrix (pair by pair comparisons), the next step is to visualize the structure of this distance data. Distance being how close together or far apart the species are in multi-dimensional trait space. It is complex data because we have more than 2 traits and every combination of pairs of species.
Understanding the PCoA analysis
The advantage of multivariate methods is that it allows us to visualize individual or group differences, considering multiple factors at once.
NOTE: for more background on these multivariate methods – in your own time watch the videos listed at the end of the Part 1 practical handout and revisit the introductory lecture.
The function to run a principal coordinates analysis is dudi.pco. Below we have provided the code that will run a PCoA and return the visualization of the trait space.
The aim here is for you to inspect the output and learn how to interpret these multivariate type plots, you don’t have to understand the underlying nuts and bolts and code, but you can use the code comments to know what is happening in each step if you wish.
We will now visualize the species dissimilarity scores for each species pair combination using the trait distance matrix.
The first step is to perform the PCoA on the dissimilarity matrix. This step calculates the axes (eigenvectors and eigenvalues). When you run the below code, R then asks how many synthetic axes you want to reduce all these data down to. We will use 4 based on recommendation in Maire et al. 2015: https://doi.org/10.1111/geb.12299).
Run the below code, then type the number 4 into the console under where it says “Select the number of axes:” and hit return.
· trait_pco_corr <- ade4::dudi.pco(traitdis, tol = 1e-07)


One of the PCoA outputs is the set of coordinates for the 4 synthetic axes. We take these coordinates and use them to create the plot to visualize where each species lies in the trait space.
· coordinates <- as.data.frame(trait_pco_corr$li)
summary(coordinates)
str(coordinates)
Next, we will plot the PCoA coordinates on the first two axes to visualise the trait space with the traits positioned as vectors.
· ## the envfit function can fit factors onto more than 2 axes in multidimensional space, but we will just plot the first two axes to take a quick look since most of the variation among traits will be described by axis 1 and 2:
pc2d <- coordinates[,1:2]
vectors <- vegan::envfit(pc2d, traits, perm=1000, na.rm=TRUE)

This next bit of code to make the plot must be run all at the same time, not line by line, for the addition of the vectors labels to be added. Select all of the code together, and press Ctrl + Enter to run it.
· {plot(x=coordinates[,1], 
     y=coordinates[,2], 
     xlab="PCoA1", 
     ylab="PCoA2", xlim=c(-0.5, 0.4), ylim=c(-0.4, 0.6), pch=20)
    plot(vectors, p.max=0.05, cex=0.7)}
Ok! This is functional trait space – reduced down to 4 axes.


[bookmark: Xc022854066cb4d42faed6a31b8a13e738e0862e]Computing functional space using PCoA and assessing it’s quality
To build functional space (using PCoA) which the functional indices will be calculated from, you can also use the mFD package. For this tutorial, we have walked you through what PCoA is and how to make one using this reef fish trait data. But we can also use the mFD package which allows us to quickly build and plot functional space based on PCoA analysis.
The first step is to build multiple different functional spaces, each with a different number of synthetic axes, and then chose the one with the best “quality” i.e. the one with the lowest deviation between trait-based distances and distances in the functional space. This step is done using the quality.fspaces function of mFD as follows:

· # Compute functional spaces:
fspaces_quality <- mFD::quality.fspaces(
  sp_dist             = traitdis,
  maxdim_pcoa         = 10,
  deviation_weighting = "absolute",
  fdist_scaling       = FALSE,
  fdendro             = NULL)

# Look at their quality
round(fspaces_quality$"quality_fspaces", 3)
· ##            mad
## pcoa_1d  0.187
## pcoa_2d  0.106
## pcoa_3d  0.065
## pcoa_4d  0.050
## pcoa_5d  0.046
## pcoa_6d  0.046
## pcoa_7d  0.050
## pcoa_8d  0.056
## pcoa_9d  0.062
## pcoa_10d 0.068

Here, we computed up to ten functional synthetic axes (‘maxdim_pcoa’ argument) and then asked R to build ten functional spaces using between the range of up to ten synthetic axes. Based on the mean absolute deviation index (“mad”) (‘deviation_weighting’ argument) which describes absolute differences between distances based on the dissimilarity matrix and the distance in the functional space, we can see that the 5D functional space is the best (same mad as 6D functional space so we chose the functional space with the lowest number of synthetic axis between the two). As the “mad” index reflects the absolute difference between distances between species pairs based on the dissimilarity matrix (based on traits values) and distances between species pairs in the functional space built through a PCoA, the smaller the “mad”, the smaller the deviation between the two distance types. Therefore, the more the functional space distances accurately reflect trait-based distances. So, from now on the rest of the tutorial will use the first five synthetic axes. Use the chunk of code above and run this analysis yourself.
We then retrieve the coordinates of each species along the five synthetic axes:

· coordinates_mFD <- fspaces_quality$"details_fspaces"$"sp_pc_coord"
The next step is to inspect the trait space to look for trends in traits along the PCoA ‘functional’ axes. Before you do that – it might help to look at this more intuitive example.
[image: A two dimensional plot showing the tastiness and ease of eating of different fruits. Source: XKCD.com]
A two dimensional plot showing the tastiness and ease of eating of different fruits. Source: XKCD.com
Here, you have a plot summarizing information about fruit. You can see that each fruit has been positioned on two axes (taste and ease of eating) – and they indicate where they fall in relation to those axes. Moving from right to left, fruit go from easy to difficult to eat, and moving up down from tasty to untasty. Some fruit are tasty and easy to eat (peach, grapes), some are untasty and difficult (grapefruit), while some middle on both (banana, watermelon). Fruits that are close together are more similar e.g. blueberries, strawberries and grapes are all really easy to eat and pretty tasty.
Using the traits.faxes.cor function helps you to test for correlations between traits and functional axes to look for trends in how the different traits of all species group along the different axes. You can use it as follows:

· # Compute correlations:
tr_faxes <- mFD::traits.faxes.cor(
  sp_tr          = traits, 
  sp_faxes_coord = coordinates_mFD[ , c("PC1", "PC2", "PC3", "PC4", "PC5")], 
  plot           = TRUE,
  stop_if_NA     = FALSE)

# Find those traits that have a statistically significant effect (p-value < 0.05) on their position along each of the axes:
tr_faxes$"tr_faxes_stat"[which(tr_faxes$"tr_faxes_stat"$"p.value" < 0.05), ]
· ##        trait axis           test stat value p.value
## 1       Size  PC1 Kruskal-Wallis eta2 0.331  0.0000
## 2       Size  PC2 Kruskal-Wallis eta2 0.215  0.0000
## 3       Size  PC3 Kruskal-Wallis eta2 0.068  0.0052
## 5       Size  PC5 Kruskal-Wallis eta2 0.146  0.0000
## 6       Diet  PC1 Kruskal-Wallis eta2 0.525  0.0000
## 7       Diet  PC2 Kruskal-Wallis eta2 0.440  0.0000
## 8       Diet  PC3 Kruskal-Wallis eta2 0.462  0.0000
## 9       Diet  PC4 Kruskal-Wallis eta2 0.760  0.0000
## 10      Diet  PC5 Kruskal-Wallis eta2 0.853  0.0000
## 11  Mobility  PC1 Kruskal-Wallis eta2 0.512  0.0000
## 12  Mobility  PC2 Kruskal-Wallis eta2 0.421  0.0000
## 13  Mobility  PC3 Kruskal-Wallis eta2 0.372  0.0000
## 14  Mobility  PC4 Kruskal-Wallis eta2 0.204  0.0000
## 16  Activity  PC1 Kruskal-Wallis eta2 0.083  0.0002
## 17  Activity  PC2 Kruskal-Wallis eta2 0.386  0.0000
## 18  Activity  PC3 Kruskal-Wallis eta2 0.175  0.0000
## 19  Activity  PC4 Kruskal-Wallis eta2 0.072  0.0004
## 21 Schooling  PC1 Kruskal-Wallis eta2 0.552  0.0000
## 22 Schooling  PC2 Kruskal-Wallis eta2 0.177  0.0000
## 23 Schooling  PC3 Kruskal-Wallis eta2 0.162  0.0000
## 27  Position  PC2 Kruskal-Wallis eta2 0.048  0.0016
## 28  Position  PC3 Kruskal-Wallis eta2 0.052  0.0011
## 29  Position  PC4 Kruskal-Wallis eta2 0.048  0.0016
· # Plot correlations:
tr_faxes$"tr_faxes_plot"
[image: A screenshot of a graph

Description automatically generated]

Inspect that plot and look for general trends within the trait space. The traits with a significant effect on their position on the axes are coloured in blue (non-significant effect traits are in grey). For example, on the right of the first synthetic axis (PC1) are ‘Solitary’ species whereas on the left of PC1 axis are ‘Large Group’ schooling species.
Lastly, plot the functional space as follows with each subplot being a different combination of the 5 synthetic axes. Run the following command to plot the functional space i.e. the position of species along the first five synthetic axes:

· functional_space <- mFD::funct.space.plot(
  sp_faxes_coord  = coordinates_mFD[ , c("PC1", "PC2", "PC3", "PC4", "PC5")],
  faxes           = NULL,
  name_file       = NULL,
  faxes_nm        = NULL,
  range_faxes     = c(NA, NA),
  color_bg        = "grey95",
  color_pool      = "darkgreen",
  fill_pool       = "white",
  shape_pool      = 21,
  size_pool       = 1,
  plot_ch         = TRUE,
  color_ch        = "black",
  fill_ch         = "white",
  alpha_ch        = 0.5,
  plot_vertices   = FALSE,
  color_vert      = "blueviolet",
  fill_vert       = "blueviolet",
  shape_vert      = 23,
  size_vert       = 1,
  plot_sp_nm      = NULL,
  nm_size         = 3,
  nm_color        = "black",
  nm_fontface     = "plain",
  check_input     = TRUE)

# Plot the graph   with all pairs of axes:
functional_space$patchwork
[image: A screenshot of a graph
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[bookmark: X79d61a4471ea1fa932ff70edf4bdaa472983d87]Q4 Write a short (3-4 sentence) summary to describe how the fish species have clustered in this trait space, i.e. how do some of these fish traits vary across the trait space?
TIP: for ideas on how you can do this, see the Richardson et al. (2018) paper, section 3.2 ‘Fish assemblage structure’ for an example of how they described their trait space (note: theirs included other habitats and fish species so will be different to yours). This can be accessed free of charge and without subscription here: https://doi.org/10.25903/5b57c26b0beb7 (Chapter 4).




You will now export a plot of your trait space as you can use it in your poster. You can export this mFD version of trait space (and chose one set of plotted axes to illustrate). However, at the time of writing this, the mFD package didn’t yet allow us to overlay the trait vectors as we did with the plot made with ade4 (dudi.pco) and vegan(envfit). So you can alternatively export the plot you created in L319-353. You can use the options in the bottom right window under the Plots tab to Export your image. We recommend you export it as a pdf.
If you use the earlier version of the trait space for your poster, you can use either the plot with the trait vectors overlaid (blue text), or you can replot and not include the trait vectors, so that you can annotate yourself. You can do this by rerunning the plot code to recreate the plot, but dropping the plot(vectors…) line. As we saw in the lecture, there are several methods to annotate these multivariate plots in a way that graphically illustrates the key message you want to communicate about the trait space. For your poster, if you wish you can come up with your own way of visualizing the summary sentences you drafted above. To do this, export the trait visualization plot without the trait vectors overlaid (no blue text) and then edit and add visuals to it using a program like PowerPoint, or some other figure editing/creating tool.

[bookmark: X5c482f71e10b9d5634b63b7da8729cb51892c06]Estimating and summarizing functional richness
NOTE: for more information on estimating functional richness read Mouillot et al. (2013) in your own time (for details see Tasks at the end of Part 1 practical handout).
Mouillot et al. (2013) recommended several ways to assess change in functional structure of ecological communities after disturbance, using the two-dimensional functional space we have just created from the PCoA. We will use the estimate of functional richness, which is the size of the convex hull that includes all species in the community. Fishes are plotted on the synthetic axes (PCoA1 and PCoA2) from the PCoA and the size of the functional trait space is used to estimate functional richness – the larger the area the more functionally rich the community is.

[image: The convex hull is the smallest polygon that contains all the points.]
The convex hull is the smallest polygon that contains all the points.

A change in the size of the convex hull before and after disturbance can indicate whether the functional richness of the community has changed.
[image: Functional richness is measured by the functional space filled by species in the community (the convex hull).Source: Mouillot et al. 2013]
Functional richness is measured by the functional space filled by species in the community (the convex hull). Source: Mouillot et al. 2013

Changes in the fish assemblage (i.e. the loss of habitat specialists, like corallivores) can alter functional richness. In this example, functional richness is less after the disturbance (red) as compared to before (blue). Taken from Mouillot et al. (2013).
You can compute the functional richness estimates before and after disturbance for your habitat type using the alpha.fd.multidim function. The code below is quite long and complex, you do not need to understand all of the code here, but to summarise what it is doing:
· It takes the fish abundance data set we have been using, and subsets out the branching Porites (if you are working with a different habitat type, e.g. Low_coral_cover, Mixed_coral, Soft_coral, you would need to edit this code to subset and name the columns accordingly).
· It converts this to a table showing the mean abundance of each species pre- and post-bleaching (the asb_sp object).
· It computes the functional richness index using the alpha.fd.multidim function.

· # This code creates a matrix summarizing the reef fish species belonging to an assemblage of fishes that are observed in a specific habitat, here showing one habitat type (Branching porites) for the two survey periods (pre- and post-bleaching event):

# Read in the data:
dat <- read.csv("LI_fish_abundance_pre_post_bleaching.csv")

# Edit this code if you are working with a different habitat type:
data <- subset(dat, Habitat == "Branching_porites")
asb_sp <- as.data.frame(matrix(nrow = 2, ncol = ncol(data) - 4))
colnames(asb_sp) <- colnames(data[, -c(1:4)])

# Edit this code if you are working with a different habitat type:
rownames(asb_sp) <- c("Branching Porites PreB", "Branching Porites PostB")

for (i in (1:ncol(asb_sp))) {
    
  sp_nm <- colnames(asb_sp)[i] # take first col name (i.e. first species)
  asb_sp[1, sp_nm] <- mean(data[which(data$Bleaching == "Pre"), sp_nm]) # add the pre-bleaching 'PreB' mean species abundance value
  asb_sp[2, sp_nm] <- mean(data[which(data$Bleaching == "Post"), sp_nm]) # add the post-bleaching 'PostB' mean species abundance value
  }

# Compute FRic index:
alpha_fd_indices <- mFD::alpha.fd.multidim(
  sp_faxes_coord   = coordinates_mFD[ , c("PC1", "PC2", "PC3", "PC4", "PC5")],
  asb_sp_w         = as.matrix(asb_sp),
  ind_vect         = c("fric"))

# Display results: 
alpha_fd_indices$"functional_diversity_indices"
· ##                         sp_richn      fric
## Branching Porites PreB       100 0.3738774
## Branching Porites PostB      100 0.4269412

NB. As functional richness is the proportion of functional space filled by a species assemblage, it takes into account the positions of the species in that space with the most extreme trait values (positioned at the lower or upper ends of the PCoA axes of trait space). Thus, the functional richness values can be either computed with abundance data (as we have here) or with only presence/absence data. Here, we have computed the functional richness of fish assemblages in Branching porites habitats before (pre) and after (post) the coral bleaching event, relative to the whole species pool observed across all habitats and all survey periods. This is why we get a warning message that some species are absent when we run code in line 491.
[bookmark: Xb0a6652cea99553bb5d78fa08c962613a6ef5fa]Plotting a summary of the trait space metrics before and after bleaching
We will use the mFD package which uses the ggplot2 library to visualize the estimates of functional richness. Load in your habitat specific data-set on functional richness. Within this dataframe, there is also an estimate of species richness (the number of species) and total fish abundance. You will now create graphs of both to compare how they change following disturbance.
What is ggplot2?
You can create graphs in R using base R functions, or by using the ggplot2 package. Packages in R can be thought of as applications on your phone. When you get a new phone, it is loaded with some standard applications, but not all of the applications that exist. You chose which applications you want to install. It’s the same with R, when R is installed, it comes with some base packages that contain functions. Of the hundreds of additional packages available, you chose which you want to work with. ggplot2 is a powerful data visualization package that is well worth getting to know as it can be used to create beautiful, professional looking plots.
For more information on ggplot2 you can download a ggplot2 cheat sheet:
https://github.com/rstudio/cheatsheets/blob/master/data-visualization-2.1.pdf 

Below is a chunk of code to plot the functional richness estimates before and after bleaching for all combination of PCoA axis using the dataframe FD_BP. Edit this code to fit your habitat types and pass to R.

· # Build the plot:
p <- mFD::alpha.multidim.plot(
  output_alpha_fd_multidim = alpha_fd_indices,
  plot_asb_nm              = c("Branching Porites PreB", "Branching Porites PostB"),
  ind_nm                   = c("fric"),
  faxes                    = NULL,
  faxes_nm                 = NULL,
  range_faxes              = c(NA, NA),
  color_bg                 = "grey95",
  shape_sp                 = c(pool = 3, asb1 = 21, asb2 = 21),
  size_sp                  = c(pool = 0.7, asb1 = 1, asb2 = 1),
  color_sp                 = c(pool = "grey50", asb1 = "#1F968BFF", asb2 = "#DCE319FF"),
  color_vert               = c(pool = "grey50", asb1 = "#1F968BFF", asb2 = "#DCE319FF"),
  fill_sp                  = c(pool = NA, asb1 = "#1F968BFF", asb2 = "#DCE319FF"),
  fill_vert                = c(pool = NA, asb1 = "#1F968BFF", asb2 = "#DCE319FF"),
  color_ch                 = c(pool = NA, asb1 = "#1F968BFF", asb2 = "#DCE319FF"),
  fill_ch                  = c(pool = "white", asb1 = "#1F968BFF", asb2 = "#DCE319FF"),
  alpha_ch                 = c(pool = 1, asb1 = 0.3, asb2 = 0.3),
  shape_centroid_fdis      = c(asb1 = 22,  asb2 = 24),
  shape_centroid_fdiv      = c(asb1 = 22,  asb2 = 24),
  shape_centroid_fspe      = 23,
  color_centroid_fspe      = "black",
  size_sp_nm               = 3, 
  color_sp_nm              = "black",
  plot_sp_nm               = NULL,
  fontface_sp_nm           = "plain",
  save_file                = FALSE,
  check_input              = TRUE) 

# Display the plot:
p$"fric"$"patchwork"
[image: A screenshot of a graph

Description automatically generated]

There are several ways in which you can edit your plot (https://cmlmagneville.github.io/mFD/reference/alpha.multidim.plot.html) – when you are happy with how it looks, export your figure for use in your poster.
So far, we have calculated functional richness per habitat type. We now need to calculate this index for each individual transect. Again, it is not important to understand all of this code, we will not be asking you to write code like this yourselves, but we have included it here so that you can see the data processing required for this type of analysis. If you read the comments (the lines that start with a hashtag #) this will tell you in plain language what each section of the code is doing - you can just copy and paste these sections of code into your script.
This code is taking the species data and calculating the functional richness FRic index for each transect - copy/paste and then run this whole section of code and you will see these FRic indices:
· # Load in species data
asb_sp <- read.csv("LI_fish_abundance_pre_post_bleaching.csv")

# Create unique ID for each transect to use as a rowname
asb_sp$ID <- paste(asb_sp$Habitat, asb_sp$Site, asb_sp$Replicate, asb_sp$Bleaching, sep="_")
rownames(asb_sp) <- asb_sp$ID

# Computer FRic index
alpha_fd_indices <- mFD::alpha.fd.multidim(
  sp_faxes_coord = coordinates_mFD[ , c("PC1", "PC2", "PC3", "PC4", "PC5")],
  asb_sp_w = as.matrix(asb_sp[,5:193]),
  ind_vect = c("fric"))

# Display the results: 
alpha_fd_indices$"functional_diversity_indices"
   
The next bit of code is adding the total abundance to the table too:
  
· # Calculate the total abundance by taking a sum of the fish species count values in each row
asb_sp$Abun_tot <- rowSums(asb_sp[,5:193])

# Take out just the relevant columns of abundance and transect information (i.e. removing all individual species columns)
asb_sp <- asb_sp[, c("Habitat", "Site", "Replicate", "Bleaching", "Abun_tot")]

# Add the FRic index column to this
asb_sp <- cbind(asb_sp, alpha_fd_indices$"functional_diversity_indices")

# Take a look at the table this has produced
asb_sp
   
This final bit of code is subsetting this out so that you have a dataframe for each habitat type, and writing this as a .csv file that you can use in the next practical (although noting that the subsets will be retained as objects in your R Project environment, so saving here is an extra optional step):
  
· # Subset out each individual habitat type
FD_BP <- subset(asb_sp, Habitat == "Branching_porites")
FD_LC <- subset(asb_sp, Habitat == "Low_coral_cover")
FD_MC <- subset(asb_sp, Habitat == "Mixed_coral")
FD_SC <- subset(asb_sp, Habitat == "Soft_coral")

# Optional: Write each subset of habitat data to a .csv file. In this step, you can practice saving your computed data which you can then use outside of R, or upload back into R for future use. 
write.csv(FD_BP, "FD_BP.csv")
write.csv(FD_LC, "FD_LC.csv")
write.csv(FD_MC, "FD_MC.csv")
write.csv(FD_SC, "FD_SC.csv")


[bookmark: X7db8d65523e606e15a4a1fe2e164b44fad64ecd]Q5 Create boxplot graphs showing the estimates of functional richness, species richness, and total abundance of fishes before and after bleaching, and export these for your poster.



OK - well done! You have created your main results figures for your poster. You have learnt how to visually summarize your data using a boxplot and multi-dimensional functional spaces - allowing you to see and describe trends before and after bleaching in these fish communities. Next week we will learn how to test whether these differences are statistically significant.
Before part 3 you should do 3 things:
· Use ggplot2 to create graphs of the estimates of your chosen two species abundance counts before and after bleaching. Note: you will have to use the data that you subset in part 1 to create the ‘dadata’ dataframe.
· Watch this video on a two-sample t-test: https://www.youtube.com/watch?v=RlhnNbPZC0A 
· Read this 10-minute guidance document on Best Practices for Writing R Code and then revisit your code and tidy it up as per the guidance points
· Think about what will go into your your poster, and start drafting bullet points that you will want to make in Background and Data analysis sections.
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[bookmark: Xa80afdafc11b0e065ad7dfacd54b9c4048cc4a9][bookmark: _Hlk168567483]Part 3: Analysing the trait-based diversity indices and presenting your data
Estimated time: 120 minutes
In Part 2, you ran a PCoA to visualize the functional trait space and ran code to compute the multi-trait-based diversity metrics pre and post bleaching based on species coordinates in the trait space. You also produced summary graphs comparing multi-trait-based diversity (functional richness), species richness, and total abundance before and after bleaching in your habitat of focus.
Today, we will do two things:
1. Test for differences in the fish assemblage metrics before and after bleaching
2. Review what makes for an effective scientific poster
[bookmark: Xdbaa935d87d1633f719e698796356fe4dfafe8c]Testing for differences between paired means
Aim: apply a t-test to test for differences between the fish metrics before and after bleaching.
Note: we will go through one example using the estimates of multi-trait-based diversity but you can amend and apply this code to compare the abundance estimates for your species of focus (Part 1), species richness and total abundance (Part 2) – just make sure the format of your data-file matches the example below.
Which statistical test you use depends on your research question and the type of data you have. Having a clear idea on your question and your data types will make identifying the correct statistical tool much easier.
Here, the question is whether bleaching (a two-level categorical explanatory factor - before or after bleaching) has an effect on a multi-trait-based diversity (a continuous response variable).
Comparing two means — two samples
So in data type terms, we are interested in the effect of a two-level categorical variable on a continuous quantitative response variable. There are three types of t-test, each appropriate for a different situation of comparing two mean estimates. For convenience in R, the single t.test() function be applied to situations in which you may want to use a t-test:
A one sample t-test Use to compare a single sample mean against a hypothesised value for the population mean.  
A two sample t-test Use to compare the means of two groups, and test the null hypothesis that they have the same mean. It comes in two forms: the Student test assumes that the groups have the same standard deviation, the Welch test does not.  
A paired samples t-test Use when you have two measures taken from each individual / group / population, and you want to test the null hypothesis that the two measures have the same mean e.g. weight of fish before and after a diet treatment. It is equivalent to taking the difference between the two measures for each individual / group / population, and then running a one sample t-test on the difference scores.  
Paired data are generally less common (although can be very important) than unpaired data. Paired data can be tested using a paired t test or, if the data are non-parametric, then a Wilcoxon signed ranks test.
[bookmark: comparing-two-means-two-samples][bookmark: Xc0e6e1cc26568178fd132b59e78022721af1dd9]Q1 Given the three scenarios described above in which you can apply a t-test, which one applies to dataset you are working with?
     
     
     
The t-test
In a nutshell: a t-test involves three steps:
1. calculating the difference between two means

2. dividing by the standard error of the difference

3. comparing the statistic with the value of the students t from a distribution table.
Means are said to be significantly different when the calculated value of the t-statistic is larger than a critical test statistic value (which is derived from the t-distribution).
Remember – the research question is whether bleaching affects multi-trait-based diversity. We will apply a t-test to the data, to determine the answer if the means estimates of multi-trait-based diversity are the same pre and post bleaching.
[bookmark: the-t-test][bookmark: X52d1aa770cfc430b91be85aeca7d90259887f31]Q2 Given the research question and the test, write down the null and alternative hypothesis for how multi-trait-based diversity might differ before and after bleaching.



NOTE: we typically don’t report the null hypothesis in our final reports or summaries of our research and you shouldn’t include them in the poster, but the alternative hypothesis and / or a rewording of it that states our prediction of what will happen can be useful to place at the end of the introduction.
For this reason, you should write down your null and alternative hypotheses for how the abundance of your two species of interest may change, and if you plan on presenting it, how total abundance and species richness will change. The alternative hypothesis should be informed by your reading into the ecology of your species (Part 1), and how it specifically might be impacted by the change in habitat bleaching.
Let’s first make sure you have the dataframe of the functional richness estimates loaded into R.
Open the R project that you have been using during these practicals, and start a new script called Day 3. You should find the object you created in Part 2 with all the data for your habitats (i.e., functional richness, fish abundance, species richness etc.) in your R project environment. Alternatively, if you saved the object at the end of Part 2 as a csv file for practice in saving and later loading, you can run one of these following lines of code to load in the dataset. Run the line of code that corresponds to the habitat type you have been assigned to work with: FD_BP = branching Porites, FD_LC = low coral cover, FD_MC = mixed coral, FD _SC = soft coral
FD_BP <- read.csv("FD_BP.csv")
FD_LC <- read.csv("FD_LC.csv")
FD_MC <- read.csv("FD_MC.csv")
FD_SC <- read.csv("FD_SC.csv")
There are three data columns of interest in this dataframe:
Abun_tot = fish abundance (all species) sp_richn = species richness (number of species) fric = estimate of functional richness
[bookmark: Xbefed40e781c7637c93b348412fed8629f28251]Checking test assumptions before testing for differences between the estimates of multi-trait-based diversity
Before using a t-test to assess for differences between the estimates of multi-trait-based diversity and then writing up your results, you need to first check whether the data meets the assumptions of the test. If they don’t, we may have to use the non-parametric equivalent of the t-test.
# Test for equal variances
var.test(data=FD_BP, fric~Bleaching) ## p > 0.05 = equal variances

# Test for normaly distributed data
shapiro.test(with(FD_BP, fric[Bleaching == "Pre"] - fric[Bleaching == "Post"])) ## p > 0.05 = normally distributed
[image: Output from a F-test and Shapiro test run in R.]
Output from a F-test and Shapiro test run in R.

Parametric tests generally require equal variances and normally distributed data. Here we use the Fisher F test and the Shapiro test to test these assumptions of the data, and so determine whether we are ok to proceed with the parametric t-test to compare means, or whether we might have to use the non-parametric equivalent.
Fisher’s F test is also referred to as the F test for equal variances. The F test calculates the ratio of variances of different groups. This ratio is compared to a critical value, which depends on the degrees of freedom (which in turn is dependent on the sample size), and the size of alpha (which is by convention set at 0.05). When the ratio of variances is greater than the critical value, the null hypothesis (H0 = variances are equal) is rejected i.e. the variances are not equal and so you should not proceed with the parametric test.
The function in R that runs Fisher’s F test is var.test(data1,data2) where data1 and data2 are the vectors containing data from the two samples, or in this case Pre bleaching fric versus Post bleaching fric in branching Porities habitat. The F value is the ratio of variances. If the p-value is greater than the cut-off of 0.05, we accept our null hypothesis.
Note: the Fisher’s F test can only be used when comparing the variance of two groups. When testing or comparing two or more groups, you can use the Levene’s test.
In this instance, the null hypothesis is that there is no difference between the variances of the two groups, so we can proceed with the parametric test. This can be confusing, because typically we look for a p < 0.05. This is because we are looking for there to be differences in what we are testing. In this instance, of checking for homogeneity of variance, a non-significant result means the variances are the same. This means we can proceed with the parametric test.
The Shapiro test assesses data from a sample with the null hypothesis that the dataset is normally distributed, i.e. the range of data values are distributed equally around the mean value, with data near the mean being more frequent in occurrence than data far from the mean. When graphed, the normal distribution looks like a bell-shaped curve. If the p-value from a Shapiro test is < 0.05, we can reject the null hypothesis and say that the sample was not generated from a normal distribution.
The function in R that runs Shapiro’s test is ‘shapiro.test(data1-data2)’. The W value is a measure of the difference between a normal distribution and the distribution of the data observations. The W value will be between 0 and 1, with 1 being a perfect match.
Based on the outputs of these tests, decide whether the t-test is the most appropriate test to use, or whether you should use the non-parametric equivalent test, the Wilcoxon signed rank test (code for this below).
Note: the Wilcoxon signed rank test can be applied to paired data.
wilcox.test(data=FD_BP, fric~Bleaching, paired=TRUE, alternative = "two.sided")
[bookmark: X184b29af526375e08ca7c7f648efa7e3d554974]Testing for differences between the estimates of multi-trait-based diversity (functional richness)
If your data meets the test assumptions so that you can use a parametric test, running a t-test is R is pretty easy.
The following code will, for branching Porites, run a t-test on the functional richness estimates pre and post bleaching. Edit this code to use your habitat type dataframe, add it to your script and pass to R console:
# Example using branching Porites habitat and functional richness

t.test(data = FD_BP, fric ~ Bleaching, paired=TRUE) # run the t-test
You will see an output from the t test similar to this:
[image: Output from a t-test run in R.]
Output from a t-test run in R.
Here, the p-value is > 0.05 , therefore we accept the null hypothesis, there is no difference between the mean estimates of functional richness before and after bleaching.
These results can be summarized up as:
Multi-trait-based diversity (functional richness) of the fish community on branching Porites habitat was not different after bleaching (t = 0.032, df = 17, p-value = 0.975).
This is standard format for presenting the results of a t-test – use it for your posters.




[bookmark: Xa9576c8269c8579958a06c4265978d95f27cc0b]Q3 Does fish species richness, functional richness, and total abundance differ before and after bleaching for your habitat?
Using the code provided above, edit and test for differences in species richness (sp_richn), total abundance (Abun_tot), and functional richness (fric) pre and post bleaching in your habitat. Check the test assumptions, and if they are not met (results of the var.test and shapiro.test < 0.05) use the Wilcoxon test instead. Write a summary sentence for each fish metric tested. Cross check the statistical results with the graphs you produced last week – do they match?
Habitat group ________________________________

Multi-trait-based diversity (functional richness):

Total abundance:

Species richness:

In your own time, you should also use the code provided above, to edit and test for differences in your two species of focus.


[bookmark: X8c8a066dc05d9ba6b9f2eca5c36f59b71c61a83]Moving Forwards – Pulling your results together for your poster
Ok – well done – you now have summary estimates, statistics, and graphs – these will form the results section of your poster.
We will now discuss what makes for an effective scientific poster (see ‘Poster_preparation_guide.pptx’). Use the rest of the time in the practical session to ensure you have the results you want to present, and get your R questions answered.
For the poster assignment you should:
1. Listen to the lecture on instructions for making your poster and start drafting bullet points that you will want to make in Background and Data analysis sections.
1. Read the marking criteria for the poster, so you understand what is expected of you.
1. Draft the text for your poster, create your poster in PowerPoint (or some equivalent) and prepare your poster presentation talk.
1. Watch this video for tips on poster making: https://www.youtube.com/watch?v=AwMFhyH7_5g 
See you at the scientific poster session!


NOTES TO FACULTY
Overview
The objective of this teaching material is for students to practice quantitative ecology and computational coding in R, whilst learning about ‘trait-based’ ecology using coral reefs as a model system. Undergraduate students and other trainee scientists require training in computation skills if they are to work with data (Braun and Huwer 2022). The teaching approach here embeds data, programming, and statistical literacy within subject-specific and course-relevant theory (trait-based approaches for functional ecology). This has been identified as a priority action to address the data science gap within higher education curriculum (Blake 2019, Braun and Huwer 2022).
Instructional design
This teaching resource was created for the undergraduate course “Marine Ecosystems and Processes” in the School of Ocean Sciences at Bangor University, North Wales, UK. The content addresses the module learning objectives listed above, towards the following broad learning outcomes:
· Students will demonstrate an in-depth understanding of how biodiversity contributes to the resilience and regime shifts of marine systems, and appreciate the importance of trait diversity to ecosystem functioning.
· Students will have the ability to process, analyse and present a dataset.
· Students will have the ability to make and present a conference poster that conveys, simply and clearly, the results of a piece of research
The content is designed to be a blended combination of traditional learning (knowledge acquisition through instruction), flipped classroom-based computer practicals and opportunity for peer-peer learning. Specifically, it forms a multi-part practical, with resources designed to foster the six different learning types: i) acquisition, ii) inquiry, iii) practice, iv) production, v) discussion, and vi) collaboration (Laurillard 2012).  We used Laurillard's (2012) conversational framework, an educational design tool, to create material that includes a mix of these different learning types and to facilitate learning through instruction, practice, and learner communication back to the teacher and between students.
The practical is introduced during a 1-hour lecture (acquisition), in which the ecological theory, the quantitative tools, the dataset, and the ecological study question are introduced (‘Introductory_overview_lecture.ppt’). This lecture also provides a refresher on the statistical programming environment in R. Emphasis is made on why it is important for students to learn how to program, and the growing demand amongst employers for programming skills (Braun and Huwer 2022).
The handouts which accompany the computer-based practicals (2 x 3-hr; ‘part1’, ‘part2’, ‘part3’) are designed to be question based (inquiry, practice). This is to stop students racing through and copy-pasting the code without critically thinking about each step. Students are also provided with the option for self-directed, inquiry-based learning. In Part 1, students are assigned by the instructor to different habitat groups (i.e., ‘branching Porites’, ‘low coral cover’, ‘mixed coral’, ‘soft coral’), and students investigate their habitat specific recommended species of interest. If they follow the handouts and answer questions as they go, they should have all the required information for the results section of the scientific poster that they each independently produce (production). Students then participate in an in-person mock scientific symposium, each giving an oral presentation of their poster (4-minutes), displayed digitally on a large monitor, with the opportunity to learn from their peers who will have focused on different subsets of the data (specific species and habitat types) (discussion, collaboration). Specifically, students are split into groups (~ 20 students per group) and required to observe each other’s poster presentations. Following each student presentation, the student observers are instructed to ask content-related questions (1-minute for questions). At the end of the presentations, all participants engage in a short discussion based on their shared findings, highlighting examples of good presentation practice, and offering suggestions for improvement informed by the poster presentations they have reviewed.  
Prior to participating in the mock scientific symposium and during the computer practical session, anonymised exemplars of previous students’ posters can be shared (‘Poster_preparation_guide.ppt’). These exemplars should comprise both “good” and “not so good’ scientific posters intended to enhance student understanding of the assessment task and standards, and their evaluative judgement. By working with exemplars and engaging in assessment tasks that comprise components of peer feedback, such as the question and discussion sessions participants experience during the mock scientific symposium, students participate in making academic judgements for themselves, thereby developing learner agency (Panadero et al. 2016, Nicol 2022). Furthermore, assessment approaches like these that engage students in the overall assessment process have the potential to improve their levels of assessment literacy (Evans et al. 2019, Evans 2021).  
Lessons learned
Getting off to a strong positive start will be important for acquiring confidence in computational literacy. A common issue of teaching and learning in R for students and lecturers is in the start-up, installation, and set-up.  If students struggle at this point, you can lose students already hesitant to program in R, even before the class material has started. Different operating systems on personal machines and different versions of R can all make getting going in a class a real challenge and can take up an extraordinary amount of class and teacher time. We took the following steps to minimize these issues:
1. Students were provided with detailed installation instructions, to be done prior to the practical (‘preparation.pdf’), to allow for any issues to be resolved prior to the scheduled class time. Using a cloud-based version of RStudio may circumvent issues in relation to start up, installation, back compatibility, and version control. Depending on institutional access, students may need to also set up a free RStudio Cloud account.  Ensuring a consistent R environment facilitates this material being delivered remotely and  reduces the risk of compatibility issues taking up scheduled class time.

2. A high instructor to student ratio (suggest 1:10), especially for the first computer session. Initially, students tend to have a lot of questions, especially if they have not used R recently. Responding to and facilitating their progress at this early stage is important for maintaining momentum, so instructors (i.e., session lead plus teaching assistants) should ensure they move around the room and check that all individuals are up and running in R early on.
3. The .Rmd files generate MS Word document handouts for the students that do not include the outputs from the code. A teaching assistant version of the handouts could be created that includes the code outputs for reference.
Evaluating the efficacy of teaching
We learned from the module evaluation (response rate ~ 22 students) that students overall found the new material developed to be a positive addition to the course. In particular the opportunity to further develop their computer literacy with statistical programming skills in R as well as practice presenting using the alternative format of a scientific poster:
“I particularly enjoyed the opportunity to present a scientific poster. I definitely think it provides students with a great way to practice a "real-life" scenario as a marine biologist.”
“The poster practical was an essential piece of experience. It helped develop people's R studio skills, which has become an essential skill for new researchers and data analysis skills which are also in high demand.”
That said, some student comments revealed that there was room for improvement in future deliveries. Specifically, we learned that students coming from different degree programs have varying comfort levels with R: 
“The data analysis was very confusing and poorly explained. At no point did I feel like I knew what I was doing. Although most of the students in the room had used the software, anyone from the physical ocean science side haven't.”
Though these comments are no longer received across subsequent years running the teaching (Skov pers. comm.), we suggest offering supplementary catch-up sessions or additional exercises for students to get up to speed with those students more familiar and comfortable with R. In particular, we recommend the user friendly tutorial accompanying the mFD R package publication (Magneville et al. 2021), available here. To help boost students’ confidence and literacy in using R, the Teaching and Scholarship team of the School of Ocean Sciences developed an ‘R Student Support’ facility on ‘Blackboard’, Bangor University’s Virtual Learning Environment. This support site contained additional R learning resources, including online tutorials, data analysis guidance, and discussion boards. Students also had the option of booking into weekly R support drop-in sessions for troubleshooting coding issues. We recommend this high-level, School-wide approach to R-support if staff time is available.
Some students found the overarching purpose of the analysis less clear. Additional context and explanation have been added to the handouts as a result. We recommend discussing a clear research ‘aims and objectives’ framework from the outset, and encourage students to write this out as a statement, as a model for their own individual piece of work.
Staff answers to questions in the handout 
Students are asked the following questions in the handout.
Q1. Based on the trait table above, fill out the following table, calculating the average dissimilarity scores for each species pair combination.
Ensure students understand 0 = not dissimilar at all (i.e. all traits match), 1 = different for all traits. If you see students filling out the top half – get them to realize it is exactly the same.
	
	A
	B
	C
	D

	A
	
	
	
	

	B
	0.0
	
	
	

	C
	0.5
	0.5
	
	

	D
	1
	1
	0.5
	



Q2. What different trait types are there, and what are the levels within each? 
Prompt students to problem solve themselves, with each other, and by referring to the resources listed in the handout. The fish and benthic assemblage paragraph in the methods section of Richardson et al. (2018; see https://doi.org/10.25903/5b57c26b0beb7; Chapter 4) details the trait types, with further information in the supplemental materials. Students should be familiar with the diet categories, but if they want more information (especially for nominal herbivores) point them to the Green and Bellwood (2009) reference listed at the end of the handout, FishBase, or a recently published global reef fish trait database (Parravicini et al. 2021).

	Trait
	Meaning
	Factor levels
	Notes on definitions

	
Size

	Mean observed body-size (total length in 10 cm size categories)
	1-7
	1: 0-10, 2:10-20…7: > 70

	Diet

	
	Browser, Corallivore, Excavator, Farmer, Grazer/detritivore, Invertivore, Mixed diet, Piscivore, Planktivore, Scraper
	Browser: eats macroalgae
Corallivore: eats coral
Excavator: eats chunks of the reef matrix
Grazer/detritivore: crops diminutive forms of algae and detritus
Invertivore: eats invertebrates
Mixed diet: omnivorous
Piscivore: eats fish
Planktivore: eats plankton
Scraper: takes scraping bites from reef matrix

	Mobility

	Mobility within and between reefs
	Mobile across reefs, Mobile within reef, Sedentary
	Sedentary: site attached

	Activity

	Time when active
	Both, diurnal, nocturnal
	Diurnal: during the day, nocturnal: during the night

	Schooling

	Social grouping behaviour
	largeG, medG, pairing, smallG, solitary
	G = group

	Position

	In the water column
	Benthic, bentho-pelagic, pelagic
	Benthic: associated with the reef substrate
Pelagic: up in the water column (note: ensure students realize this is not pelagic in strict sense of open water)



Students should fill out the trait table for these species – prompt them to think about how they might be differently affected by mass coral bleaching. Lujanus bohar being a relatively large bodied piscivore is probably less sensitive to coral loss as their prey are still available, also they are less reliant on corals for shelter and hence less at risk of predation, and are typically mobile and so can move off elsewhere. Chaetodon kleinii eats coral (a ‘corallivore’) so is coral dependent and could decrease in abundance due to reduced food availability. Heat stress and mass coral bleaching could also impact their sociality and territory use if competing for live coral food (Keith et al. 2018).

	Species
	Size
	Diet
	Mobility
	Activity
	Schooling
	Position

	Lutjanus bohar

	21 -30
	Piscivore
	Mobile within reef
	Nocturnal
	MedG
	Bentho -pelagic

	Chaetodon kleinii

	11 -20
	Corallivore
	Sedentary
	Diurnal
	Pairing
	Bentho -pelagic

	[Your selected species 1]
	
	
	
	
	
	

	[Your selected species 2]
	
	
	
	
	
	



Note on the code to visualize the functional trait space: The point here is that students see the Principal Coordinates Analysis (PCoA) code. The aim is not for students to have an in-depth understanding of the underlying math, more to grasp the concept of what is happening. 
It can be helpful to point out that this is a data reduction technique. All the variation in the original dataset (the pair-by-pair species comparisons) is reduced down into a derived set of variables – synthetic axes. If all original linear combinations were included, then 100% of the variation would be explained. However, this would result in the same 189 species pairwise comparisons, therefore the ability to look at patterns wider than species-by-species comparisons is lost. Instead, here we create four synthetic axes (lines) through the data that capture as much as the variability as possible.
We also recommend explaining that this trait space represents all observed fish species surveyed in all habitats across both time periods, clustered according to their shared trait characteristics (see Q3 below). The students will not recreate a habitat- or time period- specific PCoA.
Q3. How many pairwise combinations do you have with this dataset?
17766. 
This is calculated with the formula: n (n-1) / 2 (i.e., 189 species * 188 / 2).
Q4. Write a short (3-4 sentence) summary to describe how the fish species have clustered in this trait space, i.e. how do some of these fish traits vary across the trait space?
Trait vectors are overlaid and can then be used to see how these fishes vary across multiple traits at once. We suggest that they look for any patterns across the PCoA where, for example, body-size increases/decreases, or social grouping changes across one of the axes (or diagonally). Also, we suggest students look for specific clusters – i.e. are specific trophic levels clustered together (e.g. omnivores ‘mixed diet’ and piscivores are together, scraping, and excavating herbivores are clustered).
From the Richardson et al. (2018) paper: “Generally, fish body-size and mobility increased along PCoA 1 and 2, with diet groupings positioned along those gradients, ranging from small-bodied site-attached farming species through to larger, more mobile, piscivorous fish species (Figure 2). Nocturnally active, schooling planktivores occupied the left of PCoA 1, and browsers were positioned in the centre of PCoA 1 and 2…”
Some things the students could pick out from their PCoA:
1. Generally, fish body-size increases from the top middle of trait space to the middle right hand-side.
2. Social grouping decreases from left to right of PCoA 1, from fish species that associate in medium and large schools, pairing species in the centre of PCoA 1, to typically solitary species on the right.
3. Medium and large schools of planktivores are positioned on the left of trait space (left of PCoA1).
4. Larger-bodied fish that eat other fish (mixed diet and piscivores), hunt day and night, and are mobile across reefs, are clustered broadly together in the middle of trait space.
Q5. Create boxplot graphs showing the estimates of functional richness, species richness, and total abundance of fishes before and after bleaching, and export these for your poster.  
Note: some students might like to consider using something other than a boxplot – the ggplot2 cheat-sheet has base code for barplots and error bars etc. Encourage them to explore. Ensure they export the figures at the end for their poster.

Assessment preparation
During the computer practical session, students are presented with a series of slides with instructions on creating an effective scientific poster (‘Poster_preparation_guide.ppt’) with blank slides for the instructor to add exemplars of both “good” and “not so good’ scientific posters. The marking rubric should also be shared and discussed (‘Poster_quality_rubric.pdf’).
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They differ on diet, A is herbivore, B is piscivore
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Relation between traits and PCoA axes
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Position of species along pairs of functional axes
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(b) Functional richness
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Functional Richness of '‘Branching Porites PreB' and 'Branching Porites PostB'
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F test to compare two variances

data: pre and post
F = 0.67558, num df = 17, denom df = 17, p-value = 0.4271
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Shapiro-Wilk normality test

data: pre - post
W = 0.79255, p-value = 0.001194
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Paired t-test
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