Using Statistics in Ecology

Lecture 7. More about ANOVA, II
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When independent variables are correlated (unbalanced data, type I and type III analyses)
So far, we have assumed that, in a multi-way ANOVA, independent variables are not correlated. However, the situation gets complicated (and interesting) when they are. The problem is the following: when each of the two independent correlated variables is studied separately, it may well be the case that both of them appear to affect the dependent variable. However, we do not know which of the independent variables actually affects the values of the dependent variable – one, or the other – or maybe even both? The problem is that we may find a statistically significant correlation even if there is no actual effect but the variable is correlated with another variable that is actually affecting the dependent variable (“mediated correlation”). For example, in the human population, shoe size is definitely correlated with the amount of food consumed per day, but such correlation is clearly not biologically meaningful (causal) and this relationship arises only because both variables (i.e. shoe size and food consumed) are correlated with body weight. In this example, we can intuitively understand which of the two effects is causal (direct) and which is mediated. However, sometimes it may not be that simple. For instance, while studying the relationship between the amount of food consumed per day and a) body weight and b) stomach volume, then I would not dare to conclude that one of those independent variables is only a mediator, both of them may well have some direct effect.


Unfortunately, a statistical analysis cannot fully answer the question of which of the two correlated independent variables (A or B) has a direct effect and which has a mediated effect, or do both these variables have an effect both ways (direct and mediated, and to what extent). However, the ANOVA-approach can divide the variance (of the dependent variable) explained by the two-way model into three parts: 1) the part which can definitely be explained by the causal effect of factor A (and not by the causal effect of factor B); 2) the part that can definitely be explained by factor B (and not by factor A); 3) the part that we are unable to divide between A and B (the so-called “grey” area). 


The approach presented in the following is meant to illustrate the idea that ANOVA analyses can be done in different ways depending on how the analysis deals with the grey area. But first we will describe an example situation.

Correlations between independent variables: 

· a correlation between two continuous variables can be easily understood…

· … as well as the correlation between a continuous and a discrete variable – for example, if females are larger than males (sex and body size are both independent variables in the model);
· unbalanced data is an analogous scenario for two discrete variables; in that case the cells (=factor combinations) have different numbers of observations, like this:
	
	black
	white

	male
	20 observations
	2 observations

	female
	3 observations
	24 observations


in other words, males are more likely to be black than white and vice versa for females. The situation becomes problematic when we find that sex has an effect on some other trait we are studying. In that case we cannot say for sure that this definitely is the effect of sex and not the effect of color. 

Perhaps it is easier to illustrate this when the two independent variables are continuous. Let’s take a look on a situation where two strongly correlated continuous variables are used to explain the third variable. For instance, plant height in relation to precipitation and temperature, on the southern edge of a desert where the conditions get both warmer and more humid the more south we move. 


This fictional example shows that independent variables are correlated, and each of the variables separately has a strong and statistically significant correlation with plant height. 

An example:
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	Temperature and humidity are correlated across the

landscape.
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	Plant height depends on humidity 
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	Plant height depends on temperature. 


Most likely we want to know if plant height is affected by humidity, temperature, or both. As said before, statistical analyses cannot determine causality, this is not what they are made for. However, we can divide the variance described by the model (SSmodel) into three parts: the variance explained by each of the variables (“definitely explained by temperature”, “definitely by humidity”, these reflect the direct effects of each of these variables) and the variance which we cannot divide between either variable (the “grey area”). Of course, SSerror is there as well. Look at the blackboard! The stronger the correlation between two independent variables, the larger the grey area. To estimate these components of variance, we must apply a two-way ANOVA with plant height as the dependent variable, and humidity and temperature as independent variables. 


We are certainly interested in finding out if either of the independent variables has a direct (not mediated by the other variable) effect on plant height. In other words, we are interested in the effect that cannot be explained by the correlation of one variable with the other variable which actually has the effect. From the one-way analyses (see the regression graphs above) we already know that temperature has an effect on plant height. However, we do not know yet if it is caused by its correlation with humidity or if temperature has its own independent effect. To find this out, we must apply a two-way ANOVA, which can be done in different ways (type I and type III will be discussed). 


First, type I analysis (type I sums of squares in the classical ANOVA). In this analysis, the whole grey area is admitted to the variable that was included in the model first (the SS ascribed to humidity in this case consists of the part “definitely described by humidity” + the “grey area”). The effect of the other variable is only tested using the variance not explained by the first variable (the SS ascribed to temperature consists of only the part “definitely explained by temperature”). Returning to the above example, if humidity was included as the first independent variable to the model, then the result would look like this:

      DF    Type I SS       F      P
humidity       1      2164      32.30    0.0023

temperature    1      142        2.13    0.2045
Interpretation: humidity (as the first variable) affects plant height but we do not know (and do not ask) if this effect is direct (“actually its own”) or is it caused by its correlation with temperature (i.e. constituting a mediated effect). We cannot say that temperature has a direct effect on plant height, that is, we cannot say it has an effect other than caused by its correlation with humidity (p=0.2). We could have said so in case the effect of temperature had been significant.


Type I analysis probably overestimates the SS of the first factor and underestimates the SS of the second factor. This test is conservative with regard to the second factor - it only reveals the effect that “surely” is the direct effect of the second variable. Thus, it probably underestimates its real effect. The same logic applies when there are more than two factors in the ANOVA model – the effect of each factor down the list will be searched from the variance that remains undescribed by previous factors. As a consequence, in the case of a type I analysis, the interpretations of test results differ for each of the independent variables. 


In order to fully understand the situation you should carry out a type I analysis with inverted order of the variables. If temperature was included in the model first, the results would look like here:

Source         DF    Type I SS    F       p

temperature     1     1886       28.1     0.0032

humidity        1      420        6.28    0.0541

interpretation: temperature (as the first factor) affects plant height but we cannot be sure if this effect is direct (its “actual effect”) or is it caused by its correlation with humidity. Again, we cannot say (but this is a close one) that humidity has any effect on plant height other than caused by its correlation with temperature. 


As we saw, in the type I analysis, results depend on the order of independent variables and this order must be explained to the reader. It is not very difficult in the case of a two-factor analysis but a four-factor analysis, for example, already has quite many possible orders for factors…


Type III analysis (type III sums of squares in ANOVA) presents the results for each factor as if that factor was the last in a type I analysis. Thus, conservative estimates of the effects of all factors are presented. In other words, the variance not described by any of the factors (the so-called “grey area”) has been left aside altogether. Look at the blackboard.


In a type III analysis, all factors are symmetrical. The order of the variables in the model does not affect anything and it does not have to be explained to the reader. 


Type III analysis used in the example explained above would give the following results:
                      DF     Type III SS    F      P  

      temperature     1     142.5          2.13    0.204

      humidity        1     420.8          6.28    0.0541
Here we can see the dangers related to the type III analysis – neither of the factors attained significance. If we only use type III SS, then we might not notice that these two factors together affect plant height a lot. When two independent variables are strongly correlated, then in the type III analysis, they will “conceal” each other! 


 Once again: if we use only type III analysis (by getting conservative results for all the factors included), as commonly done, we take the risk that we do not discover the “shared” effect of the correlated variables. Therefore, if independent variables are correlated, then I recommend to carry out different types of analyses – for example type I analysis with different variable orders, then leave out some factors etc. Only in this way it is possible to get a complete picture of how much independent effect one or another variable has and how much of the variance is “shared”. If variables are correlated in a multi-way ANOVA, then one model is definitely not sufficient. In that case several models must be run and the results must be compared. Recommendation: apply type I analyses with different factor orders to find out if the abovementioned danger occurs or not. If type III analysis conveys an adequate message, then use it in your article - the order of factors is not important, it does not have to be explained, and your life will be easier. If the abovementioned concealing exists and can affect your results, then unfortunately, you must use type I analysis and explain it thoroughly. My condolences.


Please note that it does not matter at all which type (I or III) of analysis you use if the independent variables are not correlated (or when the data is balanced for discrete variables). Likewise, with one-way ANOVA, it does not matter either which type of analysis you use. 

Type II and type IV analyses also exist. Type II differs from type III only a little (which will not be discussed here), in principle these two methods are very similar. Type IV differs from type III only in regards to how the empty cells in your data set (some combinations of independent variable levels having no observations) are treated. Naturally, a self-respecting ecologist does not have such data .


As much as possible, correlations between independent variables (in case of discrete variables, unbalanced data) should be avoided using an appropriate experimental design. However, this is not always possible. For example, the weight of my caterpillars is always correlated with sex. I also cannot guarantee that there are always the same number of caterpillars of both sexes on a specific host plant – because sex can be determined only after pupation.

Analysis of covariance – one important application
A scenario will now be described in which the treatment (let it be a discrete variable T) affects, besides the dependent variable (let it be Y), also some other variable (let it be a continuous covariate A), which also has some effect on the dependent variable. In this case we have two possible routes from the independent variable (T) to the dependent variable: one is the direct route, the other goes  through A (i.e., T affects A and A affects Y). 


For example, I may study how rearing caterpillars in groups (T) affects the fecundity of adults (Y). I know from previous experiments that growing in groups affects the weight of adults (A), and I also know that weight affects fecundity (A). Look at the figure on the blackboard (or .ppt file)! I want to know if besides the route going through weight (A) there is also a direct route (the effect of growing in groups that is not mediated by weight). In order to study this question, I will include weight as a covariate to the analysis in which the effect of growing caterpillars in groups (T) on the fecundity (Y, two treatments: reared in groups and grown alone) is studied. If the inclusion of weight leads to the disappearance of the effect of the treatment (in type III analysis), we can interpret the situation as follows: growing in groups affects the adult weight which in turn affects fecundity but there is no reason to conclude that growing in groups affects adult fecundity also in some other way. If the treatment effect remains significant after including weight, then I have proven (in the statistical sense) that growing in groups affects the fecundity in some other way as well. The latter is especially interesting in this context, as such an effect could possibly represent an adaptation (for example, if caterpillars grew in groups, then the adult insect would invest more in the thorax instead of the abdomen (where the eggs are), because it prepares to emigrate from the spot with high population density). 


However, there is one “but” – the values of this variable A must not differ between treatments to the extent where they do not overlap (i.e. weights of caterpillars that grew alone and in groups must overlap to a considerable extent). If they do not overlap, then we cannot distinguish the direct effects of A and X. In that case, these two independent variables would be too strongly correlated and we could not separate these effects from each other (look above). 


Please note that including the covariate here (i.e. in the situation where treatment affects the values of the covariate) changes the question answered by the analysis! In this case, the covariate has thus a more prominent role than just “making the picture clearer”.

Multiple regression 
It should be clear by now that you can also include several continuous variables as independent variables to the ANOVA model. If all the independent variables are continuous, then we are faced with a multiple regression. For example, we can ask if plant height is affected by temperature, light availability and soil humidity. In principle, this analysis does not differ from a multi-way ANOVA with discrete independent variables in any meaningful way. A difference is that the model can be presented as an equation, like this:

height=0.597*temp+0.089*light+0.196*humidity-0.12

This equation is very similar to that of a linear regression with the exception that there are multiple independent variables. This regression cannot no longer be visualized as a line. In the case of two arguments (independent variables), it is a plane. Equations with three or more arguments cannot be projected that easily. 


You should make sure there are not too many independent variables compared to the number of observations (N). The rule of the thumb is that there should not be more independent variables than square root of N. A big problem here is also a correlation between independent variables (look at the type I and type III discussions above): in the context of regression analysis, we call it multicollinearity. 
Nonlinear regression 
Performing an ordinary linear regression, we can fit the regression line based on the least squares method. We can fit any other function the same way. We may ask, for example, choosing which parameters of a, b and c of the strange function
y = sin(ax + c(log(x))bx
would result in the best fit to our data. In case of linear regression, we searched for the best combination of two parameters (slope and intercept). In the same way we can search for the best parameter combinations of whichever function. However, there is a “but”. In the linear function, the optimal parameters can be directly calculated. With more complicated functions, the best is usually found by trial and error. This, of course, is done by a computer, so this really is not our problem.


Our problem is to find the best function to fit our data with. This is straightforward when we have some theoretical (independent from our data) reasons to believe that the relationship between the two variables is described by a certain type of function. This happens in chemistry and physics (sometimes in physiology as well) but rarely in ecology. The risk here is that by fitting a certain function we may “prove” such properties of the function that are not supported by our data. For example, when we fit a hyperbole we may easily make the mistake of erroneously concluding that the relationship between our variables asymptotically approaches the axes (which a hyperbole always does). It is not a big deal however if we only want to describe the relationship for some practical purpose (to predict the best time for picking cranberries, for example). 

However, when we would like to test if a parameter of the regression function deviates from zero, we must carefully think which aspect of the relationship is described by this parameter and how can the chosen function affect our results. For example, if parameter c in the function above significantly differs from zero, then what biologically relevant conclusions can we draw based on this? A meaningful conclusion is usually possible only when the function has been derived from some biological assumptions and not chosen by merely looking at the data. In general, I do not recommend fitting arbitrary (not derived from the theory, I mean) complex functions, although statistical packages provide such possibilities. What I do recommend in non-linear situations will be discussed below. 


Generally, it is sufficient to just test whether the relationship deviates from linearity (is non-linear) or not. And if it does, then whether the function is concave or convex? The interpretation of such simple properties is clear and easily comprehensible. To answer this question, it is enough to add the squared values of the independent variable into the model, in addition to independent variable values itself (i.e. to fit the segment of a parabola). Thus, we formally have two independent variables in the multiple regression: the variable itself and the variable squared as the second variable. The significance of the quadratic term (type I! – linear term first, the quadratic term second; significance of course means significant difference from zero) shows nonrandom deviation from linearity. If the coefficient is positive, then the relationship is concave. If the coefficient is negative, then the relationship is convex. 


The equation can be obtained from the analysis, too. Thus, the relationship between the body weight and life expectancy of a ghost can be expressed using the following nonlinear function:

Life expectancy = 0,87*weight2 + 2,7*weight –6,7

The values of the parameters corresponding to the quadratic term, to the linear term and the intercept can be obtained from the regression analysis.

Similarly, we can add even higher powers of the independent variable to the model. For example, the significance of the cubic term would mean that the concavity/convexity (second derivative) of the relationship is dependent on the values of x. Interpretation of the higher order terms is however complicated and must be approached with care.
Type II regression

We may often want to use the quantitative description of a relationship between two continuous variables for purposes other than just making predictions (that the type I regression is for).

An example from ecology: when the quality of the environment improves, which increases more – the fecundity of the host or that of the parasite? If the fecundity of the host increases by one unit, then will the fecundity of the parasite increase by more or less than one unit (is the slope of the regression smaller or larger than 1)? Just to remind you, the slope of the type I regression depends on which variable is placed on which axis. It is very likely that if the fecundity of the host is on x-axis, then the slope will be b<1. But if the fecundity of the host is on the x-axis, then the slope might also be b<1. How can we draw conclusions based on these seemingly opposite results? This shows that type I regression is only good for predicting the value of one variable from the value of the other. It should not be used to describe the “actual” relationship between two variables. Somewhat surprisingly, the lines used for these two purposes are not the same. If we want to mathematically describe the “actual” relationship, we must use type II regression. Type II regression is symmetrical – it does not matter which variable is placed on which axis. 


There are several methods how to carry out type II regression. None of those methods is without problems and there is no general consensus which method is the best. One possibility is the geometric mean regression – the slope of the type II regression line is the geometric mean (square root of the product) of the slopes of the type I regressions carried out both ways. Of course, both slopes must be “turned” in the same direction (“eggs per kilogram” and not the other way round): if the regression is done in the other way (x=…), then y must be derived from that equation. Geometric mean regression line goes through the point with the means of both variables as coordinates. Thus we can use this point and the slope to calculate the intercept and the whole equation for the function. If your statistical software does not enable that, then luckily this is not too difficult to do it by hand. Please note that the line obtained this way lies between the two regression lines (i.e. has an intermediate slope).


Please also note that distinguishing between the two types of regression does not affect the answer to the question if there is a statistically significant association between two variables or not. It only affects deriving the equation that describes the relationship. Therefore, type II regression should be used when we want to conclude something meaningful from the parameters of regression equation (other than that the slope deviates from zero). Typically, we need type II regression when we want to compare the slope with 1, i.e. to answer the question whether increasing x by one unit will increase the value of y by more, or less, than one unit. 
***********************************end of story***************************
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