Model Answers 2005 Stats exams

Question 1 (comparing logistic and multiple regression)

this has to be marked like any essay question. I give below, under each of the areas of required coverage the key points

nature of research questions asked

essentially the same

-prediction of the DV

-importance of predictors

-interactions among predictors

-parameter estimates

-degree of relationship / strength of association

nature of variables being analysed

here is a major difference between the models, at least with respect to the DV. In linear multiple regression the DV needs to be such that its residuals, after removing the variance explained by the IVs, are approximately normally distributed. In other words, the DV ideally needs to be a normally distributed variable (a typical psychological variable such as a mean reaction time, self-report scale or test score etc). For logistic regression, the DV is a categorical/nominal variable with no numerical properties (such as ordinality) connecting the levels (eg people who succeed vs those who fail at some test). The DV can have 2 levels (binomial) or more levels (multinomial). The DV in logistic regression, to be predicted, is thus based around the probability of being in category i.For the IVs there is similarity, in that exactly the same types of IVs can be used in both analyses (covariates, factors and interaction terms)

mathematical forms

The regression equation is based around the weighted linear sum of the IVs in each case  U = b0 + b1*IV1 + b2*IV2

for linear regression the predicted DV score, y-hat = U

for logistic regression, the predicted DV score (predicted probability of being in catgory i), yi‑hat = eU/(1 + eU). So basically the libnear regression form is transformed nonlinearly to meet the range of possible values (ie between 0 and 1) of the DV.

alternatively, in logistic form

the DV can be non-linearly transformed into a logit,  log{yi/(1 - yi)}, which is given by U. This is why the models are referred to as log-linear.

assumptions and data screening
these are much more restrictive for linear regression. The key assumption for linear regression is that of multivariate normality, this can be practically assessed by looking at the relationship between predicted DV scores and residuals via scatter plots: residuals should be normally distributed about predicted DV scores, the residuals and predicted scores should have a linear relationship and the variance of residuals at each value of predicted DV score should be roughly the same (homoscedasticity). None of this is required for logistic regression. The main assumpion for log reg is that of “linearity in the logit”. basically, the requirement is that the logit transformation of the DV, given above, is linearly related to the combination of the DVs. This is rarely tested but can be inspected graphically for covariate predictors with multiple levels.

(combinations of) IVs should not be highly collinear or singular in multiple regression (test via VIF or TOL). Similar problems will exist in log reg if predictors are highly correlated -- this can be detected using contingency tables (where some cells will be almost empty, with most values on the diagonals).

practical issues
log reg is a lower power technique so requires much larger sample sizes than liner mult reg for the same power.

similar issues apply to both techniques with respect to overfitting -- ie when there are too many predictor variables for the number of cases

modelling process

There are differences here in the standard ways that the modelling is carried out. Answer must stress the hierarchical nature of the modelling in log reg; in which a complex model is whittled down hierarchically by removal of nonsignificant effects until only significant predictors remain in the prediction equation. The final model is also usually repeatedly tested against a saturated model using goodness-of-fit tests. 

In standard multiple regression, all the effects are entered at once and the significant and nonsignificant predictors are shown in the parameter estimates table and discussed. It is not typical for the model to be hierarchically whittled down to the one just involving the significant predictors, although this is sometimes done, eg in cases where a prediction equation is sought (as in psychometric work). Hierarchical modelling in mult reg usually means something different, in which models are built up in complexity in blocks, with a set of variables (eg uninteresting control variables) entered on the first block with another set of variables (eg the interesting ones) entered on a subsequent block. The goal here is to comment upon what the later sets of variables contribute to the prediction, after allowing for the influence of the earlier set(s) of variables. These differences are largely just conventional and it is possible to use analogous modelling processes in both types of regression.

statistics produced
both techniques produce, in the final parameter tables, the regression coefficients of the model. These parameters (and in particular their size relative to their standard error) indicate the importance of the predictor in predicting the DV. However, the nature of these parameters are different in the two types of model. Should explain B and beta from multiple regression and testing them via t-tests. Should explain log odds ratios and testing them via Wald tests in log reg (and also odds ratios). can also comment that both techniques have significance tests of the overall model (the model F-test in mult reg and the likelihood ratio test for the model vs. the no predictors model in log reg). 

conclusions drawn
given that the research questions are largely identical for the two techniques then the conclusions that can be drawn are likely to be very similar. Given the differences in the nature of the DVs this will have some effect on the type of conclusion and the nature of the predictions that are made. The differences in the modelling process also creates subtle differences in the endpoint models, with effects on the style of the conclusions.

Question 2 (Factor Analysis)

(i) (10 marks in total). Up to 3 marks for commenting on KMO and Bartlett’s correctly regarding factorisability of the correlation matrix. Indicates that it is factorisable KMO>0.6. Up to 3 marks for explaining the anti-image correlation matrix. This is the matrix of partial correlations between each pair of variables, partialling out each of the other variables (and multiplying resulting partial correlations by -1). The partial correlation between variables A and B should be small if another variable or variables in the matrix indexes the same factor as is responsible for covariance between A and B. Thus the presence of small values on the off-diagonal in this matrix is another indicator of factorisability. Up to 4 marks for comments on other aspects of the study, including : N (=98), marginal for FA, acceptable for some authorities but not others; ratio between N and number of variables (98:11), roughly nine observations per variable (acceptable according to most authorities); number of factors (expected=3), and with at least 3 variables expected to load on each individual factor, also marginal but acceptable; nature of the data (ie subscale scale scores) Ok for FA.

(ii) (5 marks) Scree plot pretty clearly indicates 2 factors in the data, as the eigenvalues for factors 3 and beyond are all pretty similar. Give 2.5 marks for getting the number correct and 2.5 marks for the justification. If someone says that only 2 eigenvalues are greater than 1 then do not give marks for the justification part (as I told them that this is now not accepted as a decent criterion).

(iii) (5 marks)  2.5 marks for saying sthg along the lines that Promax is an acceptable rotation method as it is an oblique method (allows correlated factors) and the past research indicated that the factors were expected to be correlated. The remaining 2.5 marks are for commenting on the factor correlation matrix: this indicates that all the factors lie at angles to each other which are not close to 90 degrees. Factors 1 and 2 lie at about 60 deg to one another, factors 1 and 3 lie at a smaller angle (but not close to zero); the largest angle is between factor 2 and factor 3 but this is only slightly greater than 60 degrees.

(iv) (10 marks) the pattern matrix is a matrix of regression-like weights used to estimate the unique contribution of each factor to variance in the variable; the structure matrix is the matrix of correlations between variables and the correlated factors. Although the structure matrix is easily understood the pattern matrix is usually easier to understand because it represents the unique contribution of each factor to variance in the variables and so shared variance is omitted. In the structure matrix the correlation between variable A and factor 2 can be inflated by the fact that factors 1 and 2 are correlated, and by the fact that variable A loads on factor 1. This alone will make it appear as if variable A loads onto factor 2. Thus, the set of variables that compose a factor is usually easier to see in the pattern matrix. (although if factors are very highly correlated then no variables may appear to be related to them!) Might comment on the fact that one of the loadings in the pattern matrix is actually greater than 1 (this is a Heywood case and indicates that something may be wrong with the solution; here possibly that 2 many factors have been extracted!)

(v) (5 marks) The factor loading plot indicates that at least one of the variable (olicogdt) does not load cleanly onto one factor or the other; it violates simple structure and loads onto both factors. Same may also be true for oliintat to a lesser degree.

(vi) (5 marks) the researcher reran the analysis dropping the awkward (outlier) variable (olicogdt) as a single variable is not enough to define an additional third factor and a more stable factor solution (with 2 factors) would be obtained if the non-simple variable were excluded.

(vii) (10 marks) 2 marks for saying that the factor loading plots look much more appropriate with the variable deleted. A further 3 marks for saying that the varimax solution loading plot shows very clearly that the two factors lie at an angle to one another (substantially below 90 degrees), and so justify an oblique rotation method, as expected based on past data. Another 1 mark for saying that the data do not support the expected number of factors (3 expected and 2 were found, by scree plot and by the best solution). The remaining 4 marks for a consideration of the subscales which load onto factors 1 and 2. Loading on factor 1: are spqior; spqupe; spqobmt; and oliuet (these are all positive schizotypy scales in past research) plus spqos and spqoeb (these are disorganised schizotypy in past research) Loading on factor 2: spqncf, spqesa, spqca and oliintat (all negative schizotypy in past research). So the present research does not support the separation of positive and disorganised schizotypy into separate factors.

Question 3 (multiple regression)

This is actually a pretty easy question so do not mark generously.

(i) (30 marks) 

There are 24 marks in total for explaining each part of each printout. Each of the following elements needs to be explained -- ie what it is and what it is used to indicate

-1 mark for noting that these are standard or forced entry regressions in which all the variables are entered simultaneously
-R 1 mark for stating it is a multiple correlation

-R-square (1 mark for relating it to variance explained)

-adjusted R-square (2 marks for stating that this is to correct the bias in R-square and so gives a more accurate estimate of the population parameter; and for noting that the correction depends on the number of subjects and predictors)

-std error of the estimate (2 marks for saying that it is the square root of MSresidual and for saying that it is the standard deviation of the residuals in the DV after applying the model; by comparing this with the standard deviation of the DV we can see how much the prediction of the DV has improved)

-F-test in the ANOVA table (2 marks for stating that it tests whether the overall model, with all the predictors included, predicts the DV significantly better than chance)

-B and beta coefficients (3 marks for stating what each of these are in words i.e. relate B to the underlying regression model, and state the relationship between them {beta = B * sd of the IV / sd of DV)}

-t-ratio and associated significance test (3 marks: t is ratio of B to its se and the significance test tests if B sig different from zero, must note that each coefficient reflects an independent effect of that variable after partialling out the effect of the other predictors in the model)

-collinearity statistics (3 marks): 1 mark for explaining what collinearity is; 1 for TOL and for VIF and 1 mark for suggesting sensible cut-off (0.25 and 4; or 0.1 and 10 depending on source)

-residuals vs. predicted scatter plots (3 marks): for explaining what the plot is and for explaining that it can be used to check for the normality and homoscedasticity of the residuals and the linearity of their relationship to the predicted DV score, all of which are indirect indicators)

21 marks in total here

Part 1: 3 marks  for noting that both extraversion (combext) and anxiety (harmtot) are related to learning under feedback while epqp is not and must note that both effects are positive (higher personality scores mean higher learning scores). Also for noting that scatter plots and collinearity stats are satisfactory.

Part 2: 3 marks for noting that here that epqp is positively related to learning without feedback and noting a clear trend for anxiety (harmtot) to be negatively related to learning without feedback (high anxious poorer learners), with no effect of extraversion. Also for noting that the scatter plot is satisfactory and the collin stats are same as other model (which they must be).

Explaining the overall conclusions about what can be concluded about learning specifically under feedback conditions (3 marks): “specifically” is the key word. Basically it looks as if extraversion is specifically related to learning under feedback as it showed no effect with learning when feedback was absent. This suggests it is the feedback + reward component of the first task that is specific to the effect of extraversion. Anxiety seems to effect both kinds of learning but in opposite directions so you cannot conclude that it has an effect specific to learning under feedback. epqp seems to index something specific to learning without reward/feedback.

(ii) (10 marks) From the correlation table nstot appears to be modestly positively correlated with both types of learning performance and positively correlated with extraversion and epqp and negatively correlated with anxiety. The relationship between nstot and learning could derive from the fact that it is correlated with the other traits that are related to learning. Specifically, it could be positively related to learning under feedback as this is positively related to extraversion (with which nstot is positively correlated). Similar argument could apply to learning without feedback (and epqp). The effect of anxiety might be more interesting -- while anxiety could contribute to the positive relationship between nstot and learning without feedback (nstot neg corr with anxiety which is neg related to learning here); there may be a suppression effect in learning with feedback (nstot negatively correlated with anxiety which is positively correlated with learning here; this will suppress the positive simple correlation between nstot and learning with feedback).

Mult reg allows us to explore the independent contributions of the personality predictors; i.e. the parts of the DV variance which covary with predictor A but which do not covary with other predictors in the model. (may illustrate with Venn diagram).

The analyses might therefore be repeated but adding nstot as an additional predictor. Because of worries about sample size relative to number of predictors (and power) see next section -- the analyses might be repeated dropping the clearly nonsig predictors from the model as well as adding in nstot. (Another idea might be to also include each learning score as a predictor in the regression for the other learning score, but this isn’t really relevant to nstot specifically, so not much credit here, esp. as it adds another predictor!!)

(iii) (10 marks) This is a question about testing assumptions and data screening, put in last for variety, it would normally be first. In the printout we already have tests for collinearity and the scatter plots for looking at normality linearity and homoscedasticity. Any additional test for these which are suggested can be given a small amount of credit. However, somewhere in part ii or iii we should state that we would be interested in the test of multicollinearity for nstot (as it is moderately predicted by all the other predictors used; perhaps it would be so strongly predicted by the combination of all 3 that we would have multicollinearity).

The first thing remaining thing is the sample size. Typical recommendations for multiple regression are those of Green relating the overall model significance test to the number of predictors (N should be > 50 + 8*no of predictors) and for testing individual variables N>104+ no of predictors. These recommendations are based on 80% power and medium strength relationships. Clearly we have some significant effects (presumably very strong ones or we got lucky here with random variation) but the nonsignificant effects are less helpful (as they could simply reflect lack of power). This is why, when we add in nstot we might want to drop other predictors that were nonsig in the printout analyses.

We could also have tested for univariate outliers (various standard methods) and for multivariate outliers (Mahalanobis distance; chi-squared p=0.001; df=number of predictors). The scatterplots suggest that the DV/IVs was not badly skewed and so testing for normality of DV (and IVs) is probably not needed.

Might also look for “outliers in the solution”. That is, a small number of data points which lie well away from the regression line which captures the remaining points well.

Question 4 (ANCOVA)

(i) (15 marks) The answer needs to explain why the “controlling nuisance variable” use of ANCOVA in nonexperimental designs is inappropriate, drawing on the recent summary of the arguments in the article by Miller and Chapman 2001:

The basic problem is that by using regression methods (in the ANCOVA) to equate all the groups on the covariate(s), one cannot be sure that one is not removing part of the intrinsic difference between the groups, thereby testing an almost meaningless hypothesis about a group variable that doesn’t really reflect the group difference that one wants to test.  May illustrate this with 2 Venn diagrams comparing the experimental case (when the group variable will not overlap substantially with the covariate) with other cases in which the covariate and group overlap (ie the groups differ on the covariate). The relationship evaluated by ANCOVA is between the DV and a “group(res)” variable: ie the residual of the group variable after removal of variance shared with the covariate. Such a group variable may be intrinsically different from the group variable that you wanted to assess.

Examples to illustrate the problem and inappropriate use of ANOVA as a method of statistical control: 

from Lord --- do boys end up with a higher final weight (DV) after following a specific diet than girls (gender=IV) even when including initial weight as a covariate? part of the intrinsic gender difference is in weight and so using ANCOVA here would end up comparing the weight gain for relatively light boys with the weight gain for relatively heavy girls. This is not the hypothesis we want to test and there are issues about regression to the mean as well (if we sampled light boys at the start of an experiment then they would be likely to have gained more weight than heavy boys -- or indeed heavy girls -- at a later testing point by regression to the mean).

from Miller and Chapman -- Imagine using ANCOVA to answer the question would six and eight year old boys differ in weight if they did not differ in height? Once again ANVOVA would create a comparison of short 8 year olds with tall 6 year olds. Do we want to ask that question?

other egs --- imagine asking if chronic schizophrenics have impaired memory c.f. controls allowing for differences in IQ (which are known to exist). Low IQ is an intrinsic part of chronic schizophrenia and so using ANCOVA to answer our memory question would mean that we would only have an answer for relatively intellectually intact chronic schizophrenics (i.e. not for typical cases of the disease under study)

In sum it will usually be inappropriate to use ANCOVA when the groups differ from one another on the covariate (precisely when this use tends, erroneously, to be employed). 

(ii) (5 marks) Some argue that this use is approproiate if we are confident that the between-groups differences on the covariate arose by chance (as we would be in the case of an experimental design with random assignment). It may sometimes be possible to make a case that the group differences on the covariate arose by chance, even for a nonexperimental design, and this may make the use of ANCOVA acceptable in this case. An example is a comparison of  smokers and nonsmokers convenience sampled around a campus. If it is found that the two groups differed on age, this is likely to have been a sampling error as there is no clear reason why a sample of smokers and nonsmokers should differ in age. (obviously if very young or elderly Ss were in the sample then they might be expected to be non-chance reasons for an age difference). In these cases, some authorities argue that one might also be able safely to remove the influence of the group differences on the covariate.

(iii) (10 marks, 5 for each of the other applications) The second use of ANCOVA is to remove the effects of noise variables. For example, 3 groups of subjects might be compared on psychometric tests after being randomly assigned to a particular intervention (training, diet, etc etc). One might know that performance on the tests would be associated with initial IQ score (before randomisation) and so one would to remove the influence of IQ performance. The intention of this approach is to increase the power of the statistical tests for the effects of the experimental variables. THIS USE IS PRIMARILY APPROPRIATE IN EXPERIMENTAL DESIGNS; covariate should be measured before random allocation to groups.

The third use of ANCOVA is in so-called Roy-Bargmann step-down analyses carried out after finding a significant effect in a MANOVA. The Manova might test for group differences on a set of DVs. The R-B tries to find out the group differences on the individual DVs allowing for group differences on other DVs. THIS IS THE APPROPRIATE CONTEXT FOR THE R-B USE OF ANCOVA. One has to have an a priori priority ordering of DVs (based on theory or other considerations). One begins with the highest priority DV and tests this in a simple ANOVA (adjusting for the total number of comparisons). Then one takes the next highest priority DV and this is tested via an ANCOVA with the higher priority DV acting as a covariate. The procedure repeats down the priority order with all the higher-order DVs acting as covariates at each step. The intention is to try to understand the relative contribution of the DVs to the MANOVA effect -- one is seeing whether there is an effect for a particular DV even after removing the influence of higher priority DVs (rather like hierarchical or sequential multiple regression).

(iv) (20 marks)  For 5 marks in this section the answer needs to state that the purpose of the ANCOVA example is to remove the effect of a noise variable (IQ) that is known to affect DV scores, thereby increasing the power of the between-groups comparison. Going through the printout section by section:

the bit marked report is worth 3 marks it just gives the descriptives and shows that there is obviously no significant difference between the schizophrenics and controls on IQ performance, both groups scoring a little above average IQ performance (10=population norm). For full marks, regarding what the researcher can conclude, the answer must state that the absence of a group difference on the IQ variable removes any difficulties, in this non-experimental design, in using IQ as a covariate. There does however, appear to be inferior performance of the schizophrenics on spatial working memory (SWM). The answer must differentiate between the two “tests of between-subjects effects” tables. For 5 marks in commenting on the first of these, from the effects included one can see that this is the preliminary test for homogeneity of regression (slopes). The key effect is the group*wais_iq effect which tests homogeneity. This effect is clearly non-sig and so there is homogeneity and so the ANCOVA assumption is met and the ANCOVA can proceed legitimately. For 5 marks regarding the second of these, this is the main ANCOVA result table. It shows a strong influence of IQ on the SWM DV, pooled across both groups (p=0.003), suggesting that by removing this variable there will have been a substantial reduction in the error term for the ANCOVA compared with the ANOVA (not shown). The group effect (i.e. the patient vs control difference, after removing the effect of IQ) is very close to significance (p=0.052). It is to be expected that this effect would not have been so close to significance had IQ not been removed. The researcher can conclude, tentatively, that there is likely to be inferior schizophrenic performance on SWM performance, relative to matched controls, after removing the influence of IQ performance from SWM tests (at least for the type of schizophrenics included in this study). For 2 marks the estimated marginal means table needs a brief comment to the effect that schizophrenic performance was around 10% lower (74% correct cf 84% for controls) after removal of IQ effects; i.e. this is the mean performance of a schizophrenic and controls subject with IQ equal to 10.95 (i.e. the average IQ across all Ss in the study).

Question 5 (Contrasts)

(i) (10 marks) The pooled error term is the error term based on all the cells of the between-subjects design. It is the error term used to test the main and interaction effects in the overall (omnibus) ANOVA, which showed a significant interaction. The pairwise t-tests of specific cells, by contrast, uses only the data from the cells being compared to generate its error term. The main advantages of using a pooled error term are that it uses data from more participants and so generates a larger error df than the t-test method (roughly twice as big for a 2x2 design). This of course reduces the critical value of the statistic and raises power for the contrast cf the t-test. In addition, given that the pooled error term is based on more data it will generally be a more reliable estimate for the error and so may generate a smaller error term. Use of the pooled error term is recommended in designs like this subject to certain assumptions (see next).

(ii) (5 marks) The homogeneity of variance assumption. This is so because the pooled error term, as the name implies, pools error variance across cells of the design and so these variances must be homogeneous in order for the pooling to be justified and to lead to an unbiased measure of error variance. Note that the homogeneity test was included in part 1 of the printout which showed that there was homogeneity across all 4 cells.

(iii) (5 marks)

John’s syntax was as follows:-

GLM

  spqpos1  BY comtval drd2a1a2

  /METHOD = SSTYPE(3)

  /LMATRIX = "drd2a1a2 simple main effect for val-" drd2a1a2 1 -1  comtval*drd2a1a2  0 0 1 -1 

  /LMATRIX = "drd2a1a2 simple main effect for val+" drd2a1a2 1 -1 comtval*drd2a1a2  1 -1 0 0

  /DESIGN = comtval drd2a1a2 comtval*drd2a1a2 .

this contrast was supposed to be addressing the following prediction:

“a personality score (known as SPQ-positive factor) was predicted to be higher for the Val+ allele type relative to the Val- allele type for participants of the A1- allele type; this effect was expected not to be present for A1+ allele type participants.”

the contrasts of interest are simple main effects of the COMT genes (Val+/Val-) at each level of the DRD2 gene grouping. John’s syntax, while actually internally correct, addresses the simple main effects of the DRD2 genes at each level of the COMT gene; ie John’s syntax is for the other simple main effects which can be analysed!

(iv) (10 marks) To put this syntax right is straightforward. The key lines which need replacing are the two LMATRIX lines (5 marks)

  /LMATRIX = "COMT simple main effect for a1+ " comtval 1 -1  comtval*drd2a1a2  1 0 -1 0

  /LMATRIX = "COMT simple main effect for a1-" comtval 1 -1 comtval*drd2a1a2  0 1 0 -1 

NOTE: we have changed the label, then comtval replaces drd2a1a2 in the main effect part, and finally the numbers need to be changed after the interaction term

and 5 marks for the explanation of the construction of these lines

the term comtval*drd2 specifies the 4 cells of the 2x2 design in the order

comtval=1 drd2a1a2=1; comtval=1 drd2a1a2=2; comtval=2 drd2a1a2=1; 

comtval=2 drd2a1a2=2

that is, the first specified factor (comtval) “changes more slowly” across the 4 cells.

So, assuming drd2a1a2=1 corresponds to the a1+ gene grouping then the numbers used to compare the two different levels for the COMT gene for a1+ subjects are 

1 0 -1 0; similar logic yields 0 1 0 -1 for the a1- subjects. 

(It is equally valid to have a syntax with reversed 1 and -1 values, but this must be done throughout: ie comtval -1 1  comtval*drd2a1a2  -1 0 1 0 etc)
All the sets of coefficients must sum to zero.

(v) (10 marks) Part 3 of the printout shows in the first contrast results that the val+ vs val - simple main effect for A1- subjects was significant (p<0.024, 2-tailed). The student knows which contrast is which from the footnote information at the bottom of the table marked “a. Based on ….”. the analogous contrast for A1+ subjects was not significant p=0.262. From the prediction (reproduced above) it was expected that the effect of val would be found for A1- subjects rather than A1+ subjects so the contrasts fit with that part of the prediction. What about the direction of the effect; it was predicted that (for A1- subjects) that VAl+ would be higher than scoring than Val-. To see if that was met we need to look at the means in part 1 of the printout, reproduced below:
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Among A1- subjects, we can see that Val+ do indeed score more highly on schizotypal personality (mean=10.6) than val- subjects (mean=6.6). Of minor interest is that the result for the A1+ subjects goes the other way around (non-significantly).

(vi) (10 marks) The previous analyses were for the SPQ positive schizotypy factor which is composed of 3 components (ideas of reference, magical thinking, unusual perceptions). The contrasts show that the same pattern obtained for each of the three components for the A1- subjects with p-values 0.04, 0.04, and 0.1 respectively. Now as we are carrying out 3 separate tests here an appropriate p-level, after Bonferroni correction to prevent excess Type I errors, would be 0.017. So none of the individual subcomponents of positive schizotypy were actually formally significant, although the first two showed trends (equivalent to p=0.12 judged against a 0.05 criterion). None of the contrasts for A1+ subjects were significant. Award 4 of the 10 marks for this question for noting that the subcomponent scores showed the same pattern of simple main effects as the whole scale scores and that ideas of reference and magical thinking, within the positive scale, were the most likely to be affected by the gene interaction. However, the remaining 6 marks must be for an appropriate discussion of the correction issue.

Question 6 (repeated-measures analyses)

(i) (5 marks) Nancy carried out a transformation which put all the measures (anger, depression etc) on the same scale. The easiest way to do this is to standardise them (convert to z-scores). This is needed in order that the changes in scores over time (as a function of treatment) for the scales do not differ simply because one scale has much larger numbers than another. From part 1 of the printout we can see that the mean depression scores are much larger than for the other two scales, and a larger range of values are used. The standardisation should be done for each scale at each time point separately but across therapy groups. (the pattern of results discussed in ii shows that this was how it was done)

(ii) (5 marks) The transformation sacrifices the time, measure and time*measure effects (they are all null with F=0, p=1, within calculation accuracy). 1.5 marks for noting the F and p values, 3.5 marks for explaining why. By setting each measure to have a mean of zero at each time point this means that the time effect (averaged across measures) will be null, and the measure main effect (averaged across time) will also be null. These effects are not of great interest in any case and so it doesn’t matter that they are “lost”.

(iii) (15 marks) Nancy’s analysis shows that there was a differential effect of therapies over time (a significant time*therapy interaction). This is qualified by the fact that this interaction varies as a function of the measure used (a significant or near-significant measure*time*therapy interaction). The multivariate results show that both the above results are comfortably significant (by any of the 4 measures). For the ANOVA results the time*therapy interaction is highly significant and the associated sphericity test on the time error term was actually non-significant (p=0.08); the corrected ANOVA results here were all highly significant too. The ANOVA result for the 3-way interaction were a trend (just outside p=0.05), and the associated sphericity test of the time*measure error term was just significant (p=0.045). the corrected ANOVA (H-F) was little altered as epsilon was estimated to be close to 1. Taking the results together it would be reasonable to conclude that the 3-way interaction was significant. (10 marks for the bit so far).

(5 marks for the following) The graphs allow visual inspection of the reasons for the interactions discussed above. From the first graph little seems to be happening to the depression ratings over time and as a function of treatment (for some, unexpected, reason the CBT group have somewhat lower depression ratings than the other two groups, whose ratings are very similar). For anxiety and anger the no treatment group show an increase in ratings at the two-week point (time=2) and then a return to baseline levels (or lower) at time=3 (4 weeks).  For anxiety the CBT group show a mirror pattern to the no treatment group, with ratings lower at time=2 than time=1 and returning to baseline levels at time=3. The REBT group show a gradual increase in ratings over time, esp from time=2 to time=3. For anger it is the REBT group who show the complementary pattern to the no treatment control with ratings dropping from time=1 to time=2 and then returning to baseline levels at time=3. Anger ratings for the CBT group stay very stable over time. This doesn’t suggest any clear lasting benefits from either treatment over the 4 weeks, on any rating, even thought the ratings changed significantly over time as a function of rating type and treatment group.

(iv) (10 marks) Give 4 marks for the explanation of a doubly multivariate approach. basically, this is called doubly multivariate because there are two kinds of multivariate treatment in the analysis. The first, is a classical MANOVA, in which multiple related DVs are combined into a single compound DV. In this case, this would be the treatment of the 3 types of ratings, all being (related) measures of psychopathology. The second is a repeated-measures MANOVA, in which a measure is (usually) repeated at different time-points as here. 

For 3 marks: the d-m approach differs from the approach taken by Nancy in that she treated each different rating as a repeated-measure of psychopathology (across differing types, generating a repeated-measures factor of rating type) as well as using repeated-measures over time. Nancy analysed both her repeated-measures effects, and their interaction, using a MANOVA approach and an ANOVA approach.

For 3 marks: The difference in the questions that can be asked concern the ratings. In Sven’s approach he cannot ask questions about which type of measure was differentially affected over time by the different types of treatment. Each rating is considered as a measure of a single construct (psychopathology) and contributes (with varying weightings) to the compound (multivariate) DV. Nancy’s approach allows questions to be asked about the different rating types (i.e. through interaction effects involving measure [=rating type] as a factor).

(v) (5 marks) Sven’s results show that there was no main effect of therapy group, that is no overall difference between the therapy groups in psychopathology (the compound DV made up from a weighted combination of anx, dep and anger). However, there was significant change over time in the psychopathology compound DV across time (a significant time main effect) and this change over time varied significantly as a function of therapy group. Sven would need further analyses and information about the relative weightings of the compound DV to understand his effects further.

(vi) (10 marks) For 6 marks: The univariate result in part 4 of the printout basically confirms the visual inspection of Nancy’s graphs which was given earlier. Little is going on for depression ratings. The sphericity tests show that uncorrected RM ANOVAs for anx and anger are OK. Anxiety and anger ratings, even after correction for the 3 separate DVs (p=0.017), show significant univariate time*therapy effects. However, as noted earlier, from the patterns shown, although thee are significant fluctuations over time that different between treatment groups, these do not suggest a clear improvement in any rating for any treatment group relative to no treatment control.

For  4 marks: Any sensible suggestions for further analyses should get credit. These might include: breaking down the sig time*therapy interactions for anger and anx further. Obviously, this will require further protection for further multiple testing (which might get quite complex logically; if the overall interaction for each measure separately is tested at 0.017, then further post hoc tests or Bonferroni-corrected contrasts would need to be built around preserving 0.017 rather than 0.05). Other useful analyses might be to compare each of the treated groups with the no-treatment control at the end of the therapy (point 4). It seems likely that, if anything, they are going to be significantly worse than the no-treatment group for each type of rating. But, actually, from the grpahs that might just reflect baseline (time=1) values largely, so analyses just including time points 1 and 3 would show this). Similar analyse might be proposed for time1 vs time 2 only (which might show some improvements in the treated groups, and thus might provide evidence that treatments should not go on beyond 2 weeks).

Section C

Question 7

This question does not need to be answered using algebra although they were taught it this way and it is much easier. An answer in words alone, which gave all the correct steps, could in principle get full marks (but it would be very difficult to achieve and is unlikely).

(i) (10 marks) 

For a variable xobs the following expression is the basis of classical test theory (CTT):

xobs = xtrue + (x

xobs is the observed (i.e. measured) value of a variable x; xtrue is the true value for the variable; and (x is the error term associated with the measurement of xobs. The error term is random which means that it has zero mean (i.e. not a systematic bias) and is also uncorrelated with xtrue. Thirdly, the error term is assumed to be drawn from a normal distribution. [To help with later explanations: we can represent the true variation in x and the error term with independent normal variables, denoted G(mu, sigma) where mu is the mean of the normal distribution and sigma is the s.d.]
(ii) (5 marks) 

σ2obs is the variance associated with the observed score of x; σ2true is the variance associated with the true score of x; and  σ2error is the error variance. From the basics of CTT  we know that σ2obs = ( σ2true + σ2error)

Reliability is defined as the proportion of the observed variance in a measure which reflects true (non-error) variance of the entity being measured.

Thus reliability =  σ2true / σ2obs = σ2true /( σ2true + σ2error) 

(iii) (10 marks)

Let us assume xobs is the value measured at one time-point and yobs is the value of the same variable measured at another time point. The correlation between xobs and yobs, rxy, is defined as

rxy = Covar(xobs, yobs) / sqrt(Var(xobs)*Var(yobs)) 

where Covar(a, b) is the covariance between a and b.

From the information above, the expected values of sample variance of x and y can be written as:



Exp{Var(xobs)} = (p2 + (errx2


Exp{Var(yobs)} = (p2 + (erry2
Given that the error terms for xobs and yobs are uncorrelated (as errors in CTT are assumed to be), the expected covariance (shared variance) between xobs and yobs is (p2. It follows from the definition of the correlation between measures, and the expected variance results, that we can obtain the following result for the expected value of the correlation:



Exp{rxy} = (p2 / sqrt(((p2 + (errx2)*( (p2 + (erry2))

If we assume that the measures at each of the two time-points have equal reliability then  (errx2 = (erry2 = (err2. From this is then follows that 


Exp{rxy} = (p2 / ((p2 + (err2)

i.e. the test-retest correlation will approximate the reliability of the measure.

(iv) (10 marks)

Now xobs and yobs are two different measures of the same construct

The average score,  Ave = (xobs  +  yobs)/2 = p + 0.5*error1 + 0.5*error2
Assume again that the reliability of each measure is the same, 

i.e. error1=error2=err

The variance of 0.5*error1 = Var(0.5*error2) =0.25*σ2err  

Thus, as the two error terms are uncorrelated, their variances will sum together. This means that the total error variance associated with Ave is 0.5*σ2err and so the reliability of Ave is

σ2p /( σ2p + 0.5*σ2err). This is greater than the reliability of xobs or yobs, which is 

(p2 / ((p2 + (err2) in either case.
(v) (5 marks)

[Formulae for Cronbach’s alpha are not expected or required, although they are given here for information: if m is the number of items on the scale, and xj is the score for each of the j items being summed. Each item measures process p (with variance (p2) and has an error term with variance (errj2. The scale score, xsum =  (j xj. Alpha is defined as follows:

( = (m/(m​ - 1))*(1 – {(j Var(xj)} / Var(xsum))

and this means, under CTT, that alpha has the following property

( = (m2 * (p2) / {(m2 * (p2) + (j (errj2 }]

They are simply expected to say that alpha is a measure of the internal consistency (reliability) of a (scale) score, when that (scale) score is made up by summing several items. (2.5 marks for saying just this). They might note that when two items (of equal reliability) are being summed, then alpha has the theoretical value given by the expression derived in part (iv) above; ie. σ2p /( σ2p + 0.5*σ2err).
For the remaining 2.5 marks, they should note that ( is directly related to the (square of the) number of items in the scale. They need to explain the impact of this fact as well: e.g., imagine that, for every item on the scale, the true and error variance for item on the scale are the same (i.e., (p2 = (err2). The reliability of each item is thus 0.5. If you have two items (m=2) then the internal consistency,  (, is 0.667 (based on the above formula). If you have 10 items (m=10) then ( is much higher (actually 0.909). So the 2-item scale and the 10-item scale differ substantially in the value of ( even though both scales are made up of individual items of identical reliability. Thus, an impressive-seeming value of ( (e.g., 0.95) might just reflect the fact that you have a scale with many items.

(vi) (10 marks)

In the situation described measure A is supposed to measure process p1; measure B condition 2 is supposed to measure the combined effect of p1 plus p2.

Assuming the processes combine additively, then we can estimate process p2 by subtraction. CTT expressions for each observed measure can be written:


A = G1((p1, (p1) + G11(0, (err1)



B = G2((p2, (p2) + G1((p1, (p1) + G12(0, (err2)

where G1 and G2 are the random normal variables associated with true the values of processes p1 and p2 and G11and G12 are the random normal variables (with zero mean) representing the associated error terms.

Thus, the estimate of p2 is given by:-


Est(p2) = B-A = G2((p2, (p2) + G12(0, (err2) - G11(0, (err1)

The above expression shows an important property of difference measures: under the assumptions of classical test theory they are less reliable than either of the constituent measures (as they contain the variance from the error terms from each part of the subtraction, rather than just a single error term).

Question 8
(i) (10 marks) The logic of resampling approaches appears quite simple (there are actually technical complexities that students were not taught and need not worry about). The following is the logic of randomisation and permutation tests, as well as one kind of bootstrapping which they were taught (another more common kind of bootstrapping has a more complex logic which they were not taught and so need not describe). 

In essence, one takes the actual sample of data obtained, and generates multiple samples (of the same size) by randomly resampling the original data a large number of times (hence the name). The randomisation process (generally) is done in such a way that it will, on average, remove the hypothetical effect of interest in these resampled samples. One calculates the statistic of interest in each of the resampled samples and so can construct a distribution of the statistic, across the many resamplings, which thus generates a distribution of the statistic under the null hypothesis. One can then test whether the value of the statistic in the actual sample is sufficiently unlikely (judged by its percentile value within the resampled distribution) to have occurred by chance. This is directly analogous to standard hypothesis testing (SHT), except that in SHT one makes some parametric assumptions about the data which lead one to expect that the statistic calculated, under the null hypothesis, will follow a well-known statistical distribution. Resampling is non-parametric in that it makes no assumptions about the distribution that the calculated statistic will follow: the sampling distribution of the statistic is generated, as described above, from the actual data. Resampling does assume that each resampled sample is generated from a “pseudo-population”. The distribution of the data in the pseudo-population is exactly that in the observed sample (because of the random nature of the resampling). Resampling therefore assumes that the true population of data is distributed exactly as the actual data in the observed sample; this is not unreasonable as the actual distribution in one’s real sample of data is likely to be the best guess one can make about the actual nature of a population distribution.

(ii) (10 marks)

It is intended that the students say that David prepared a randomisation version of his programme and a bootstrapping version. 3 marks for each of the two names. Randomisation involves random resampling from the original data sample without replacement, whereas bootstrapping involves random resampling with replacement. (It is not necessary to discuss the two different kinds of bootstrapping).

(iii) (10 marks)

This should be a description of how the programme would operate. Each random sample generated by the programme must remove the correlation, across subjects, between the scores in the 5 columns holding the scores for each item. So, the randomisation programme should randomise each of the 5 columns of scores independently, without replacement, across the 100 rows (subjects). [In fact, one doesn’t need to randomise the column containing the scores from item 1 ie column 2, as its relationship with the other 4 item-score columns will be lost if the other 4 columns are randomised.] The bootstrapping programme would do exactly the same except that the randomisation would be with replacement. (This is the version of bootstrapping that they were taught, and is appropriate here. Another more common version of bootstrapping -- that they were not taught and were told would not come up in the exam -- would preserve the relationship across rows and resample the complete row of data for a single subject 100 times for each artificially created sample, and would do this with replacement. Thus, in each resample some subjects’ data may come up several times and others may not come up at all. However, assuming there is some correlation across subjects for the 5 scores, this resampling approach would leave some internal consistency to the scores.This other method is used for constructing confidence intervals around the actual value of alpha obtained, which is a different logic and is not appropriate here, where we wanted to estimate the distribution of alpha under a scale of uncorrelated items.) The programme would calculate alpha for each resampled dataset and keep a record of all the alpha values so calculated. There would typically be several thousand resamples generated. The programme would also compute percentiles within the resampled distribution for alpha.

(iv) (5 marks)  The obtained value of alpha was 0.255. David’s alternative hypothesis (of internal consistency between the items, assuming they were all scored in the same direction) is for a positive value of alpha, and so he can use a 1-tailed test. Te thus can reject the null hypothesis as 0.255 lies beyond the 95th percentile of the resampled distribution (0.233), and so the value of 0.255 is unlikely to have come from a scale composed on uncorrelated items. This is all you need for the 10 marks.

(v) (5 marks). This just requires the mechanics of getting an exact p-value from the resampling distribution of 1000 observations. Basically, David needs to rank order the 1000 resampled values of alpha from lowest to highest and work out where the actual sample value (0.255) comes in such an ordering. Imagine it came between the 961st and 962nd resampled values. The exact 1-tailed p-value would be (1-961/1000), or 0.039.

(vi) (5 marks). Based on his resampling distribution, that sampling distribution of alpha was approximately normal with a mean of -0.027 and with an s.d. of 0.171. This s.d. is the standard error of alpha. (Any student who converts the standard deviation to a standard error using the sample size of 1000 can get no more than 2 marks for this part.) David could then calculate a z-score for the observed value of alpha, ie z= (0.255--0.027)/0.171=1.65. This z value is borderline significant (just <0.05, 1-tailed). Alternatively: it would also be reasonable to say that the expected value of alpha should be zero under the null hypothesis (and this is confirmed by the near-zero mean of the resampling distribution). So the mean for alpha under the null hypothesis could be estimated as zero. The calculation would then yield z=0.255/0.171=1.49, which is clearly a 1-tailed trend.

(vii) (5 marks). 

1.5 marks:   If you increased the number of resampled data sets from 1000 to 5000 the mean and standard deviation of the resampling distribution for alpha would change a little randomly, due to sampling fluctuations caused by having a larger sample; one hopes that having more resamples would give more accurate estimates of the distribution parameters (although one can’t predict whether the s.d. values would go up or down, and there may be a point beyond which increasing the number of resamples has virtually no effect). No marks for this subsection if a student says the standard deviation would go down owing to the larger number of resamples

1.5 marks:  If you increased the number of participants from 100 to 200 then you would expect some small random change in the value of alpha calculated from the whole sample (sampling fluctuation). However, if the 100 subjects used to calculate 0.255 were a random subset of the 200 then one would not expect any systematic change. No marks for this subsection if any systematic change is proposed.

2 marks:  If you used a sample of 200 participants to generate the 1000 resamples then one would expect that the standard deviation of the resampling distribution (the standard error of alpha) would be reduced. (This is expected for exactly the same reason that the standard error of the mean is reduced by increasing the sample size.) So if the value of alpha was found to be 0.255 in the whole sample of 200 (ignoring sampling fluctuation), then resampling 1000 times from this sample of 200 would find alpha to be more significantly different from zero than based on the “100 subject and 1000 resamples” distribution. Having more subjects would increase the power of the resampling test of alpha.

Question 9

(i) (5 marks) Tony can conclude that the regressions of IQ on cognitive task performance were not statistically different across the two gender groups. This is because the sex*scalediq effect in the ANOVA output was nonsignificant. This is a homogeneity of regressions test (of the kind you would use before carrying out an ANCOVA).

(ii) (20 marks). Here you just have to do the calculation correctly using the given formulae.

group 1 is male in the following working (following the coding used in the dataset)

b1 is the regression coefficient for males = 1.142; N1 =50

b2 is the regression coefficient for females = 0.841; N2 =49

df = df1 + df2 = (50-2) + (49-2) = 95; 

SSresid1 = 2370.523 (from regression ANOVA table for males)

SSresid2 = 1931.094 (from regression ANOVA table for females)

sresid2 = (SSresid1 + SSresid2)/(df1 + df2)

         = (2370.523 + 1931.094)/95
        = 45.280

(note that this checks exactly with the MSerror in the ANOVA table of part 1 of the printout)

sresid = sqrt(45.280)= 6.729

sd(iq) in males    = 1.92131  thus variance=sx12 = 1.92131*1.92131 = 3.6914

sd(iq) in females = 2.21851  thus variance=sx22 = 2.21851*2.21851 = 4.9218

se(b1 - b2) =  sresid * sqrt(1/[sx12*(N1 -1)] +1/[sx22*(N2 -1)])

se(b1 - b2) =  6.729 * sqrt (1/[3.6914 * 49] + 1/[4.9218*48])

                 =  6.729 * sqrt(1/180.8786   + 1/236.2464)

                 =  6.729* sqrt(0.0097614)

                 =  6.729*0.0988

                 =  0.6648 

t = (b1 - b2)/se(b1 - b2)

  = (1.142 - 0.841)/0.6648

  =  0.453

t2=0.205

this checks with the F value of 0.206 in the ANOVA printout of part 1 to within rounding error!

(iii) (15 marks) One can compare regressions across groups as in the above example: this tests the null hypothesis that the value of the regression coefficient is the same in the two (or more) groups. This is therefore testing whether the slope of the best fitting line in the scatterplot of DV vs IV is the same for each group. When one is comparing correlation coefficients, one is testing the null hypothesis that the size of the correlation coefficients does not vary across groups. The size of the correlation coefficient indexes the strength of the relationship in the DV-IV plot (which variable is the DV is arbitrary here). The larger the (absolute size of the) correlation coefficient the more tightly the datapoints are clustered around the best-fitting regression line. So it is possible for the regression slopes in two groups to be similar but the data be significantly more tightly clustered around the best-fitting line in one group than the other (ie for the correlation coefficients to differ in size). Conversely, it is possible for the correlations to be of equivalent strength but the regression lines, about which the datapoints are clustered, may have significantly different slopes. This is illustrated in the following scatter plots:_

The next two plots indicate similar correlations but different slopes (about 2.3 in group 2 and around 1 in group 1, check against scales)
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and the next two plots indicate the converse, very different correlations but similar slopes (about 1 for each group):
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In psychology one usually does not have specific hypotheses about the regression slope in one group being steeper than that of another group. More often, one would be interested in whether the relationship between variables X and Y was stronger in one group than another. In this case, Tony is much more likely to have a hypothesis that IQ is a stronger predictor of cognitive performance in one gender group than another (i.e. a hypothesis about correlations), rather than having a hypothesis that the slope of the line relating IQ and cognitive task performance would be steeper in one gender group than another (ie a hypothesis about regressions slopes).

(iv) (10 marks)  The first 4 marks are for doing the calculation correctly. 

Z = (r1’ - r2’) / sqrt(1/[N1 - 3] +1/[N2 - 3])

group 1 are males; N1=39; N2=26

r1’=0.025; r2’= 0.590

Z = (0.025 - 0.590) / sqrt(1/36 + 1/23)

   =  -0.565/sqrt(0.07126)

   = -0.565/0.267

   = -2.12

Then 1 mark for commenting upon the use of a two-tailed test (appropriate as Tony had no particular predictions) and 1 mark for establishing an uncorrected p-value: clearly the z- value is clearly significant, being larger than the 0.05 two-tailed critical Z value (= 1.96) but smaller than the 0.01 value (=2.33).

The final 4 marks are for properly discussing the fact that this is essentially a post-hoc test and needs some kind of correction for multiple comparisons. A Bonferroni correction would mean, for a family of 5 comparisons of correlations between groups, that each test should be evaluated at 0.05/5=0.01, so even the difference for agreeableness does reach significance when corrected, although there is a trend. A sophisticated answer might argue that he could have used a multi-stage Bonferroni procedure (Larzelere and Mulaik) which evaluates the largest correlation at 0.05/5, and if this is significant then tests the next largest at 0.05/4 etc. This way would mean that the agreeableness difference was still nonsignificant, and as it was not significant no further tests would be conducted. 

The same outcome would occur if the answer recommended the Benjamini and Liu false discovery rate protection method; the agreeableness test should be tested against min(0.05, 0.05*m/m2) where m is the number of comparisons (m=5). Clearly, the critical p-value is still 0.01, and so the agreeableness comparison is nonsignificant. As this was non-sig, progressing to the other comparisons does not occur.
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