	23 October, 2007
	Lab 04: Testing hearing Psychophysically





Pre-Lab: Read the Pre-Lab sections of this lab assignment and go over all exercises before going to your actual assigned lab session. 

Verification: When you have completed a step and want verification, simply demonstrate the step to the instructor. 

Lab Report: It is only necessary to turn in a report on Sections that require you to make graphs and to give short explanations. You are asked to label the axes of your plots and include a title for every plot. If you are unsure about what is expected, ask the instructor. 



1 Pre-Lab 

In this seventh and eight week, the Pre-Lab is about psychophysical testing of lateralization.
1.1 Goal
The purpose of this lab is to determine the threshold of the minimum audible angle by use of dichotic stimuli. That is, two different auditory stimuli (i.e., different in their in Phase or Intensity) are presented to an observer simultaneously, one to each ear.
The specific goals are:
1. Collecting 2AFC psychophysical data with dichotic stimuli. 
2. Evaluation of the data by fitting a psychometric curve by use of likelihood maximization.

3. Computing the threshold and its confidence intervals. 
1.2 Fitting psychometric functions in Matlab.
In this section it is explained how the data is fitted with a psychometric function in order to find the threshold. Subsequently, it is explained how one can assess the lack of fit using a Monte Carlo generation of the statistic’s distribution and a set of goodness of fit tests. 
Consider the following data derived from a subject’s performance on some physical aspect of the stimulus. In our case it relates the probability (in percentage) of saying that the sound came from the left side to the amount of interaural time in microseconds. 
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It is reasonable to assume that the value of the variable ITD follows a binomial distribution since the data was obtained by a two alternative forced choice paradigm (2-AFC). The plot shows that the proportion of saying that the sound came from the left follows a nonlinear S-shape.

This shape is typical of graphs of proportions, as they have natural boundaries at 0.0 and 100 percent. A linear regression model would not produce a satisfactory fit to this graph. Not only would the fitted line not follow the data points, it would produce invalid proportions less than 0 for ITD <-75 μs, and higher than 1 for ITD >+50 μs. There is a class of regression models for dealing with proportion data.
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The logistic model is one such model. It defines the relationship between probability, p, and ITD, x:
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Is this a good model for the data? It would be helpful to graph the data on this scale, to see if the relationship appears linear. However, some of the proportions are 0 and 100, so you cannot explicitly evaluate the left-hand-side of the equation. A useful trick is to compute adjusted proportions by adding small increments to the poor and total values—say a half observation to poor and a full observation to total. This keeps the proportions within range. A graph now shows a more nearly linear relationship. How would you compute the adjusted data?

Fortunately, Matlab provides tools to achieve this, called: the generalized linear model (GLM) or glmfit. It is a useful generalization of ordinary least squares regression. It relates the random distribution of the measured variable of the experiment (the distribution function) to the systematic (non-random) portion of the experiment (the linear predictor) through a function called the link function. 
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Both fits (red lines) are obtained with the Matlab function glmfit using the following code: 
######################################################################
clear all
close all
clc

%%%%% Mockup DATA
%%% Stim level / Probability of saying sound came from the left

%%% Number of presentations
dat=[
  -71.2870    2.0000   50.0000
  -61.1020    3.0000   50.0000
  -50.9190    3.0000   50.0000
  -40.7350    7.0000   50.0000
  -30.5510    7.0000   50.0000
  -20.3670   13.0000   50.0000
  -10.1840   25.0000   50.0000
         0   23.0000   50.0000
   10.1840   35.0000   50.0000
   20.3670   37.0000   50.0000
   30.5510   45.0000   50.0000
   40.7350   50.0000   50.0000
   50.9190   49.0000   50.0000
   61.1020   50.0000   50.0000
   71.2870   48.0000   50.0000];
datglm=dat;
%%  Fitting psychometric data  using glmfit
[b1,d1,s1] = glmfit(datglm(:,1),[datglm(:,2) datglm(:,3)],'binomial')
x = -100:.01:100; 
y = glmval(b1,x,'probit',s1); %% RIGHT plot
y = glmval(b1,x,'logit',s1);  %% LEFT plot
figure(1)
hold off
plot(dat(:,1),(datglm(:,2)./datglm(:,3))*100,'x',x,y*100,'r-','LineWidth',2)
hold on
ylabel('Probability hearing sound from the left side','FontName','Arial','FontSize',13)
xlabel('Interaural time difference in microseconds','FontName','Arial','FontSize',13)
set(gca,'FontName','Arial','FontSize',13,'LineWidth',2);
grid 
p75=max(y(y>.749 & y<.751));
th75=x(find(y==p75))
plot(th75,p75*100,'o')
p25=max(y(y>.249 & y<.251));
th25=x(find(y==p25))
plot(th25,p25*100,'o')
######################################################################
Thus, generalized linear models can fit a variety of distributions with a variety of relationships between the distribution parameters and the predictors. However, as you can see the goodness of fit depends heavily on the link function; in this case “logit” is a more adequate linker than “probit”.
Below, it will be explained how one can assess the lack of fit using a Monte Carlo generation of the statistic’s distribution and a set of goodness of fit tests. It is also possible to find derive the threshold from the obtained the psychometric functions. But with the glmfit we cannot determine its confidence-interval (CI) (i.e., the reliability of the estimated threshold).
2 Fitting data
This section is based on the original paper of Felix A. Wichmann and N. Jeremy Hill, The psychometric function: I. Fitting, sampling, and goodness of fit, 2001 along with a toolbox to fit psychometric data. It is highly useful to create fit and asses psychometric data.
2.1 Installation

All of the .m files in the Toolbox should be copied into a single directory whose name is then added to the MATLAB path (see pathdef.m). The name of the directory does not matter so something like "psychometrictoolbox" will suffice. The location of the directory is also immaterial: the only requirement is that it can be accessed by MATLAB.

2.2 Finding the threshold. 
To model the process underlying experimental data, we usually assume the number of correct responses yin in a given block i  to be the sum of random samples from a Bernoulli process with a probability of success pi. A model must then provide a psychometric function ψ(x), which specifies the relationship between the underlying probability of a correct response p and the stimulus intensity x. A frequently used general form is: 
ψ(x;α,β,γ,λ)=γ+(1−γ−λ)F(x;α,β) 

Here F is the cumulative distribution function, θ = [α, β, γ, λ] is the set of parameters defining the shape of the curve, γ is the lower bound of ψ(x,θ) (here we use 2AFC so γ = 0.5), and finally λ is the miss rate (rate at which the observer lapses, 0 ≤ λ ≤ 0.06, λ = 0 denotes the perfect observer). 

ψ(x;α,β,γ,λ)
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Can you explain why this function ranges from 50% to 100% and the glmfit run from 0% to 100%, since both were obtained with a 2AFC paradigm.

2.3 Parameter estimation

In order to perform the parameters estimation, we used the likelihood maximization. In our case, provided that the values of y are assumed to have been generated by Bernoulli processes, it is straightforward to compute a likelihood value for a particular set of parameters θ, given the observed values y. 

The maximum-likelihood estimator of θ is simply that set of parameters for which the likelihood value is largest. 
Bayesian priors are then used to constrain the fit according to the assumptions of our model. It is sometimes possible that the maximum-likelihood estimate contains parameter values that are either nonsensical or inappropriate (λ ≤ 0 or λ ≥ 0.06). In both cases, it would be better for the fitting algorithm to return parameter vectors that may have a lower log-likelihood than the global maximum, but that contain more realistic values. 
Bayesian priors provide a mechanism for constraining parameters within realistic ranges, based on the experimenter’s prior beliefs about the likelihood of particular values. A prior is simply a relative probability distribution specified in advance, which weights the likelihood calculation during fitting.
One should avoid bias caused by observers’ lapses in the following manner. Usually, adjust to λ = 0, so that the upper bound of ψ(x,θ) is always 1.0. Doing so, we assume that observers make no stimulus-independent errors. 
With the following example taken from the original paper, we show the importance of letting the parameter λ free during fitting. 
2.4 Example data

The dark circles indicate the proportion of correct responses made by an observer in six blocks of trials in a 2AFC minimum audible angle (MAA) task. Each data point represents 50 trials, except for the last one, at stimulus value 3.5, which represents 49 trials: the observer still has one trial to perform to complete the block. If we were to stop here and fit a Weibull function to the data, we would obtain the curve plotted as a dark solid line. Whether or not λ is fixed at 0 during the fit, the maximum-likelihood parameter estimates are the same: {α = 1.573, β = 4.360, λ = 0}. Now suppose that, on the 50th trial of the last block, the observer blinks and misses the stimulus, is consequently forced to guess, and happens to guess wrongly. The new position of the data point at stimulus value 3.5 is shown by the light triangle: it has dropped from 1.00 to .98 proportion correct. 
The solid light curve shows the results of fitting a two parameters psychometric function (i.e. allowing α and β to vary, but keeping λ fixed at 0). The new fitted parameters are {α = 2.604, β = 2.191}. Note that the slope of the fitted function has dropped dramatically in the space of one trial—in fact, from a value of 1.045 to 0.560. If we allow λ to vary in our new fit, however, the effect on parameters is slight—{α = 1.543, β = 4.347, λ = 0.014}—and thus, there is little change in slope: dF / dx evaluated at x = F 0.5−1 is 1.062. 
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The misestimating of parameters shown in the Figure above is a direct consequence of the binomial log-likelihood error metric because of its sensitivity to errors at high levels of predicted performance: since ψ(x;θ) ⇒ 1, so, in the third term of the previous equation, 
(1−yi)nilog1−ψ(xi;θ)[ ⇒ -∞ unless the coefficient (1−yi)ni is 0. Since yi represents observed proportion correct, the coefficient is 0 as long as performance is perfect. However, as soon as the observer lapses, the coefficient becomes nonzero and allows the large negative log term to influence the log-likelihood sum, reflecting the fact that observed proportions less than 1 are extremely unlikely to have been generated from an expected value that is very close to 1. Log-likelihood can be raised by lowering the predicted value at the last stimulus value, ψ(3.5;θ). Given that λ is fixed at 0, the upper asymptote is fixed at 1.0; hence, the best the fitting algorithm can do in our example to lower ψ(3.5;θ) is to make the psychometric function shallower. 
Finally, one could say that fitting a tightly constrained λ is intended as a heuristic to avoid bias in cases of non-stationary observer behavior. It is, as well, to note that the estimated parameter λ is, in general, not a very good estimator of a subject’s true lapse rate. Lapses are rare events, so there will only be a very small number of lapsed trials per data set. Furthermore, their directly measurable effect is small, so that only a small subset of the lapses that occur (those at high x values where performance is close to 100%) will affect the maximum-likelihood estimation procedure; the rest will be lost in binomial noise. 
In addition, Wichmann and Hill have shown that for their simulations N = 120 appears too small a number of trials to be able to obtain reliable estimates of thresholds and slopes for some sampling schemes, even if the variable-λ fitting regime is employed. Other studies have shown that the total number of experimental trials should be at least as high as 200 to obtain reliable estimates of thresholds.
2.5 Parameter estimation
A problem arises with traditional goodness-of-fit methods, since psychophysical data tend to consist of small numbers of points and it is, hence, by no means certain that such tests are accurate. A promising technique that offers a possible solution is Monte Carlo simulation, which is potentially well suited to the analysis of psychophysical data, because its accuracy does not rely on large numbers of trials.
Lack of fit may result from failure of one or more of the assumptions of one’s model. First and foremost, lack of fit between the model and the data could result from an inappropriate functional form for the model (F is inappropriate). Second, our assumption that observer responses are binomial may be false (e.g. there might be serial dependencies between trials within a single block). Third, the observer’s psychometric function may be non-stationary during the course of the experiment, be it due to learning or fatigue. 
Usually, inappropriate models and violations of independence result in over-dispersion: “bad fits” in which data points are significantly further from the fitted curve than was expected. Experimenter bias in data selection (e.g. informal removal of outliers), on the other hand, could result in under-dispersion: fits that are “too good to be true,” in which data points are significantly closer to the fitted curve than one might expect.

Here we only focus on the case of over-dispersion. Wichmann and Hill use a of goodness-of-fit test for psychometric functions that rely on different analyses of the residual differences between data and fit (i.e. sum of squares) and a Monte Carlo generation of the statistic’s distribution, against which to assess lack of fit.
[image: image8.emf]The log-likelihood ratio, or deviance, is a monotonic transformation of likelihood and therefore fulfills the criterion set out in the previous equation. Deviance is used to assess goodness of fit, rather than likelihood or log-likelihood directly, because, for correct models, deviance for binomial data is asymptotically distributed as, where κ denotes the number of data points (blocks of trials). Χκ2.
The distribution of deviances, D, is obtained using Monte Carlo simulation in the following way. Let Demp denote the deviance of our empirically obtained data set, then if Demp > D*(.975) (two-sided 95% confidence interval) then over-dispersion occurs. The figure above shows an example of assessing goodness of fit with deviance. In this example, the test would be negative (we are not in presence of over-dispersion), since Demp < D*(.975).

2.6 Creating your own fits
Here, psychometric functions are fitted using the psignifit toolbox version 2.5.6 for MATLAB (see http://bootstrap-software.org/psignifit/) which implements the maximum-likelihood method described by Wichmann and Hill (2001). Moreover, confidence intervals were found by the bootstrap method implemented by psignifit, based on 500 simulations.
With aid of the Toolbox and your knowledge about Matlab from the previous Lab assignments you should be able to fit any given set of psychometric data.

For example, examine the following code:

% See the documentation psych_options.m for a list of available options, 
% and refer to psych_glossary.m  for definitions and explanations where necessary. 
% The tutorial script psych_tool_demo.m begins to break down the operation of pfit, 
% demonstrating the use of some of the toolbox functions.
% Refer to psignifit/contents.m for a full list of available functions (
%%%%%%%%%%%type helpwin psignifit to browse the toolbox from within Matlab). 
%%%%%%%%%%      helpwin psignifit
clear all
close all
clc
%%% Stim lev. Probability Correct  number of measurements  yes no
dat=[
   -7.1287    0.0333   50.0000    2.0000   48.0000
   -6.1102    0.0556   50.0000    3.0000   47.0000
   -5.0919    0.0465   50.0000    3.0000   47.0000
   -4.0735    0.1304   50.0000    7.0000   43.0000
   -3.0551    0.1379   50.0000    7.0000   43.0000
   -2.0367    0.2500   50.0000   13.0000   37.0000
   -1.0184    0.4898   50.0000   25.0000   25.0000
         0    0.4595   50.0000   23.0000   27.0000
    1.0184    0.6818   50.0000   35.0000   15.0000
    2.0367    0.7391   50.0000   37.0000   13.0000
    3.0551    0.8889   50.0000   45.0000    5.0000
    4.0735    1.0000   50.0000   50.0000         0
    5.0919    0.9744   50.0000   49.0000    1.0000
    6.1102    1.0000   50.0000   50.0000         0
    7.1287    0.9565   50.0000   48.0000    2.0000];
yes=ceil(dat(:,2).*dat(:,3));
no=dat(:,3)-yes;
dat=dat(:,1:3)
dat(:,2)=ceil(dat(:,2).*dat(:,3))
datglm=dat
dat(:,2)=dat(:,2)./dat(:,3)
%%
%%% initial parameter setting
alpha=-0.2036 ;   
beta=2.633  ;  
gamma=0.03054 ;  
lambda=0.01412; 
%pfit(dat,'shape', 'cumulative gaussian', 'n_intervals', 1,'conf',[0.05 0.95],'cuts',[0.25 0.5 0.75], 'sens',15,'runs', 100)
pfit(dat,'shape', 'cumulative gaussian', 'n_intervals', 1,'conf',[0.05 0.95],'cuts',[0.25 0.5 0.75],'runs', 100)
[s rSeed STAT]=pfit(dat,'shape', 'cumulative gaussian', 'n_intervals', 1,'conf',[0.05 0.95],'cuts',[0.25 0.5 0.75], 'sens',15,'runs', 500)
alpha=s.params.est(1);
beta=s.params.est(2);
gamma=s.params.est(3);
lambda=s.params.est(4);
%%BINOMIAL ERROR BARS
[lo up]=BinomialErrorBars(no,yes);
figure(1)
X=-8:0.01:8;
P = gamma + (1-gamma-lambda) * normcdf(X,alpha,beta);
figure(100)
hold off
plot(X,P*100)
            hold on
            errorbar(dat(:,1),dat(:,2)*100,abs(dat(:,2)-lo)*100,abs(up-dat(:,2))*100,'bo')
            %P = gamma + (1-gamma-lambda) * normcdf(X,alpha,1.2);
            %plot(X,P*100,'r-x')
%%% END PLOT 
dat=datglm;
[b1,d1,s1] = glmfit(dat(:,1),[dat(:,2) dat(:,3)],'binomial','link','probit')
x = -10:.01:10; 
y = glmval(b1,x,'probit',s1);
plot(dat(:,1),(dat(:,2)./dat(:,3))*100,'x',x,y*100,'r-')
s.params.est(2)
s.params.lims(:,2)
s.thresholds.est
s.thresholds.lims
s.stats.deviance.D %%%%% calculate with [D res p]=deviance('cumulative Gaussian',s.params.est,dat)
[s.stats.deviance.D 1-chi2cdf(s.stats.deviance.D ,15-4)]
[d1 1-chi2cdf(d1 ,15-2)]
Your task is to evaluate the Matlab code above and answer the following questions.
1. Which line in the code performs the actual fit(s)? Note that also a glmfit was performed to compare it with fit as obtained with the psignifit toolbox. Use helpwin psignifit to get help from the psignifit toolbox.
2. Explain what psychometric data format is required?

3. How can you set the threshold values to 25% and 75% correct? What are their Confidence Intervals?
4. Can you determine the goodness of fit?

� EMBED Equation.3  ���
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