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Today’s candidate for the Hall of Fame or Shame is adaptive menus, a feature of Microsoft Office.  
Initially, a menu shows only the most commonly used commands.  Clicking on the arrow at the 
bottom of the menu expands it to show all available commands. Adaptive menus track how often a 
user invokes each command, in order to display frequently-used commands and recently-used 
commands.

This interface is striving for a compromise between simplicity (i.e., providing as few features as 
possible) and task analysis (supporting the tasks required by many users, and trying to adapt to the 
common tasks of each individual user).  Both properties are important for usability.  Unfortunately 
they also compete with each other. Adaptive menus are an interesting hybrid technique that’s trying 
to satisfy both.

The downside is lack of predictability.  Because the menu may change in complex and unpredictable 
ways – with new items appearing and underused items disappearing for no visible reason – the user 
can no longer rely on a lot of useful cues to find menu items.  One of these cues that’s lost is spatial 
memory – Paste may be found at different distances down the menu each time the menu appears.  
Another missing cue is context: Paste’s neighbors may change as well.

Another downside is lack of user control. The adaptation happens automatically; the user can’t 
manually fixate or remove items from a menu.

This particular implementation of adaptive menus has some specific usability problems.  When the 
full menu appears, the new items are inserted into place, and there’s very little contrast in the 
graphic design to distinguish between the old items and the new items. So the user has to search 
through the entire menu again.

But this particular implementation addresses other usability problems very well.  When the user is 
hunting through all the menus, looking for a command, the full menu only has to be requested once; 
then all subsequent menus are fully displayed.

UI Hall of Fame/Shame?



UI Hall of Fame/Shame?
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Here’s an alternative approach to providing easy access to high-frequency menu choices: a split 
menu.  You can see it in Microsoft Office’s font drop-down menu. A small number of fonts that 
you’ve used recently appear in the upper part of the menu, while the entire list of fonts is available in 
the lower part of the menu. The upper list is sorted by recency, while the lower part is sorted 
alphabetically.

Split menus strike a nice balance between efficiency and predictability.



Today’s Topics

• Experiment design 

• Error bar analysis 

• Statistical testing



Controlled Experiment

• Start with a testable hypothesis 
- e.g. Mac menu bar is faster than Windows menu bar 

• Manipulate independent variables 
- different interfaces, user classes, tasks 

- in this case, y-position of menubar 

• Measure dependent variables 
- times, errors, satisfaction 

• Use statistical tests to accept or reject the 
hypothesis



Design of the Menubar Experiment
• Users 

- Windows users or Mac users? 
- Age, handedness? 
- How to sample them? 
- Within-or between-subjects? 

• Implementation 
- Real Windows vs. real Mac 
- Artificial window manager that lets us control menu bar position 

• Tasks 
- Realistic: word processing, email, web browsing 
- Artificial: repeatedly pointing at fake menu bar 

• Measurement 
- When does movement start and end? 

• Ordering 
- of tasks and interface conditions 

• Hardware 
- mouse, trackball, touchpad, joystick? 
- PC or Mac?  which particular machine? 
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Schematic View of 
Experiment Design
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Here’s a block diagram to help you visualize what we’re trying to do with experiment design.  Think 
of the process you’re trying to understand (e.g., menu selection) as a black box, with lots of inputs 
and a few outputs.  A controlled experiment twiddles some of the input knobs on this box (the 
independent variables) and observes some of the outputs (the dependent variables) to see how they 
are affected.

The problem is that there are many other input knobs as well (unknown/uncontrolled variables), that 
may affect the process we’re observing in unpredictable ways.  The purpose of experiment design is 
to eliminate the effect of these unknown variables, or at least render harmless, so that we can draw 
conclusions about how the independent variables affect the dependent variables.

What are some of these unknown variables? Consider the menubar experiment.  Many factors might 
affect how fast the user can reach the menubar: the pointing device they’re using (mouse, trackball, 
isometric joystick, touchpad); where the mouse pointer started; the surface they’re moving the mouse 
on; the user’s level of fatigue; their past experience with one kind of menubar or the other.  All of 
these are unknown variables that might affect the dependent variable (speed of access).



Concerns Driving 
Experiment Design

• Internal validity 

- Are observed results actually caused by the 
independent variables? 

• External validity 

- Can observed results be generalised to the world 
outside the lab? 

• Reliability 

- Will consistent results be obtained by repeating the 
experiment? 



How Many Tennis Balls 
in Each Box

• Hypothesis: box A has a different number of balls than box B 

• Reliability 
- Counting the balls manually is reliable only if there are few balls 
- Repeated counting improves reliability 

• Internal validity 
- Suppose we weigh the boxes instead of counting balls 
- What if an A ball has different weight than a B ball? 
- What if the boxes themselves have different weights? 

• External validity 
- Does this result apply to all boxes in the world labelled A and B? 
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Here’s a simple example to illustrate internal validity, external validity, and reliability.

Suppose we have two boxes labeled A and B, and each box has some balls inside. We want to test the 
hypothesis that these two boxes have different numbers of balls.  (For example, maybe box A is a box of 
tennis balls from one manufacturer, and box B is a box from another manufacturer, both the same price, and 
we want to claim that one box is a better deal than the other.) In this case, the independent variable is the 
identity of the box (the brand of the ball manufacturer), and the dependent variable we’re trying to measure 
is the number of balls inside the box.

This hypothesis is testable because we can do measurements on the boxes to test it.  One measurement we 
might do is open the boxes and count the balls inside each one. If we counted 3 balls in one box, and 5 balls in 
the other box, then we’d have strong evidence that A has fewer balls than B.  But if we counted  99 balls in A 
and 101 balls in B, would we be just as confident?  No, because we know that our counting may have errors --
we may skip balls, or we may double-count balls.  If we counted A again, we might come up with 102 balls.  
The reliability of a single measurement isn’t good enough. We can fix this reliability problem by better 
experiment design: counting each box several times, and computing a statistic (a summary of the 
measurements) instead of using a single measurement.  The statistic is often the mean of the measurements, 
but others are possible.

Counting is pretty slow, though, so to make our experiment cheaper to run, suppose we weigh the boxes 
instead.  If box A is lighter than box B, then we’ll say that it has fewer balls in it.  It’s easy to see the possible 
flaws in this experiment design: what if each ball in box A is lighter than each ball in box B?  Then the whole 
box A might be lighter than B even if it has more balls.  If this is true, then it threatens the experiment’s 
internal validity: the dependent variable we’ve chosen to measure (total weight) is a function not only of the 
number of balls in the box, but also of the weight of each ball, and the weight of the ball also varies by the 
independent variable (the identity of the box). 

Suppose the weight of tennis balls is regulated by an international standard, so we can argue that A balls 
should weigh the same as B balls.  But what if box A is made out of metal, and box B is made out of 
cardboard?  This would also threaten internal validity – the weight of the box itself is a confounding variable.  
But now we can imagine a way to control for this variable, by pouring the balls out of their original boxes into 
box C, a box that we’ve chosen, and weighing both sets of balls separately in box C. We’ve changed our 
experiment design so that the weight of the box itself is held constant, so that it won’t contribute to the 
measured difference between box A and box B.

But we’ve only done this experiment with the box A and box B we have in front of us.  What confidence do 
we have in concluding that all boxes from manufacturer A have a different number of balls than those from 
manufacturer B – that if we went to the store and picked up new boxes of balls, we’d see the same difference?  
That’s the question of external validity. 
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Threats to Internal Validity
• Ordering effects 

- People learn, and people get tired 
- Don’t present tasks or interfaces in same order for all users 
- Randomise or counterbalance the ordering 

• Selection effects 
- Don’t use pre-existing groups (unless group is an independent 

variable) 
- Randomly assign users to independent variables 

• Experimenter bias 
- Experimenter may be enthusiastic about interface X but not Y 
- Give training and briefings on paper, not in person 
- Provide equivalent training for every interface 
- Double-blind experiments prevent both subject and experimenter 

from knowing if it’s condition X or Y 
‣ Essential if measurement of dependent variables requires judgement 
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Threats to External Validity

• Population 
- Draw a random sample from your real target population 

• Ecological 
- Make lab conditions as realistic as possible in important 

respects 

• Training 
- Training should mimic how real interface would be 

encountered and learned 

• Task 
- Base your tasks on task analysis 



Threats to Reliability
• Uncontrolled variation 

- Previous experience 
‣ Novices and experts: separate into different classes, or use only one class 

- User differences 
‣ Fastest users are 10 times faster than slowest users 

- Task design 
‣ Do tasks measure what you’re trying to measure? 

- Measurement error 
‣ Time on task may include coughing, scratching, distractions 

• Solutions 
- Eliminate uncontrolled variation 
‣ Select users for certain experience (or lack thereof) 
‣ Give all users the same training 
‣ Measure dependent variables precisely 

- Repetition 
‣ Many users, many trials 
‣ Standard deviation of the mean shrinks like the square root of N (i.e., 

quadrupling users makes the mean twice as accurate)
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Blocking
• Divide samples into subsets which are more 

homogeneous than the whole set 
- Example: testing wear rate of different shoe sole material
- Lots of variation between feet of different kids 
- But the feet on the same kid are far more homogeneous 
- Each child is a block 

• Apply all conditions within each block 
- Put material A on one foot, material B on the other 

• Measure difference within block 
- Wear(A) – Wear(B) 

• Randomise within the block to eliminate 
internal validity threats 

- Randomly put A on left foot or right foot



Between Subjects vs. Within Subjects

• “Between subjects” design 
- Users are divided into two groups: 
‣ One group sees only interface X 
‣ Other group sees only interface Y 

- Results are compared between different groups 
‣ Is mean(xi) > mean(yj)? 

- Eliminates variation due to ordering effects 
‣ User can’t learn from one interface to do better on the other 

• “Within subjects” design 
- Each user sees both interface X and Y (in random order) 
- Results are compared within each user 
‣ For user i, compute the difference xi-yi 
‣ Is mean(xi-yi) > 0? 

- Eliminates variation due to user differences 
‣ User only compared with self 



Experiment Analysis

• Hypothesis: Mac menubar is faster to access 
than Windows menubar 

- Design: between-subjects, randomised assignment of 
interface to subject

Windows Mac

400 360

220 210

560 500

340 305



Statistical Testing

• Compute a statistic summarising the 
experimental data 

mean(Win) 
mean(Mac) 

• Apply a statistical test 
- t test: are two means different? 
- ANOVA (ANalysis Of  VAriance): are three or more 

means different? 

• Test produces a p value 
- p value = probability that the observed difference 

happened purely by chance 
- If p < 0.05, then we are 95% confident that there is a 

difference between Windows and Mac 



Hypothesis Testing

• Our hypothesis: position of menubar matters 
- i.e., mean(Mac times) < mean(Windows times) 

- This is called the alternative hypothesis (also called H1) 

• If we’re wrong: position of menu bar makes no 
difference 

- i.e., mean(Mac) = mean(Win) 

- This is called the null hypothesis (H0) 

• We can’t really disprove the null hypothesis 
- Instead, we argue that the chance of seeing a difference at 

least as extreme as what we saw is very small if the null 
hypothesis is true 



Statistical Significance
• Compute a statistic from our experimental data 

X = mean(Win) – mean(Mac) 

• Determine the probability distribution of the statistic assuming 
H0 is true 

Pr( X=x | H0) 

• Measure the probability of getting the same or greater 
difference 

   Pr ( X > x0 | H0 )     one-sided test 
2 Pr ( X > |x0| | H0)    two-sided test 

• If that probability is less than 5%, then we say 
- “We reject the null hypothesis at the 5% significance level” 

- equiv.:  “difference between menubars is statistically significant (p < .05)” 

• Statistically significant does not mean scientifically important 
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T test
• T test compares the means of two samples 

• Two-sided: 
- H0: means are equal 
- H1: means are different 

• One-side: 
- H0: means are equal 
- H1: mean(A) < mean(B) 

• Assumptions: 
- samples A & B are independent (between-subjects, 

randomized) 
- normally distributed 
- equal variance 
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Paired T Test

• For within-subject experiments 

• Uses the mean of the differences (each user 
against themselves) 

• H0: mean of differences is zero 

• H1: mean of differences is nonzero (two-
sided test)



Analysis of Variance 
(ANOVA) 

• Compares more than 2 means 

• One-way ANOVA 

- 1 independent variable with k >= 2 levels 

- H0: all k means are equal 

- H1: the means are different (so the 
independent variable matters) 



Two-Way ANOVA

• 2 independent variables with j and k levels, 
respectively 

• Tests whether each variable has an effect 
independently 

• Also tests for interaction between the 
variables



Standard Error of the Mean 
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conclude anything
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The details of how the t test and ANOVA tests work are outside the scope of this course.  But we can talk 
about a simpler method for judging whether an experiment supports its hypothesis or not, if the statistics 
you’re using are means.

The standard error of the mean is a statistic that measures how close the mean statistic you computed is 
likely to be to the true mean.  The standard error is computed by taking the standard deviation of the 
measurements and dividing by the square root of n, the number of measurements.    (This is derived from the 
Central Limit Theorem of probability theory: that the sum of N samples from a distribution with mean u and 
variance V has a probability distribution that approaches a normal distribution, i.e. a bell curve, whose mean is 
Nu and whose variance is V.  Thus, the average of the N samples would have a normal distribution with mean 
u and variance V/n.  Its standard deviation would be sqrt(V/N), or equivalently, the standard deviation of the 
underlying distribution divided by sqrt(n).)

The standard error is a confidence interval for your computed mean. Think of your computed mean as a 
random selection from a normal distribution (bell curve) around the true mean; it’s random because of all the 
uncontrolled variables and intentional randomization that you did in your experiment. With a normal 
distribution, 68% of the time your random sample will be within +/-1 standard deviation of the mean; 95% of 
the time it will be within +/- 2 standard deviations of the mean.  The standard error is the standard deviation of 
the mean’s normal distribution, so what this means is that if we draw an error bar one standard error above 
our computed mean, and one standard error below our computed mean, then that interval will have the true 
mean in it 68% of the time.  It is therefore a 68% confidence interval for the mean.

If we draw the error bar for both computed means – Windows and Mac – and look at whether those error bars 
overlap or are substantially different, then we can make a quick judgement about whether the true means are 
likely to be different.  Suppose the error bars overlap – then it’s possible that the true means  for both 
conditions are actually the same – in other words, that whether you use the Windows or Mac menubar design 
makes no difference to the speed of access.  But if the error bars do not overlap, then it’s very likely that the 
true means are different.  (How likely?  Suppose the true mean lies somewhere between the two error bars, but 
outside both of them.  Then the probability of seeing the results you did – your computed means so far away 
from the true mean – is 1-(1-0.68)*(1-0.68), which is about 10%.)

The error bars can also give you a sense about the reliability of your experiment, also called the statistical 
power.  If you didn’t take enough samples, your error bars will be large relative to the size of the data.  So the 
error bars may overlap even though there really is a difference between the conditions.  The solution is more 
repetition – more trials and/or more users – in order to increase the reliability of the experiment.

Plotting your data with error bars is the first step you should do after every experiment, to eyeball your results 
and judge whether statistical testing is worthwhile, or whether you need more data.  If you want to publish the 
results of your experiment, you’ll probably need to do some statistical tests as well, like t tests or ANOVAs.  
But your paper should still have plots with error bars in it.  Some researchers even argue that the error-bar 
plots are more valuable and persuasive than the statistical tests (G.R. Loftus, “A picture is worth a thousand p 
values: On the irrelevance of hypothesis testing in the microcomputer age,” Behavior Research Methods, 
Instruments & Computers, 1993, 25(2), 250—256).
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and judge whether statistical testing is worthwhile, or whether you need more data.  If you want to publish the 
results of your experiment, you’ll probably need to do some statistical tests as well, like t tests or ANOVAs.  
But your paper should still have plots with error bars in it.  Some researchers even argue that the error-bar 
plots are more valuable and persuasive than the statistical tests (G.R. Loftus, “A picture is worth a thousand p 
values: On the irrelevance of hypothesis testing in the microcomputer age,” Behavior Research Methods, 
Instruments & Computers, 1993, 25(2), 250—256).




