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A number of statisticians have discussed general purpose utility functions for identifying useful experiments
to conduct, as special cases of value of information (VOI) analysis. These utility functions are proposed for
use in experiment selection problems where the goal is to obtain information about the true state of the
world, in the absence of knowledge of the precise utility of each correct or incorrect decision. Theoretically,
this probabilistic, decision-theoretic (Savage, 1954) approach to experiment selection contrasts with the
logical falsificationist philosophy of science popularized by Karl Popper (1959). Examples of optimal
experimental design (OED) utility functions include Bayesian diagnosticity (I. J. Good, 1950), mutual
information (information gain; Shannon, 1948; Lindley, 1956) or Kullback-Liebler distance (Kullback &
Liebler, 1951), impact (Wells & Lindsay, 1980; Klayman & Ha, 1987; Nickerson, 1996), and error
minimization (probability gain; Baron, 1985).

Several investigators have studied whether OED theories of information acquisition may provide accurate
descriptive models of human intuition and behavior. Do people's ideas about what medical tests are most
useful correspond to the theoretical goal of improving the probability of correct diagnosis (Baron, Beattie
and Hershey, 1988)? Do people's ideas about what features are most useful in classification tasks
correspond to Bayesian diagnosticity (Skov & Sherman, 1986; Slowiaczek et al., 1992)? Do people's
choices of queries on the 2-4-6 number concept task (Wason, 1960, 1966) maximize information gain
(entropy reduction; Ginzburg & Sejnowski, 1996)? Several authors have also considered whether human
eye movement can be modeled as an OED task (Legge, Klitz & Tjan, 1997; Renninger, Coughlan, Verghese,
& Malik, 2005; Najemnik & Geisler, 2005; Nelson & Cottrell, in press). These models treat eye movements
as experiments, where the visual information obtained by looking in a particular location is the experiment’s
outcome.

Within the OED framework for understanding and modeling human evidence acquisition, particular
researchers' choices of utility functions have been rather arbitrary. Many articles have compared human
ratings or choices with only a single utility function. It is therefore unclear whether a particular utility
function approximates human intuitions in a wide range of tasks, and if so, which utility. We report progress
along these lines (Nelson, 2005). One project was to re-implement the probability models in several articles,
to ascertain whether the various utilities make contrary predictions. In most cases, all OED utility functions
agree on which possible experiment is most useful, which experiment is next-most-useful, etcetera. Another
project was to optimize the behavior of various utility functions, so as to maximize pairwise disagreement
between them. Results of this optimization were used in an experiment to better differentiate which utility
functions most closely approximate human intuitions.

Together, results to date suggest remarkable concordance between OED utility functions and human
intuitions, on a variety of experimental tasks. In current work we seek to compare perceptual (eye
movement) and cognitive (question or mouse click) means of information acquisition on a categorization
task. Theoretical issues for future work include consideration of sequential scenarios, and of cases with
interesting class-conditional feature dependencies, such as symmetries in natural objects. Better elucidation
of naive human intuitions about the usefulness of information should also facilitate identification of
particular cases where intuitive strategies may fail.
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