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Abstract
Categorization and decision making are combined in a task with photorealistic faces. Two
different types of face stimuli were assigned prdissibally into one of two fictitious groups;
based on the category, faces were further piligiedally assigned to be hostile or friendly. In
Part |, participants are asked to categorize a face into one of two categories, and to make a
decision concerning interaction. A Markov model of categorization followed by decision making
provides reasonable fits to Part | data. A Markov model predicting decision making followed by
categorization is rejected. In Part Il, a no-parameter model predicts decisions using
categorization and decision responses collected in separate trials, suggesting that Part 1 results are
not an artifact of the presentation of categorization and decision questions within a single trial.
Decisions concerning interaction (defensive/friendly) appear to be based on information from the

category decision, and not from the face stimuli alone.



Exploring the Relations between Categorization and Decision Making
with Regard to Realistic Face Stimuli

Every day we make decisions about how we are going to interact with strangers. Perhaps
in many cases, we opt for a strategy based on some categorization made on the basis of
appearance. For example, convenience store clerks may decide to act in a friendly or defensive
manner toward their customers based on the clerk’s perceived threat of robbery or possible
physical harm from their customers as opposed to a more benign mode of dress, race (in the case
of stereotype), style of grooming, posture, language and so on. In fact, categorization might
contain the necessary and/or sufficient information to form and execute an interaction decision.
Such a decision involves executing a particular type of response toward another individual. The
focus of this investigation is on initial perception of two classes of fairly realistic faces, created
from photographs, differentiated according to physical characteristics, on the intervening
categorization and on the final interaction decision. Actually, the categorization and final decision
are under direct experimental manipulation, whereas the initial perception lies in the background
of this particular investigation.

Individuals might employ their categorization label to determine their decision in a
relatively strong form, in which case a type of decision might follow deterministically from the
categorization. A weaker form would allow the decision to depend probabilistically on the
categorization: given a categorization label, the probabilities of the various possible decisions
would be determined, and no further direct dependence on the stimulus (e.g., the appearance of
the “customer” in the shop) would appear, but any of the various decisions would be possible in
principle. We can call this “conditional independence of stimulus” since once the categorization
process has concluded, there is no further information associated with the stimulus, relative to the

succeeding decision response. (Of course, a deterministic strategy could form an extreme form of



conditional independence.) Alternatively, it might be that the categorization applied in, say a
perceptual/social situation has little or no bearing on a subsequent decision. For instance, the
original appearance of an individual may control the ensuing decision regardless of the intervening
categorization.

Little, if any, research has investigated the relationship between categorization and decision-
making, though a massive quantity of research has been devoted to investigating these concepts
as distinct processes both in psychology per se as well as in various spheres of cognitive science.
An appropriate key to unlocking the relationship of categorization to decision making is the so-
called Markov property, named after the famous Russian mathematician.

The Markov Property

Under the Markov property, the future state of a system relies only on the present state, say
that of time “n”; any of the past states of a system, at times n-1, n-2, etc., do not influence the
future states. In the present instance, that “present” state, at time n=2, is taken to be the
categorization made on that trial. Here, time n=1 is the time at which the face is presented and
perception occurs, and we are interested in whether the decision, to be made at time n=3, is
dependent on the categorization but not the state, that is the perception at time n=1. Satisfaction
of the Markov property in this sense immediately implies and is implied by, the conditional
independence stated above.

Models based on the Markov property have been of considerable value in many areas of
science including physics, economics, sociology and psycholodsy psychology, Markov
models have been studied extensively in the areas of learning (e.g., Atkinson, Bower & Crothers,
1965; Brainerd, 1979; Brainerd & Howe, 1980; Brainerd, Howe & Desrochers, 1982; Greeno,

1974), memory (Healy, 1978; Morganstein, 1974; Robertson, 1982), perception (Hacisalihzade,



Stark & Allen, 1992), problem solving (Farley, 1983), signal detection and signal recognition
(Sandusky, 1971; Ward, 1973).

In an analysis somewhat propaedeutic to the present one and exemplary of our method, the
Markov property was investigated in a study of feature processing in letter identification by
Townsend and Ashby (1982). Their study of letter recognition supported the Markov concept
with regard to the determination of the frequency of letter responses dependent (in the Markov
sense) on the set of extracted features. It was feasible to assay these mechanisms directly, as in
the present study, because the observers were required to state what features they believed they
saw, as well as a final letter response. Viewing the hypothesized Markov process in the letter
experiment as a three step process, the first stage involved presentation of a letter to an observer,
the second step consisted of probabilistic extraction and report of a feature set (i.e., there was a
degree of randomness involved in the extraction process), and the last step involved the
participant making a letter identification. The analysis could not reject the Markov assumption,
and a strong relation between the features and letter reports was demonstrated. However, in that
study, the reverse dependency, LetbeFeature, could not be decisively falsified.

It is true that the letter experiment and the present, three-stage implementations of the
Markov question are rather trivial versions of the latter, and that the important critical question is
whether conditional independence of the stimulus holds or not. However, it may be that future
investigations of sequential relationships among various cognitive mechanisms will expand to
include a number of successive stages of processing, much as Sternberg’s additive factors method
(1969) and later generalizations (e.g., Townsend & Schweickert, 1989; Schweickert &
Townsend, 1989) may include a number of potential mechanistic contributions to overall

response times.



With regard to our example of a store-keeper who is cognitively and behaviorally reacting to
the entrance of an unknown person into her/his store then, would their cognitive activity be at
least partially Markovian? Observe that there is nothing in the situation that forces such behavior
and also note that maximal information is carried by the original unique stimulus. However, in
some sense, the employment of conditional independence is more efficient since the decision
maker need not retain excessive detalil or irrelevant information about the original stimulus
pattern, only the “pigeon-hole” into which the stranger has been placed. In the three-step process
(perception of a face, categorization of the face into an invariantly defined group, and then
decision regarding a particular action), the Markov hypothesis, as in the letter identification
experiment, is that the decision will be dependent only on the categorization “state”, and not at
all influenced by other features of the face pattern itself, once a categorization has been made. The
alternative hypothesis is that the individuals’ interaction decisions will still be influenced by other
aspects of the face such as certain facial features. In other words, the decision-making process
may be dependent on the individual face pattern throughout the psychological chain of processes,
hence violating the Markov property. It should also be noted that the fact that the facial
characteristics will generally affect the categorization response (in fact is expected to!), does not
in any way compromise the Markov question with regard to the final decision response.

The answer to the Markov question, as posed here, may hold implications for a number of
important issues in several areas of cognitive science, including social/personality psychology. In
some of the stereotyping literature, researchers have found that observers increase efficiency in
information processing once categorization features have been identified (Andersen, Klatzky &
Murray, 1990; Macrae, Stangor & Milne, 1994). As noted above, if observers follow a Markov
property, it would allow greater efficiency in formulating an interaction decision since observers

would not have to consider the actual facial pattern again. On the other hand, a strict adherence



to conditional independence of the original stimulus might be correlated with rigidity of
stereotypy.

During the experiment, participants were shown pictures of faces and asked to categorize
them into one of two fictitious groups. Since learning was not the theme of the present study,
they were told the defining features of the two groups. These two groups were defined by face
shape and lip thickness. In the main procedure, after participants categorized a face, they were
asked to make a decision about how they would interact with the face, knowing that one
population tended to be friendly and the other population tended to be hostile (exact procedure
given below). Once a decision was made, participants received feedback as to whether they made
the correct categorization and interaction decision. A correct categorization and decision equates
to observer’s response corresponding to the face assignments generated by computer, based on
probabilities.

Perhaps as in real life, the categories were related only probabilistically, rather than
deterministically, to the featural structure of the faces. Thus, a round-like face with thin lips
tended to be, but was not always, an “Adok” (see Figure 1), whereas a narrow face with fat lips
tended to be, but not invariably, a “Lork” (see Figure 2). Similarly, alscaord with real-life
categories (e.g., stereotypes), Adoks were more likely to be “friendly” rather than “hostile” and
the Lorks were more likely to be hostile than friendly, but either could, on any given trial, be
either friendly or hostile. Rewards and punishments were arranged to symbolically be in
concordance with what might occur in a real-life situation. Often we will simply refer to “round
faces” or “narrow faces” for brevity, even though the faces always differed both on the overall
shape, as well as on lip width, dimensions. Our Markov model for this situation is given in

Equation (1) as follows:



Prob( DEC | FACE TYPE) = Prob( DEC | CAT LORK)*Prob(CAT LORK | FACE TYPE) +

Prob( DEC | CAT ADOK )*Prob( CAT ADOK | FACE TYPE ). {1}

There are two other important facets of our experimental design. Whether or not the data
departed significantly from a Markov assumption can be statistically probed and was. However,
the question of a statistically significant difference is, after all, somewhat arbitrary, since in
principle, the study can be made as statistically powerful or as weak as the experimenter desires,
simply by adjusting the number of trials run. From this vantage point it appeared interesting to
compare the Markov fit to the sequence: PerceptiGategorizatio» Decision with one where
observers were requested to respond with the decision first, then categorization, that is, in the
sequence: PerceptierDecisiorn> Categorization. If it is irrelevant which comes first, then there
should be no difference in the appropriateness of the Markov property: the formulas Prob( DEC |
CAT) in the standard sequence, should be no better (nor worse) than Prob( CAT | DEC) in the
reversed response order. Therefore, we mingled the reverse order conditions in blocks along with
blocks of the standard order. In addition, we can analyze the reverse order data as if the
observers are actually, and covertly, making a categorization and then their decision and then
simply reporting them in the reversed order, to comply with the experimenter’s instructions. If
there is something psychologically natural about the categorization-then-decision sequence vs the
decision-then-categorization sequence, then we predict that our analyses in the forward order for
the reversed report condition, should perform poorly, whereas analyzing the data in the “covert”
order, should predict the data about as well as the forward order of analysis in the standard report
order conditioh Such a finding would indicate that good fits from the
Perceptior» Categorization» Decision Markov model were likely not a simple case of insufficient

power.



Next, we were interested in the possibility of whether overt report of categorization and
decision might distort what is really going on, psychologically. To partially assay this possibility,
we composed a second part of the experiment where the participants only had to make either the
categorization, or the decision response and never both in any one trial. Then we tested the “non-
distortion” hypothesis in the following manner. We estimated the “true” categorization probability
from the “categorization-alone” condition in Part Il, Prob( CAT | FACETYPE ), and the
conditional probability of making a certain decision, given a certain categorization, Prob( DEC |
CAT ), from Part | of the experiment where both responses were give by participants. We then
formed a prediction for Prob (DEC | FACETYPE ) composing these probabilities, and compared
the prediction to the observed quantitiy for Prob( DEC | FACETYPE ) from Part Il of the
experiment.

Let Prob( CAT | FACETYPE ) and PregpDEC | FACETYPE ) be the two appropriate
guantities from Part Il of the study, and P0DEC | CAT ) be the probability of that decision
given the particular categorization from Part | of the study. Then the prediction was composed of
the foregoing quantities in Equation 1 as follows:

Proly( DEC | FACETYPE ) = Pra CAT | FACETYPE )*Prol{ DEC | CAT) {2}

It may be observed that no new parameters need to be estimated for the prediction.
Method
Participants

One hundred and fifty-four undergraduate students from Indiana University were recruited for
the experiment. The students participated in the experiment for two sessions lasting one hour per
day over a two-day period. They received credit for their introductory psychology courses as

well as any monetary bonus they earned.



Materials

Six IBM compatible computers were used to present the programs and record participants’
data. The faces were digitally altered versions of photographs from the book Heads (Kayser,
1985). These faces were kindly provided to us in computer-coded form by Dr. Thomas Busey.
The faces used in the study were chosen based on two features: the shape of the face and the
thickness of the lips, and were manipulated to enhance those features relevant for categorization.
There were a total of 34 faces; half of the faces were round with thin lips and the other half were
narrow faces with thick lips. Some of the features were made more extreme, using Aldus
PhotoStyler version 2.0, to ensure a significant difference between the average sizes of the
features defining each group. The face widths ranged from 5.1 to 5.7 cm for the round faces and
2.8 to 3.7 cm for the narrow faces. The lip thickness’ ranged from 0.3 to 0.7 cm for the round
faces and 0.5 to 1.0 cm for the narrow faces. All faces were 8.3 cm tall from the chin to the top
of the head. All of the photographs shown were headshots of bald Caucasian men. Ancillary
MDS analyses using the ALSCAL procedure with a different set of observers confirmed that
people could and did readily classify our round face + thin lips vs. narrow face + fat lips into two
separate categories.
Design

The two different types of stimuli, defined by the shape of their face and thickness of their lips,
were reassigned by the computers into one of two fictitious groups. The round faces with thin
lips had a 60% chance of being assigned as an “Adok” and a 40% chance of being called a
“Lork.” The narrow faces with thick lips had a 60% chance of being a “Lork” and a 40% chance
of being an “Adok.” The computers also assigned each member of the groups to have a “friendly”
or “hostile” nature. The Adoks had a 70% chance of being friendly and a 30% chance of being

hostile. The Lorks had a 70% chance of being hostile and a 30% chance of being friendly. Thus,



the chance that a narrow-faced individual (with thick lips) was both an Adok as well as friendly
was .40 x .70 = .28. Obviously, the overall probabilities of being confronted with a narrow vs.
round face, a Lork vs. Adok, or a friendly vs. hostile demeanor was in each case, equal to .50.

Over all blocks of the experiment, the participants were required to answer two questions for
each face, the categorization question “Is this face an Adok or a Lork?” and the interaction
guestion “Would you be friendly or defensive towards this face?” The participants were told that
the round faces with thin lips tend to be Adoks and Adoks tend to be friendly while the narrow
faces with thick lips tend to be Lorks and that Lorks tend to be hostile. They were not given
exact probabilities.

Part | of the experiment was divided into six blocks of 34 trials each and presented over a two
day period. Four block were presented on the first day and two were presented on the beginning
of the second day. The first 17 trials of each block were grouped by which question appeared
first. Half of the participants answered the categorization question first while the other
participants answered the interaction decision first. The order of the questions was reversed for
the last 17 trials. During the experiment, participants viewed a face, answered the two questions
and then only after both responses were made did the feedback appear on the computer screen.

Part Il of the experiment tested the same participants on the second day with the same faces
as in Part I. Part Il consisted of two blocks of 34 trials each. In the first 17 trials of each block,
half the participants were asked the categorization questions only, while the other half were asked
decision questions only. In the last 17 trials, participants were asked the alternative questions.
The rationale for this phase of the experiment is explained just before the method section.

In Part | of the experiment, the faces were presented one at a time and the participants viewed
the faces and the first question for, at most, eight seconds. Participants were allowed to respond

within the eight seconds. Their responses to the first question caused the next question to appear



for up to eight seconds and their responses to the second question triggered the feedback to
appear on the screen for two seconds. While each question was asked and the feedback was
presented, the faces remained on the computer screen unless the participants failed to respond
within the eight seconds. If the participants did not respond within the eight seconds, the faces
disappeared and the computer continued to wait for a response. Once a response was made, the
face reappeared with either the next question or the feedback. In Part Il of the experiment, the
faces were also presented one at a time for eight seconds. Only a single question was asked
during each presentation. Feedback was given after each response.

In regard to the categorization portion of the experiment, the feedback informed the
participants whether they made a correct categorization. For the decision-making feedback,
participants earned five cents if they made the correct interaction decision. The participants were
(a) told that they were either friendly to a friendly face and the person with that face handed them
twenty dollars or (b) told that they were defensive to a hostile face and therefore escaped with
their lives. The participants could also lose five cents if they made an incorrect interaction
decision. The participants were (a) told that they were friendly to a hostile face and mugged as a
result or (b) told that participants were defensive to a friendly face, and hence received a dirty
look. At the end of the experiment, participants received any bonus money earned. Any debt
earned by participants was forgiven.

Procedure
All participants were placed in a well-lit room containing the six IBM compatible computers.

For Part | of the experiment, the computer instructions stated the following:



You have been chosen by NASA to travel to the planet Meboo to categorize

two colonies, the Adoks and the Lorks.

As you interact with the two colonies, you will be first asked to

categorize each face as either an 'Adok’ or a 'Lork’. The Adoks tend to
have round faces and thin lips, and the Lorks tend to have long faces

with thick lips. But, this is not absolute! As in any culture, there is
cross-over. A face with the features of an Adok may actually be a Lork.
You have up to 8 seconds to view each face (you may answer before the 8

seconds are up). You should press 'a’ for an 'Adok’ or 'I' for a 'Lork'.

Then, you have a choice to make, you can be friendly or defensive to the
face. Adoks have the tendency to be friendly while Lorks tend to be
hostile. This is not absolute! Since you do not know how the individual
will, act towards you, make your decision carefully. You should press 'f'

for friendly or 'd' for defensive.

For the trials in which the participants first answered the interaction decision, the second
paragraph referring to the categorization question and the third paragraph referring to the
interaction decision in the instructions were interchanged (with appropriate rewording). In Part I
of the experiment, only the categorization or the decision response was called for on the
presentation of each stimulus face.

The participants completed the first four blocks of Part | of the experiment on the first day.
On the second day of testing, the participants finished the last two blocks of Part I, then
completed two blocks of trials comprising Part Il. In all blocks, each of the 34 faces (17 round,
17 narrow) was presented once, and were randomly assigned (using the percentages described
above) to be Adoks or Lorks, friendly or unfriendly. The participants were paid any bonus money

earned at the end of the second day.



Analyses and Results

Part |

Chi-square ¥°) statistical tests were developed to test the Markov prediction. In Part | and the
standard order of responses, the model is constructed as follows. The major “categorical
information” lies in whether the stimulus was a narrow face with wide lips vs. round face with
narrow lips. Even though the Adoks tend to be friendly and the Lorks hostile, if the Markov
assumption holds and given a particular categorization response (even if a round face is
categorized as a Lork and vice versa for a narrow face categorized as an Adok) a participant’s
decision should no longer depend on whether the presented face was round or narrow; only on
the categorization. By dividing the set of faces into narrow vs. round, it was feasible to test the
Markov prediction for each individual participant separately.

Now, we assume that for each round face, there is a piitgbdty that the observer
classifies that face as an Adok (refer to Figure 3) and a glibbabl-P; that he or she
categorized this face as a Lork. Note that the observer does not, and cannot know whether the
face was actually a Lork or Adok until feedback is given at the end of a timailarfy, if the face
is narrow, there is a probability Ehat the observer classifies the face as a Lork ang dsRn
Adok. In general, we expect thatP,, since the probability of assignment as an Adok with a
round face should be greater than the same assignment in the presence of a narrow face.

The Markov assumption enters in our next assumption that there is a probalitigt,@iven
categorization as an Adok, the decision will be to be friendly towardtiee &nd 1-Q to be
defensive toward it. Naturally, it is further assumed that there is a probabititvaQgiven
categorization as a Lork, the decision will be to be friendly toward abat fThe expectation is
that Q>Q,. Under the Markov property (implying that the interaction decisions were

conditionally independent of face patterns), the priibes, B and Q (iand j = 1,2), can be



multiplied together to determine the expected proportions for the eight possible combinations of
narrow vs. round, Adok vs. Lork categorization, and Friendly vs. Defensive decision. These
probabilities were calculated by breaking down the observed values into two 2x2 tables,
corresponding to when each face was round and when it was narrow, and recording the number
of responses (categorizations and interaction decisions) to each face in either case (see Figure 4),
as indicated in Equation (2) below, which is simply the realization of Equation (1) in terms of the

proper indexes and in the special case of presentation of a narrow face.

Prob( DEC FRIENDLY | NARROW FACE ) =
Prob( CAT ADOK | NARROW FACE ) * Prob( DEC FRIENDLY | CAT ADOK ) +

Prob( CAT LORK | NARROW FACE ) * Prob( DEC FRIENDLY | CAT LORK) = P2 * Q1 + (1-P2) * Q2 {2}

Figure 4 shows how the expected (i.e., predicted) proportions are computed from the data
tables for round and narrow faces. The results are estimates oatite @theoretical
probabilities. Note that these aecomplished for each participant, thus permitting individual
differences to appear. The frequencies required fogtlealyses can, of course, either be
gathered directly from the tables as shown or by multiplying the estimated probabilities by the
appropriate marginal frequencies. Once these expected values were calcyfatedstawas
performed for each individual collapsed across the six blocks.x’Thests had two degrees of
freedom, the eight cells of the two 2x2 tables minus the four estimated parameters (probabilities
P1, P2, Qi, @) minus the two overall frequencies (M and N).

X’ statistics were calculated for each participant for trials in which the categorization question
was asked first, collapsing across blocks and face type (round/narrow). Out of 121 individual

participants, 28 hag’ values that exceeded the d@evel. Since approximately 12 significant



values would be expected by chance, it is certainly not the case that everyone is strictly following
the Markov assumption. Note also that 13 participants were excluded from analysis since they
gave only "Adok" responses for round faces, or gave only "Lork" responses for narrow faces.
These participants were responding in an near-optimal fashion: round faces were categorized as
Adoks only, or narrow faces were categorized as Lorks. Only one participant responded in an
optimal fashion: round faces were categorized strictly as Adoks, and narrow faces were
categorized strictly as Lorks. Responding in an optimal or near-optimal fashion resulted in
expected observations of 0, precludjicanalysis. Data from most participants were well-
accounted for by the Markov model.

Another set ok’ statistical tests, with similar calculations for expected frequency (see Figures
5 & 6), were used to test for independence between the face pattern and the participants’
categorizations when the decision interaction question was asked first. For these trials, the
categorization was significantly dependent on the face pattern, after conditioning on the stated
decision. The "decision then categorization" Markov model was rejected in all but 4 of 144
analyses at the .10 level, reflecting terrible fits of the Markov model under these conditions.

These data were then subjected to the same formulas as in the first analysis to test if the
interaction decision (step 3) was independent of the face pattern (step 1) but dependent on the
categorization (step 2). That is, could the participants have been covertly performing the
categorization first, then the interaction decision, but reporting in the reverse direction, as
requested by the experimenter? The results indicated that this was the case. Out of 121 individual
participants, 24 hagf values that exceeded the d.@evel. Again, it is certainly not the case that
everyone is completely following a "categorization first, then decision" Markov process. But, the

results suggest that participants were much more likely to be performing the “natural” conditional



sequences covertly, than to be conditionally basing their categorization on their decisions, even
when forced to respond in that order. Note that 13 participants were excluded from analysis as
well, since they responded near optimally, giving only "Adok" responses for round faces, or
giving only "Lork" responses for narrow faces, preclugjhgnalysis. Only one participant
responded perfectly optimally on both round and narrow faces.

In sum, even though the first analyses indicated that the Markov assumption was not entirely
correct, it serves considerably better than does a “decision first, then categorization” with a

Markov property in that direction, even for the trials when participants had to report in that order.

Part Il

It may be recalled that Part Il of the experiment required participants to give either the
categorization response to the presented face, or the interaction decision, but not both within a
single trial. The goal was to attempt to predict the interaction decision alone, given presentation
of a round or narrow face, in a completely non-parametric way. Recall that the interaction
decision from Part Il is predicted by combining the conditional probabilities of the decision Part I,
given either of the particular categorizations (Adok or Lork), and the categorization probabilities
(given a round or narrow face as appropriate) from the Part 1l data. For a narrow face and a
decision to be defensive, the prediction is derived by inserting the proper quantities into Equation
(2):

Proly ( DEC DEFENSIVE | NARROW FACE ) =

Proly ( CAT ADOK | NARROW FACE) * Prob( DEC DEFENSIVE | CAT ADOK ) +

Proly ( CAT LORK | NARROW FACE) * Prop( DEC DEFENSIVE | CAT LORK)), {3}

where Prop( DEC DEFENSIVE | NARROW FACE Prob ( CAT ADOK | NARROW

FACE), and Prop( CAT LORK | NARROW FACE ) are obtained during Part Il, and P{ob



DEC DEFENSIVE | CAT ADOK ) and Prely DEC FRIENDLY | CAT LORK)) are derived
from data from Part I.

For narrow faces, the non-parametric prediction was rejected abide®8l in 38 out of 138
cases. For round faces, the prediction was rejected in 34 out of 138 cases. It appears that the
non-parametric fits to the Part Il decision data are in the same ballpark with regard to tendency to
adhere or violate the prediction found in Part | analyses. Therefore, we conclude on the basis of
these analyses, that the moderate tendency to base one’s interaction decisions on one’s
categorizations are carried on in more or less the same way regardless of whether categorizations
and decisions must be made public or not.

The use of varying levels in the analysis of model fits bears comment. In Part | of the
experiment, we use=.10 since we wish to expose participants who definitively do not follow the
Markov model. In Part I, the aim is to falsify the non-parametric model, and a tigh@®5 is
used.

Discussion

The purpose of this experiment was to investigate the relationship between perception,
categorization and decision-making when participants were required to form an interaction
decision toward face stimuli. The hypothesis was that participants would follow a Markov
property, in that their interaction decision would be based on the categorization information used
and not on the original face pattern itself. In other words, the plibpbaba friendly or
defensive interaction decision would be dependent only on the categorization and no longer on the
physical characteristics of the original face. The results of this experiment suggest that most
individuals, although not all, are at least moderately influenced by their categorization.

Furthermore, our analyses demonstrated that it is important which response is categorization and



which is decision: There was virtually no tendency to evince Markov tendencies when the
interaction decision was made first and the categorization second, and conditional independence
of the categorization relative to the interaction decision was tested. But if we still conditionalized
on the categorization, even though it was actually made second, then the Markov property held
pretty well and as good as it did when the responses were made in the natural order. This
strongly suggests that the observers tended to make their categorization first, covertly, then the
decision, but report them in the order requested by the experimenter.

One possible confound raised by a reviewer involves the repeated use of faces between blocks.
If participants determined that the same faces were appearing with different attributions (e.g. a
face was friendly in block 1 but defensive in block 2), participants might “give up” and decide to
rely solely on category information. An analysis of changes in response patterns between the first
three blocks and the last three blocks of trials in Part | revealed no pattern indicating a shift in
response probabilities that wowddcompany such a change in strategy.

It must be admitted that our experimental paradigm certainly encouraged the cognitive
conjoining of categorization and decision making. In fact, it is difficult to conceive of an
experimental design that completely unravels them without some type of experimental
juxtaposition. We leave this conundrum open for further thought and implementation of potential
solutions.

Next, it is interesting that it is easily shown that an optimal strategy would have been to
classify any round face as an Adok and any narrow face as a Lork. Then the further optimal
strategy would have been to always formulate a friendly interaction, given categorization as an
Adok and a defensive interaction, given categorization as a Lork. Participants did not do this:
with few exceptions, they responded probabilistically. In only two instances did participants reply

in a completely optimal fashion. In this sense, most of the participants acted like the legions of



human participants in probabilistic reinforcement regimes (Bush & MostEllBg; Healy, 1981;
Erev, 1998)

It is true that the actual set of faces employed in our study may have partly encouraged such
behavior. That is, due to the arduous procedure involved in producing our face stimuli, they were
sufficiently few that participants saw the same face more than once, often with different feedback
as to proper categorization on the distinct occasions. Among further possible research topics, it
would be interesting to use schematic faces, with which the experimenter would have more
flexible and immediate control and racé need be viewed more than once by any individual.

That situation would be more realistic in that sense, if less so in the use of schematic faces.

So why would an individual follow a Markov property in formulating an interaction decision?
Some possibilities are based on efficiency in decision making. For instance, it has been shown in
several stereotype studies that once a categorization characteristic has been identified, related
information can be retrieved and processed more efficiently (Andersen et al., 1990; Macrae et al.,
1994)7 In our experiment, once the categorization characteristics of a face were identified,
perhaps it was more efficient for the participants to rely on that stereotypic information than to
refer back to the facial pattern in order to formulate an interaction decision.

The way in which categorization and decision making interact together and with facial (or
other) information, holds implications for social interaction in a number of spheres, perhaps most
patently in stereotyping behavior. For instance, in relearning programs intended to break
stereotyping of individuals with certain types of physiognomy, for instance, belong to a particular
group, such as race, there are several ways such learning might progress. The education process
might emphasize unlearning stereotyped categories (e.g., categorization with regard to race), or
learning new more enriched categories (e.g., “Asian and educated and...”, rather than simply

“Asian”). It might focus on new interaction decision strategies to learn new more amicable



behavior patterns, even if the old stereotyped categories still exist. What would be the relative
independence and efficiency of reeducation on the various fronts, relative to societal effort and
expense?

Needless to say, there are implications, not unencumbered by ethical questions, that will arise
in potential application of information concerning perception, categorization and behavior
propensities within social engineering contexts. For some years, security people have monitored
closed circuit TV networks in order to anticipate or apprehend thieves. Even now, engineers and
computer scientists are devising pattern recognition systems that will scan custoe®entl
other characteristics in order to assess the likelihood of shoplifting or other unacceptable
behaviors.

Quantitative theories of categorization (e.g., Ashby & Maddox (1993); Nosofsky & Palmeri
(1997); Anderson (1991); Estes (1986)) might be brought to bear on the present kind of
phenomena. Theories of learning in decision making per se (e.g., Busemeyer & Myung (1997);
Busemeyer & Townsend (1993); Groen & Atkinson (1966)) could be integrated with those of
categorization in order to produce an overall theory of learning in situations that call for, or allow,
both decision making as well as categorization. Furthermore, the ways in which features are
employed in classification (e.g., Townsend & Ashby (1982); Goldstone (1994); Tversky (1977))
could be investigated in our dual task environment and in particular, in situations that do, vs. do
not, involve emotionally charged categorization (e.g., stereotyping).

Finally, we noted that participants rarely responded deterministically, even though one version
of that strategy would have been optimal, and even though that tack would have been easier to
carry out by your average Introduction-to-Psychology participant. In the classical probability
learning literature, it was discovered that the more extreme the probabilities (e.g., probability of

being rewarding by choosing a left turn rather than a right turn) or the positive and negative



reinforcements, the more human and animal participants deviated from probability matching (i.e.,
going to the left with the same frequency with which that side was rewarded) in the direction of
optimality (Dusoir, 1974; Creelman & Donaldson, 1968). It would be interesting to learn if

extreme reinforcements or probabilities lead to a greater tendency toward deterministic behavior,
and if categorization strategies vs. decision strategies can be affected separately by reinforcement
structures.

We hope that the present study is propaedeutic to further research in categorization and
decision making that includes richer perceptual sources and dynamic situations; such experiments
are beyond the scope of this first foray into the area. Of particular interest are designs in which
categorization and decision making are more subtly related. We hope to motivate and carry out

such research.
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Footnotes

! An evolutionary example of a Markov model stemming from mathematics is a “branching
chain” which was created to investigate the probability of extinction. The model is based on the
fact that the probability of extinction of an nth generation may be dependent only on the nth-1
generation (Hoel, Port & Stone, 1987). In economics, Markov models have been used to
estimate factor demands and also to study equilibria of security markets and game theory (Duffie,
Geanakoplos, Mas-Colell & McLennan, 1994; Gordon, 1996). In sociology, scientists have
analyzed the Markov property in regard to patterns of criminal activity (Pettiway, Dolinsky &
Grigoryan, 1994; Rojek & Erickson, 1982) and social networks (Kindermann & Snell, 1980).
Markov models have also been applied to population mobility (Kb&@0Q).

?For instance, our colleague, Dr. John Kruschke, pointed out that from certain a priori
considerations alone, both responses could be considered to be “decisions” in some sense and
both could be considered in some sense to be “categorizations.” The condition and test put forth
here provide a probing of this idea.

%It has been suggested by one reviewer that subject reports might provide additional
information on the order of categorization and decision making. Nisbett and Wilson (1977) make
the case, however, that subject reports on higher-order cognitive processes are highly suspect;
their reports seem to be based on a priori causal theories.

* As one reviewer indicated, related research by Rothbart and John (1985) concerns the

conditions under which such stereotypes might be “unlearned.”



Figure Captions
Figure 1. Round faces with thin lips had a 60% chance of being labeled as an “Adok” and a 40%
chance of being called a “Lork.”
Figure 2. Narrow faces with thick lips had a 60% chance of being a “Lork” and a 40% chance of
being an “Adok.”
Figure 3. "Categorization->Decision” Markov model of interactions: categorization is followed by
decision, decision is based solely on categorization. F = adopt a friendly demeanor, D = adopt a
defensive demeanor, A = categorize face as an Adok, L = categorize face as a Lork, R=round, N
= narrow face
Figure 4. Assuming conditional independence, as the Markov property does, the probabilities can
be multiplied to form the expected proportions as above. F = adopt a friendly demeanor, D =
adopt a defensive demeanor, A = categorize face as an Adok, L = categorize face as a Lork, R=
round, N = narrow face
Figure 5. "Decision->Categorization" Markov model of interactions: decision is followed by
categorization, categorization is based solely on decision. F = adopt a friendly demeanor, D =
adopt a defensive demeanor, A = categorize face as an Adok, L = categorize face as a Lork, R=
round, N = narrow face
Figure 6. Assuming conditional independence, as the Markov property does, the probabilities can
be multiplied to form the expected proportions as above. F = adopt a friendly demeanor, D =
adopt a defensive demeanor, A = categorize face as an Adok, L = categorize face as a Lork, R=

round, N = narrow face



Figure 1. Round faces with thin lips had a 60% chance of being labeled as an “Adok” and a 40%

chance of being called a “Lork.”




Figure 2. Narrow faces with thick lips had a 60% chance of being a “Lork” and a 40% chance of

being an “Adok.”




Figure 3. "Categorization->Decision" Markov model of interactions: categorization is followed by
decision, decision is based solely on categorization. F = adopt a friendly demeanor, D = adopt a
defensive demeanor, A = categorize face as an Adok, L = categorize face as a Lork, R=round, N

= narrow face
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Figure 4. Assuming conditional independence, as the Markov property does, the probabilities can
be multiplied to form the expected proportions as above. F = adopt a friendly demeanor, D =
adopt a defensive demeanor, A = categorize face as an Adok, L = categorize face as a Lork, R=

round, N = narrow face
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Figure 5. "Decision->Categorization" Markov model of interactions: decision is followed by
categorization, categorization is based solely on decision. F = adopt a friendly demeanor, D =
adopt a defensive demeanor, A = categorize face as an Adok, L = categorize face as a Lork, R=

round, N = narrow face
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Figure 6. Assuming conditional independence, as the Markov property does, the probabilities can
be multiplied to form the expected proportions as above. F = adopt a friendly demeanor, D =
adopt a defensive demeanor, A = categorize face as an Adok, L = categorize face as a Lork, R=

round, N = narrow face
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