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Review: Whatever is selecting the features is 
doing the explanatory work

Flammable? Flammable? 

“Flammable” applies to many things, but we only 
associate it strongly to some things due to its 
theoretical role (Murphy & Medin, 1985)



Review: Concepts are more than characteristic 
features or sets of examples

Would you classify this man as “drunk”? (Murphy & Medin)

What characteristic feature tells you this? Would you need a 
similar previous example in order to tell you this?



Review: Ad hoc categories (Barsalou, 1983)

• e.g., “Things to carry out of a burning house”

[children, dog, photo albums, computer, etc.]


• “ways to escape being killed by the Mafia”

[changing your name, move to Montana, etc.]


• “things that could fall on your head"

• “things to take on a camping trip”

• “possible costumes to wear to a Halloween party”

• “places to look for an antique desk”





Rehder’s causal-model theory of categorization

• Concepts are more than a 
collection of features


• Concepts can have essential 
features, and use causal 
relations to hold features 
together in a coherent 
explanation


• “Categorization as a case of 
causal reasoning, in which 
properties like weight, body` 
size, singing etc. provide 
inferential support for [defining] 
properties like DNA” (Rehder)


• Examples are judged by how 
well they fit our causal model 
of categories



Essentialism in categorization and category-based induction
(Gelman & Markman, 1986)
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Figure 1. Sample triad used in Studies 1-5. 

As predicted, adults based their inferences on the common natural kind 
membership of the objects, far more often than on their outward appearance. 
Overall, they concluded that the target picture had the same property as the 
other similarly labeled object an average of 86% of the time, which is signi- 
ficantly greater than chance, t (19) = 15.77, p < .OOl. Furthermore, subjects 
were highly confident that their choices were correct (mean rating was 5.8 
on the 7 point scale, which is significantly greater than chance, t (19) = 11.65, 
p < .OOl). 

Similarity ratings 
It was important that the pictures that we thought were similar were in 

fact perceived as similar. Therefore we gathered ratings of perceptual similar- 
ity from adult subjects. Eighteen undergraduates participated to fulfill a 
course requirement for an introductory psychology class. 

The 20 sets of pictures were divided into two pairs per set: The target 
picture paired with the picture that received the same category label and the 
target picture paired with the picture that was designed to be more similar in 
appearance. Subjects were given a set of written instructions, telling them 
that each pair should be rated on “how much alike the two pictures look to 
one another, on a scale of ‘1’ (not at all similar) to ‘7’ (extremely similar).” 
Subjects were told that they could take into account shape, color, size, com- 
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“This bird’s heart has a right aortic arch only”

“This bat’s heart has a left aortic arch only”

“What does this bird’s heart have?”

Provided Query

Results: 4 year olds generalize based on 
category membership ~68% of time, 
overriding a distractor chosen for strong 
perceptual similarity



Participants were kids in grades K, 2, and 4 (ages approx. 5, 7, and 10 years old)

Keil’s (1989) transformation study of essentialism



Keil’s (1989) transformation study of essentialism



Essentialized categories as causal models with essential 
features and surface features



Four binary features
F1: High amounts of ACh neurotransmitter. 
F2: Long-lasting flight response. 
F3: Accelerated sleep cycle.
F4: High body weight.

Artificial categorization task

Task: Learn and make predictions about a new category, e.g.,  “Lake Victoria Shrimp”

Base rate information: 75% of Lake Victoria Shrimp have each 
feature, e.g., 75% have feature F4

(Rehder (2003), JEP:LMC)



chain (causal framing) condition control condition (no 
causal framing) 

A high quantity of the ACh neurotransmitter causes 
a long-lasting flight response. The duration of the 
electrical signal to the muscles is longer because of 
the excess amount of neurotransmitter. 

A long-lasting flight response causes an accelerated 
sleep cycle. The long-lasting flight response causes 
the muscles to be fatigued, and this fatigue triggers 
the shrimp’s sleep center. 

An accelerated sleep cycle causes a high body 
weight. Shrimp habitually feed after waking, and 
shrimp on an accelerated sleep cycle wake three 
times a day instead of once. 

F1: High amounts of ACh neurotransmitter. 

F2: Long-lasting flight response. 

F3: Accelerated sleep cycle.

F4: High body weight.

F1→F2

F2→F3

F3→F4

free parameters c, b (background mechanism) 
and m (causal strength)

exactly the same instructions, but without 
causal information between features

Artificial categorization task
participants assigned to one of two conditions

F1 F2 F3 F4

c b b b

mmm F1 F2 F3 F4



Artificial categorization task: Results
Task: Rate the category membership (0-100) of an example with one of the observable 
feature: “This shrimp has a long-lasting flight response — is it a Lake Victoria Shrimp?”

F1 F2 F3 F4

c b b b

mmm

Result: Features earlier in the chain lead to better category members

scale from 
“definitely not a 
Lake Victoria 
Shrimp” to 
“definitely a Lake 
Victoria Shrimp”



probabilities are greater than 0, reflecting that the joint presence
(or the joint absence) of two features directly connected by causal
relationships increased category membership ratings above and
beyond the presence (or absence) of each feature individually. In
comparison, in the control condition the six contrasts were all
approximately 0, indicating that correlations between features had
no influence on category membership ratings in that condition.
A two-way ANOVA of these contrasts with condition (chain vs.

control) and contrast (!21, !32, !43, !31, !42, or !41) as factors
confirmed that the pattern of contrasts differed between the two
conditions as indicated by a significant interaction between con-
dition and contrast, F(5, 350) " 4.53, MSE " 0.00551, p # .001.
In a separate analysis of the chain condition, the contrasts associ-
ated with directly connected feature pairs (!21, !32, !43) were
greater than those associated with indirectly connected pairs (!31,
!42, !41), F(1, 35) " 12.0, MSE " 0.00551, p # .001.
Theoretical modeling. To demonstrate that the pattern of re-

sults in Experiment 1 is in accordance with the predictions of
causal-model theory, the chain model of Figure 1B was fit to the
categorization ratings in the chain condition. That is, the values of
parameters c, m, b, and K that minimize the squared difference

between the ratings and the model likelihoods as computed by the
equations in Table 3 was determined for each of the 36 chain
participants. The parameter values averaged over participants are
presented in Table 5. The table also presents for each model the
squared error averaged over participants (Avg. SSE), and the
root-mean-square deviation (RMSD) averaged over participants
(Avg. RMSD), where RMSD " SQRT(SSE/(N $ P)), N is the
number of observations modeled (16), and P is the total number of
parameters in the model (4).
According to causal-model theory, parameter m represents the

probability that a causal mechanism between two category features
will operate (i.e., will bring about the presence of its effect) when
the cause feature is present. Table 5 indicates an estimate of
parameter m of .120. That is, the fit of the chain model indicates
that participants generated categorization ratings in a manner con-
sistent with a belief in the presence of probabilistic causal mech-
anisms arranged in a causal chain. To illustrate the chain model’s
sensitivity to correlations between features directly linked by
causal mechanisms, its predicted ratings for exemplars 0000, 0101,
1010, and 1111 are presented in Figure 3, superimposed on the
empirical ratings. The chain model correctly predicted both the
lower categorization ratings for those exemplars that possessed
many violations of causal knowledge (0101 and 1010) and the
higher categorization ratings for those exemplars that confirmed
causal knowledge (1111).
To demonstrate the chain model’s fit directly in terms of feature

probabilities and correlations, I computed the probabilities and
correlations implied by the chain model fit. That is, for each
participant the chain model predicts certain likelihoods for each
exemplar, and feature probabilities and interfeature contrasts can
be computed from these likelihoods. These probabilities and con-
trasts were then averaged over participants and these averages are
presented in Figure 3B, superimposed on the empirical data. Fig-
ure 3B confirms that the chain model was able to account for both
the weights associated with the individual features and the sensi-
tivity to correlated features displayed by participants. Indeed, the
chain model’s predicted ratings accounted for 97% of the variance
in the average ratings.

Table 5
Parameter Estimates and Measures of Fit of the Chain Causal
Model to the Chain Conditions of Experiments 1–3

Parameters and
measures

Experiment

1 2 3

M SE M SE M SE

c .598 .017 .525 .016
m .120 .026 .402 .053 .266 .044
b .521 .014 .384 .026 .464 .031
K 815 25.3 642 42.1 403 20.7
Average SSE 2157 2309 893
Average RMSD 12.4 12.4 11.7
R2 .97 .93 .97

Note. Average SSE " sum of squared error averaged over participants;
Average RMSD " root-mean-square deviation averaged over participants.
Parameter c was not estimated in Experiment 3.

Figure 3. Results from the chain and control conditions of Experiment 1.
A: Categorization ratings for selected exemplars. B: Derived feature prob-
abilities and interfeature correlations. Predictions of the chain model are
shown in each panel.

1148 REHDER

Similar experiment from Rehder (2003), JEP:LMC

scale from 
“definitely not a 
Lake Victoria 
Shrimp” to 
“definitely a Lake 
Victoria Shrimp”

Task: How likely is this example to be a Lake Victoria Shrimp?
Conclusion: Causal/structural information influences people’s categorization decisions, in a 
way predicted by a causal chain model.

new object for category judgment

(0101 means both F2  and  F4 are 
present, and the others absent)

F1 F2 F3 F4

c b b b

mmm



Causal structure predicts boundary intensification
Task: How likely is this example to be a Lake Victoria Shrimp?
Conclusion: Causal condition shows boundary intensification, consistent with the 
computational model that predicts stronger correlation between features

Causal condition

Control condition:
Same features but with no causal 
connections



Causal structure matters in categorization judgments
Task: How likely is this example to be HIV+?

Common Cause Common Effect

Model’s 
categorization 
ratings (log-
scale)

People’s 
categorization 
ratings (log-
scale)



Accounting for a perceptual to essentialized shift



Review: Murphy & Allopenna (1994). JEP:LMC

Category 1 
• Made in Africa

• Lightly insulated

• Green

• Drives in jungles

• Has wheels

Category 2 
• Made in Norway

• Heavily insulated

• White

• Drives on glaciers

• Has treads

Prototypes of Two Categories:  Knowledge Condition

(Plus some nonpredictive features)

Category 1
• Green
• Manual
• Radial tires
• Air bags
• Vinyl seat covers

Category 2
• White
• Automatic
• Non-radial tires
• Automatic seat belts
• Cloth seat covers

Prototypes of Two Categories:  Neutral Condition

(pictures not shown in 
experiment)



Review: Murphy & Allopenna (1994)

Results:
• Knowledge condition: learned in 2.2 blocks
• Neutral condition: learned in 4.1 blocks

• It's easy to learn categories that build a coherent model 
of the object





Experiment 1: Murphy & Allopenna follow-up

• Task is to learn “Doe buildings” 
vs. “Lee buildings”


corresponds to church-like 
vs. office-like


• Training was 5 blocks of 4 
examples per building, and 
task was to memorize 
examples


• Had both “critical” (knowledge 
based) and “filler” (arbitrary) 
features, and not all features 
were trained


• Evaluation: participants made 
feature association judgments 
after every block

church-like

office-like



Experiment 1: Results
Task: Categorization of individual features as “Doe” vs. “Lee” buildings, after 
attempting to memorize the category examples

Conclusion: knowledge-based features are learned better, and knowledge 
interacts with learning throughout the entire learning process



Neural network models of classification

Category A vs. B

Hidden layer
(not exemplars)

Color Texture Slash

ALCOVE standard multi-layer network



Heit and Bott neural net model of knowledge effects

category layer

input layer

filler features critical features

hard-wired 
connections 
representing 
prior knowledge

regular connections 
trained with 
gradient-descent

concepts from 
prior knowledge



Heit and Bott model of knowledge effects
HumanModel

Task: categorization of 
individual features as “Doe” 
vs. “Lee” buildings, after 
attempting to memorize the 
category examples

The model captures that:
• Critical features learned 

better/faster than Filler 
features, for presented 
features

• Non-presented critical 
features are (weakly) 
associated with categories



What happens when we remove prior knowledge?

• Prior knowledge facilitates 
associations with the critical 
features and labels

• Prior knowledge slightly diminishes 
the associations with filler features 
and labels, due to error-driven 
learning and stronger signal from 
other features


