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Abstract

Working memory has been evident to be correlated with many cognitive functions (e.g.,

reading comprehension; Daneman & Carpenter, 1980). Recently, psychologists turn their

attention to examining the relationship between working memory and category learning.

For instance, DeCaro, Thomas, and Beilock (2008) showed that category learning can be

differentially influenced by working memory, contingent on the type of category structure.

In this study, the relationship between working memory and not only learning performance

but also the categorization strategy is examined. For this aim, both the working memory

capacity and categorization performance of the participants were collected. The

categorization task adopted the knowledge partitioning paradigm, in which two strategies

(Knowledge Partitioning and Both Boundaries) were reliably observed in the past studies.

A SEM for the collected data of all participants indicated that a positive correlation

between working memory capacity and category learning performance and also a positive,

though mild, correlation between working memory and KP categorization strategy.
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NSC-Report-97-2628-H-004-090-

Working Memory and Categorization: Predicting Strategies

from Capacity

There has been a growing recognition that people’s categorization performance can

be strikingly heterogeneous, both within participants on different occasions (e.g., Kalish,

Lewandowsky, & Davies, 2005; Lewandowsky, Kalish, & Griffiths, 2000) and between

different subgroups of individuals on a single occasion (e.g., Lewandowsky, Roberts, &

Yang, 2006; Yang & Lewandowsky, 2003, 2004). Accordingly, there has been a recent

surge in interest in individual differences in categorization.

However, to date much of that interest has focused on either enumerating and

classifying individuals’ strategies (e.g., Johansen & Palmeri, 2002; Nosofsky, Palmeri, &

McKinley, 1994) or on addressing how those individual differences might best be modeled

(e.g., Lee & Wagenmakers, 2005; Pitt, Kim, Navarro, & Myung, 2006).

Although those efforts have been extremely useful, ultimately it is of great interest

whether those differences in strategy use can be predicted outside the context in which

they are observed. One peculiar aspect of those strategies is that they cannot even be

predicted on the basis of training performance. For instance, Yang and Lewandowsky

(2003, 2004) tested the subjects with a particular category structure, in which, during

training, they can get 100% correct if applying suitable boundaries in different contexts

(knowledge partitioning) or if applying both boundaries for categorization in no matter

which context (both boundaries). The subjects can be recognized as using which strategy

only by whether they changed a boundary for categorization, hence changing the response,

in different contexts. Thus, might knowledge of a person’s IQ or personality tell us

something about how they are likely to approach a given categorization task? And if so,

why and how?
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To my best knowledge, to date only a single study (DeCaro et al., 2008) has sought

to illuminate the relationship between a stable intellectual characteristic, namely working

memory capacity (WMC), and categorization. In their study, the subjects in two groups

were asked to finish a category learning task as well as two working memory span tasks

(operation span and sentence span), with one group learning the rule-based category

structure (i.e., one dimensional rule) and the other group the information-integration

category structure (i.e., two dimensional rule). An adverse effect of working memory

capacity on category learning was found between the category structures, such that the

working memory capacity positively affected the learning of the rule-based structure and

negatively affected the other.

The present article also examines the potential relationship between WMC and

categorization performance; however, unlike DeCaro et al. (2008) we focus on people’s

performance in a single task that is known to engender a variety of different strategies

that participants bring to bear on the task. The objective is to examine whether the

emergence of those strategies, independent of people’s absolute performance levels, can be

predicted on the basis of WMC. Thus, the knowledge partitioning paradigm is a suitable

categorization task to examine the relationships between WMC and categorization,

specifically the categorization strategy.

Knowledge partitioning in categorization

The knowledge partitioning framework posits that knowledge, rather than being

represented as an integrated whole, may be fractionated into independent parcels that are

used selectively without reference to knowledge held in other parcels (Lewandowsky,

Kalish, & Ngang, 2002; Lewandowsky & Kirsner, 2000). In consequence, people may

provide contradictory answers to an identical problem, depending on which knowledge

parcel they use to guide their answer.
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Knowledge partitioning (KP) has been demonstrated with experts (Lewandowsky &

Kirsner, 2000), with non-expert participants in a function learning paradigm

(Lewandowsky et al., 2002) and with non-expert participants in categorization tasks

involving numeric (Yang & Lewandowsky, 2003) and perceptual stimuli (Lewandowsky et

al., 2006; Yang & Lewandowsky, 2004). In each instance, a normatively irrelevant context

cue (such as a verbal label or stimulus color) served as the basis for the contradictory

resolution of an identical problem. This contradiction, elicited by the mere switch of the

context cue without alteration of the surface structure of the problem, distinguishes

partitioning from other well-known context effects (see Kalish, Kruschke, & Lewandowsky,

2004).

WMC and Knowledge partitioning

Why might WMC predict strategy in KP paradigm? One possibility is ability to

ignore irrelevant information–hence increased WMC should predict less KP. A corollary of

this relationship is that knowledge partitioning should not be found in tasks which are

exceedingly simple; this has indeed been shown to be the case in function learning

(Lewandowsky et al., 2002) and categorization(Lewandowsky et al., 2006).

Alternatively, .... the opposite may be true

Experiment 1

The first experiment involved two experimental sessions, used to measure working

memory capacity (WMC) and train people in the categorization task, respectively. WM

span was measured using five tasks: Backward digit span, a memory updating task, two

complex span tasks, and a spatial short-term memory task. The categorization task was

identical to that used by Yang and Lewandowsky (2004) and involved a training phase

followed by a transfer test that permitted examination of people’s chosen strategy. The
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categorization stimuli used in Experiment 1 are known to be perceptually separable and

have previously been found to induce knowledge partitioning in a significant number of

participants.

Method

Participants and apparatus

Eighty undergraduate students from National Cheng-Kung University participated

in this experiment and were reimbursed for travel expenses after completing both sessions.

Participants provided informed consent prior to the experiment.

The experiment was controlled a Windows computer running a MatLab program

designed with the aid of the Psychophysics Toolbox (Brainard, 1997; Pelli, 1997). Stimuli

were displayed on a 17-inch TFT monitor located about 70 cm from the participant.

Working memory span measures

Four of the WMC tasks were adapted with slight modifications from Oberauer

(2005). These tasks were: Memory Updating (MU), Operation Span (OS), Sentence Span

(SS), and Spatial Short-Term Memory (SSTM). The fifth task consisted of a backward

digit span task (BDS). The five WMC tasks were administered in a single session of

approximately 50 minutes.

Backward digit span (BDS). In the backward digit span task, participants

memorized a random list of digits presented singly on the screen (e.g., 9 2 7 4). List

presentation was immediately followed by backward recall (e.g., 4 7 2 9) using the

keyboard.

Each BDS trial commenced with presentation of a central fixation cross for 1.5

seconds, followed by presentation of the list, at the rate of 1 s/item. The number of digits

varied from 4 to 8, with 6 trials for each list length, thus yielding a sequence of 30 trials
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altogether. The sequence of trials was randomized anew for each participant without any

constraints.

Memory updating (MU). The memory updating task was originally designed by

Salthouse, Babcock, and Shaw (1991) and was adapted for psychometric purposes by

Oberauer (2000). The task was to encode an initial set of digits, each presented in a

separate frame on the screen, and to subsequently update these digits through arithmetic

operations.

On each trial, subjects were presented with a set of frames that contained the

to-be-remembered digits; this set size varied from 3 to 5 across trials (3 frames were

presented side-by-side in one row, 4- and 5-frame displays were presented in two rows).

The participant initiated each trial by a key press. The initial digits were then presented

in their frames, one by one, for 1 s each. Following list encoding, cues for the arithmetic

operations such as “+2” or “−4” were displayed in a frame for 1.3 s, followed by a 150 ms

blank interval. Participants had to apply the operation to the digit they currently

remembered in that frame and update the memorized content by the result without

making an overt response. After a varying number of updating operations (2 to 6), each

involving a randomly chosen frame, final recall was signalled by question marks appearing

one-by-one in each frame. Subjects responded by typing the remembered digit for that

particular frame. Typed digits appeared in their frames for 1 second, and were

immediately followed by feedback (the word “correct” or “incorrect” printed below the

frame). There was no time constraint for recall, but all non-digit keys were blocked. The

inter-trial interval was 1 second.

Operations ranged from −7 to +7, excluding zero. Interim and final results ranged

from 1 to 9. Operations exceeding ± 7 were not used because one could then infer both

the initial value (e.g., 1) and the result (9) from the operation (+8). Owing to the random

choice of frame at each step, not every frame was necessarily updated within a trial, and
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often the same frame was updated multiple times.

There were 15 trials total, generated by crossing set sizes 3, 4, and 5 with number of

updating operations (2, 3, 4, 5, and 6). The 15 test trials were preceded by 2 practice

trials (one with 2 and one with 3 frames). All sets of initial digits, operations, recall

prompt orders, and trial order were generated randomly. In order to control and minimize

method variance, the same randomly generated sequence was used for all subjects.

Operation span (OS). This task was originally designed by Turner and Engle

(1989). On each trial, participants saw an alternating sequence of arithmetic equations

(e.g. 3 + 2 = 5) and the to-be-remembered consonants. Participants had to judge the

correctness of each equation, and encode the following consonant for later serial recall.

Subjects were asked to strive for at least 85% correct judgments on the arithmetic

equations.

Commencement of a trial was indicated by a fixation cross presented for 1.5 s.

Then, the first equation appeared centrally on the screen. It disappeared when subjects

made a response or after the maximum response time of 3 s had elapsed. Subjects used

the “?” and “Z” keys to indicate a “yes, this is correct” and a “no, this is not correct”

response, respectively. After the equation disappeared, a consonant was presented

centrally for 1 s. After a 100 ms blank interval, the next equation appeared. This

sequence repeated 4 to 8 times, depending on list length.

Following list presentation, recall of the letters was prompted with a question mark

and a blinking underscore. Subjects typed the remembered series of letters in their order

of presentation; all letter keys were accepted but non-letter keys were blocked. Every

typed letter appeared next to the question mark for 200 ms. Subjects had to type as

many letters as were actually presented in the trial. They were informed that the order of

letters mattered, and were instructed to guess if necessary rather than skip letters they

could not remember. There was no time constraint on recall. The inter-trial interval was
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500 ms and there was a self-paced break after every 3 trials.

List length (i.e., the number of equations and letters) ranged from 4 to 8, each

represented 3 times in the overall sequence of 15 trials. Operands for the equations were

randomly drawn from the −9 to +9 range (excluding 0), and results ranged from 0 to

+10. Half of the equations were correct. Three practice trials (with list lengths 3, 4, and

5) preceded the experimental trials.

Letter sequences, equations, and trial order were placed in one random order that

remained the same for all subjects The consonant lists for each trial contained no

repetitions, and the random generation of lists was repeated until no common acronyms

(such as “JFK” or “FBI”) occurred.

Sentence span (SS). This task was a variant of the task originally designed by

(Daneman & Carpenter, 1980) and was very similar to the OS task just described, except

that the processing task was to judge the pragmatic meaningfulness of sentences. All

sentences were composed of 17 Chinese characters, including comma, and half of them

were meaningful whereas the other half were meaningless. For example, a meaningful

sentence might be “I went out without taking any money but fortunately I ran into an old

friend who helped me out”; a parallel meaningless version of this sentence would replace

“fortunately” with “unfortunately.”

Because this processing task was more difficult than processing of equations, the

maximum response time to sentences was set to 5 seconds, and list lengths only ranged

from 3 to 7. The practice phase comprised 3 trials of list lengths 2, 3, and 4. In all other

respects, the SS and OS tasks were identical.

Spatial short-term memory (SSTM). This task followed closely the original version

by Oberauer (1993). Participants had to remember the location of a number of dots in a

10× 10 grid. Each trial commenced with central presentation of a warning message for

1 s, which was followed by presentation of the 10× 10 grid. A variable number of solid
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dots then appeared, one by one, in individual cells of the grid for 900 ms each

(inter-stimulus interval 100 ms).

Subjects were instructed to remember the spatial relations between the dots. That

is, absolute dot positions were irrelevant, only the overall pattern of dots was

to-be-remembered. After all dots were presented, subjects were cued to reproduce the

pattern of dots. The cue was embedded within a pattern mask that was the same size as

the grid.

Subjects reproduced the remembered pattern of dots by clicking on the cells of the

grid. Each click uncovered a dot, and clicking on a dot again made it disappear. Subjects

were allowed to correct the generated dots until they were satisfied with their response.

Participants proceeded to the next trial by clicking a button at the bottom of the screen.

No feedback was given.

The number of to-be-remembered dots varied from 2 to 6, and there were two

spatial distance conditions. In the near condition, all dots of a trial occurred within a

5× 5 area (i.e., a quarter of the grid). In the far condition, dots could be placed anywhere

in the grid. There were 3 trials for each combination of set size and spatial distance

condition, and hence 30 trials altogether. Dot positions were generated at random, with

the constraint that no dots appeared in corner positions to avoid verbal coding. The same

random sequence was used for all participants.

Categorization task

Category space and stimulus selection. The category structure was the same as used

by Yang and Lewandowsky (2004) and is shown on the left in Figure 1. The categories

were defined by the two partial boundaries given by |Y −X − 100| = 200, such that all

items in Area 2, in the diagonal center stripe, belonged to Category A and items in the

other areas belonged to Category B. As is apparent from the figure, correct classification
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could be achieved on the basis of X and Y alone. A third dimension, color of the

stimulus, acted as the context variable in all conditions.

The stimuli consisted of a rectangle and a short vertical bar within it, with the

rectangle hight and the horizontal offset of the bar corresponding to dimensions X and Y ,

respectively. Two sample stimuli are shown on the right-hand side of Figure 1 in

Column I.

During training, 40 items were sampled from random locations within the training

space for each participant, subject to the constraint that an equal number belonged to

each category and that half of the stimuli were located above the principal (Y = X)

diagonal and half below. Training items are represented by gray squares and open circles

(for categories A and B, respectively) in Figure 1 and are enclosed by the dotted rectangle.

Training items were separated into two clusters, depending on whether they fell

above or below the principal diagonal. All items in a cluster were always presented in one

context (i.e., in red or green) during training. Assignment of color to cluster was

counterbalanced across participants. As each cluster contained an equal numbers of items

from both categories (N = 10 each), context on its own did not predict category

membership. Context was, however, diagnostic of which partial boundary was straddled

by the items in a cluster; hence, training items presented in the upper context straddled

the upper partial boundary between Areas 1 and 2, whereas items presented in the lower

context clustered around the lower boundary between Areas 2 and 3. The color of a

stimulus thus potentially gated the applicability of each boundary.

The final transfer test comprised 60 items, a constant set of 40 novel stimuli

(denoted by black triangles in Figure 1) and 20 randomly sampled training items that

were equally balanced with respect to category and cluster membership.
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Procedure

The five WMC tasks and the categorization task were conducted in two separate

sessions of about 1 hr duration. The average interval between sessions was 1.5 days; the

order of sessions was randomized for each participant. In each session, participants were

tested individually in a sound-attenuated booth.

In the working memory session, the 5 WMC tasks were separated by breaks of

about 3-5 minutes during which the next set of instructions was administered. There were

20 different orders in which the tasks were presented, with 8 participants randomly

assigned to each sequence.

In the categorization session, the training and transfer phases were presented

consecutively and without break. The training phase consisted of 8 blocks of trials, each

involving a different random sequence of the 40 training items. Training was followed by a

transfer phase that consisted of two blocks of 60 stimuli each, presented in a different

random sequence in each block. Across blocks, the context (i.e., color) in which each

stimulus appeared was switched, so each transfer stimulus, irrespective of whether it was

novel or a training item, appeared once in each context (upper and lower) at test.

Different randomizations were used for each participant.

Results and Discussion

Working memory capacity

For all tasks except SSTM , a participant’s WMC score was the mean proportion of

correct-in-position recall averaged across all serial positions, trials, and list lengths (as

recommend by Conway et al., 2005). Recall performance was not conditionalized on

responses in the processing task (cf. Conway et al., 2005)

The scoring of SSTM was slightly more complex because participants were

instructed to focus on relative position, rather than absolute location, during
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reconstruction. Hence, the similarity between the presented and recalled patterns formed

the SSTM score. Pattern similarity was computed as the sum of the dot-to-dot

similarities, which in turn were scored by awarding 2 points for no distance between a

recalled dot and a presented dot, 1 point for a deviation of 1 cell in any direction, and 0

points if the deviation exceeded 1 cell. When computing the similarity, the presented and

recalled dot patterns were first aligned on the location of one dot pair (i.e., presented and

recalled), before computing the dot-to-dot similarity in the manner just described.

Because there are n! possible ways in which two patterns of size n can be aligned on a

single dot pair, the largest among the n! pattern similarities was used as a participant’s

score on a given trial. For consistency with the other WMC tasks, each pattern similarity

score was converted to a proportion by dividing it by the full-match similarity (i.e., if all

recalled dots matched the presented dot locations), before proportions were averaged

across all trials in the same manner as for the other tasks.

Table 1 shows the means and standard deviations (in parentheses) of the WMC

scores in the 5 working memory tasks and Table 2 shows their inter-correlations. Only

data from subjects whose categorization accuracy exceeded 50% (i.e., chance level) during

the last training block were included in this and all subsequent analyses. This criterion

excluded 2 participants.

The pattern of pairwise correlations among WMC measures is consonant with .....

Categorization performance

Overall analysis. During training, mean accuracy increased significantly from .58 to

.78 across the 8 blocks, F (7, 539) = 55.47, MSe = 0.01,

p < .01(partial − eta− square = .42). Notwithstanding the clear presence of learning, the

final accuracy level indicated that participants found the task at least moderately difficult.

The transfer analysis focused on the presence of knowledge partitioning, which
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would be indicated by people changing their classification responses with a change in the

context (i.e., color) in which a test item in a given X − Y location was presented. Table

?? shows the mean proportion of “A” responses on the novel transfer items separately for

each area of the category space (i.e., Areas 1, 2, and 3 in Figure 1) and separated by

context (i.e., the color in which a given stimulus in X − Y space was presented at test).

The top panel in the table shows the data from all participants. Considering the

marginal means for Area first, it is clear that people assigned stimuli in Area 2

preferentially to category A, and stimuli in the other areas preferentially to category B, in

line with the training regime. Moreover, it is clear that context had no effect on stimuli in

Area 2, in line with the fact that both partial boundaries imply an identical classification

in that area. Of greatest interest is the fact that context exerted a large effect in Areas 1

and 3, which is indicative of the presence of knowledge partitioning. Specifically, items in

Area 1 were preferentially assigned to category B in the upper context, but to category A

in the lower context. Conversely, items in Area 3 tended to be assigned to category A in

the upper context but to B in the lower context, suggesting that people selectively applied

a partial boundary to all stimuli—even those that were at the far opposite end of the

category space—depending on the context in which a stimulus was presented.

In confirmation, a Context × Area within-subjects ANOVA using proportion of “A”

responses as dependent measure showed no main effect of context, F (1, 77) < 1, but a

strong main effect of area, F (2, 154) = 25.78, MSe = 0.07,

p < .01(partial − eta− square = .25) and a significant Context × Area conditions,

F (2, 154) = 38.74, MSe = 0.07, p < .01(partial − eta− square = .33). The significant

interaction resulted from the tendency for responses to differ with context in Area 1,

t(77) = −5.49, p < .01, and (in the reverse direction) in Area 3, t(77) = 6.49, p < .01, but

not in Area 2, t(77) = −1.47, p = .14. This pattern replicated the typical knowledge

partitioning results of (Yang & Lewandowsky, 2003, 2004; Lewandowsky et al., 2006).
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Another noteworthy aspect of the data is that responses to items presented in a

context that was incongruent with training (i.e., is the lower context for items in Area 1

and the upper context for items in Area 3) departed little from chance (.50). This may be

indicative of there being several distinct patterns of responding in the data, whose

differences were concealed by aggregating.

Group differences. In order to examine the possible presence of different response

patterns, participants’ transfer profiles (i.e., the patterns of 0s and 1s across all 40 stimuli

× 2 contexts, where values 1 and 0 arbitrarily represented responses for category A and B,

respectively) were entered into a separate K -means cluster analysis for each context.. The

analyses were seeded with 3 pre-defined centroid vectors, consisting of the responses

expected on the basis of application of the lower or upper boundary, or both boundaries

simultaneously. For each context, the analysis classified each participant in terms of the

minimum Euclidean distance between his/her response vector and the closest centroid

vector.

Any participant who used the upper boundary in the upper context and the lower

boundary in the lower context was identified as belong to the knowledge-partitioning

(KP ) group (N = 23). Conversely, participants who applied both partial boundaries

together in both contexts were classified as belonging to the both-boundaries (BB) group

(N = 17). The remaining (N = 38) participants were classified as “other” because their

behavior reflected a blend of different response patterns and strategies. The transfer

performance of these three groups is shown in the lower panels of Table ??.

Not surprisingly, for the KP participants the proportion of A responses in Areas 1

and 3 exceeded .80 in the incongruent contexts, suggesting that the opposite partial

boundary was applied on the basis of context. A Context × Area within-subjects ANOVA

on these participants again failed to find a main effect of context, F (1, 22) = 2.49,

Mse = 0.01, p = .13, but revealed a significant main effect of area, F (2, 44) = 10.10,
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MSe = 0.02, p < .01(partial − eta− square = .31), and a highly significant interaction

between both variables, F (2, 44) = 175.52, MSe = 0.03,

p < .01(partial − eat− square = .89). The interaction resulted from the same pattern

that was observed in the aggregate data; responding changed with context in Area 1,

t(22) = −16.53, p < .01, and in Area 3, t(22) = 11.96, p < .01 (again in the opposite

direction), but not in Area 2, t(22) = −0.71, p = .48.

For the BB group, only the main effect of area was significant, F (2, 32) = 33.91,

MSe = 0.05, p < .01, attesting to the fact that those participants had learned the

category structure during training, with the other two effects yielding F values < 1. For

the other participants, the main effect of area was significant, F (2, 74) = 5.85,

MSe = 0.09, p < .01(partial − eta− square = .14), again indicating learning, whereas

context had no main effect, F (1, 37) < 1. Context again interacted with area,

F (2, 74) = 7.83, Mse = 0.05, p < .01(partial − eta− square = .17), which in this instance

reflected a change in responding with context in Area 3, t(37) = 3.06, p < .01, but not in

Areas 1and 2, t(37) = −1.52, p = .14, and, t(37) = −1.45, p = .16, respectively.

Taken together, Experiment 1 clearly replicated the relevant precedents in the

literature. Roughly one third of participants were found to partition their knowledge (by a

very strict classification criterion), which is commensurate with the proportion observed

by (Yang & Lewandowsky, 2003, 2004; Lewandowsky et al., 2006). Likewise, roughly one

quarter of participants were identified as using both partial boundaries simultaneously,

which falls somewhat below the proportion observed in previous studies. Finally, about

half the participants could not be unambiguously identified as using one or the other clear

strategy. Again, this proportion is somewhat higher than in previous studies, .... In

support, ....
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Experiment 2

The purpose of Experiment 2 was to extend the generality of the findings of the first

study by using categorization stimuli that are known to be perceptually integral. The

stimuli used in this study have previously been found to induce knowledge partitioning in

a significant number of participants (Lewandowsky et al., 2006). In all other respects,

Experiment 2 was identical to the first study.

Method

Participants and apparatus

Eighty undergraduate students from National Cheng-Kung University participated

in this experiment and were reimbursed for travel expenses. The five WMC tasks and the

categorization task were controlled by variants of the same MatLab programs used in

Experiment 1.

Materials and procedure

All stimuli were identical to those used in Experiment 1, except that the rectangles

used in the categorization task were replaced by “blobs” that changed their overall shape

as a function of dimensional values X and Y . Two sample stimuli are shown on the

right-hand side of Figure 1 in Column II.

Categorization stimuli were constructed by varying amplitude and phase of three

super-imposed sine waves. Each stimulus was a polygon, whose contour was defined by

360 dots on the plane. The coordinates of each dot consisted of an angle (from 0 to 359

degrees) and the sine of that angle formed by the sum of three sine waves. Two of the

three sine waves were constant in frequency (i.e., 2 and 4, respectively), phase difference

(i.e., 0 for both), and amplitude (i.e., 0.5 for both). For the third sine wave, the frequency

was constant (i.e., 6) but the phase difference and the amplitude varied, hence creating
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various polygons. The stimulus value on dimension X was scaled to the range 0–179 for

the phase difference, and the value on dimension Y was scaled to the range 0.1–1.0 for

amplitude. These stimuli were confirmed to be integral in a visual-search experiment (see

also Cortese & Dyre, 1996). In all other respects the procedure was the same as in the

first study.

Results and Discussion

Working memory capacity

Using the same criterion as in Experiment 1 (categorization accuracy in the last

block > .50), 9 participants were excluded from all analyses in this experiment. The

means and the standard deviations of the WMC scores of the 71 participants retained for

analyses are shown in Table 1. The mean WMC scores were not significantly different

from those in Experiment 1 on BDS, t(147) = −0.15, p = .88; MU , t(147) = −1.08,

p = .28; OS, t(147) = 0.72, p = .47; SS, t(147) = 1.77, p = .08; and SSTM ,

t(147) = −0.70, p = 0.49.

Likewise, as shown in Table 2, the correlations among the 5 WMC tasks in this

experiment were generally similar to those found in Experiment 1, except that the

correlation between BDS and SSTM was not significant. In addition, the OS and SS

had a higher correlation than any of the other task pairs.

Categorization performance

Overall analysis. As for Experiment 1, we first analyzed performance in the

aggregate. Training performance again increased from .54 to .74 across the 8 blocks,

F (7, 490) = 54.23, MSe = 0.01, p < .01(partial − eta− square = .44).

An analysis involving the data from both experiments showed that participants in

Experiment 1 outperformed the participants in this experiment, F (1, 147) = 8.61,
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MSe = 0.08, p < .01(partial − eta− square = .06). The advantage for Experiment 1 did

not interact with training blocks, F (7, 1029) = 1.03, p = .41.

Transfer responses are shown in Table WHATEVER YOU CALL IT. A Context ×

Area ANOVA on the aggregate data failed to find an effect of context, F (1, 70) = 0.47,

Mse = 0.02, p = .50, but revealed a significant main effect of area, F (2, 140) = 46.64,

MSe = 0.07, p < .01(partial − eta− square = .40), and a significant interaction of both

variables, F (2, 140) = 27.17, MSe = 0.06, p < .01(partial − eta− square = .28). .

Group differences. A K -means cluster analysis conducted in the same manner as for

Experiment 1 identified a KP group (N = 18), a BB group (N = 23), and a group of

other participants (N = 30). Responses for the three groups of subjects are also shown in

Table WHATEVER YOU CALL IT.

Separate analyses for the three groups confirm the obvious pattern in the table. For

the KP group, there was the expected main effect of area, F (2, 34) = 13.95, MSe = 0.02,

p < .01(partial − eta− square = .45), but no effect of context, F (1, 17) < 1. Instead, a

highly significant Context × Area interaction was obtained, F (2, 34) = 221.90,

MSe = 0.02, p < .01(partial − eta− square = .93), which reflected people’s tendency to

change their response with context in Area 1, t(17) = −22.75, p < .01, and Area 3,

t(17) = 13.15, p < .01 (in the opposite direction), but not in Area 2, t(17) < 1.

For the BB group, only the main effect of area was significant, F (2, 44) = 141.20,

MSe = 0.02, p < .01(partial − eta− square = .87), whereas the other two effects failed to

reach significance: for the main effect of context, F (1, 22) < 1, and for the interaction,

F (2, 44) = 1.22, MSe = 0.01, p = .31.

For the other participants, similar to the BB group, area had a significant main

effect, F (2, 58) = 9.00, MSe = 0.09, p < .01(partial − eta− square = .24), whereas the

other two effects were not significant: for the main effect of context, F (1, 29) < 1, and for

the interaction, F (2, 58) = 2.28, MSe = 0.02, p = .11. Thus, unlike in Experiment 1, the
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Others group in this experiment seemed to be context insensitive. Barring this one

exception, Experiment 2 replicated the first study exactly. We next considered the two

experiments together in an analysis that sought to relate working memory capacity to

categorization strategy.

Predicting Categorization Strategies

The preceding separate analyses of the two studies revealed that our WMC

measures were quite homogeneous across experiments. Likewise, the ratio of participants

who could be clearly identified as applying one or the other categorization strategy (KP

or BB) vs. the other subjects who defied clear identification did not differ between

experiments, with 40/38 in Experiment 1 vs. 41/30 in Experiment 2, χ2(1) = 0.39. On

the basis of this homogeneity across experiments, we opted to consider the data from both

studies together in the remaining analyses which sought to identify predictors for

participants’ preferred categorization strategies.

Training performance and categorization strategy

In previous investigations, categorization performance during training did not

predict which strategy people would choose on the final transfer test.

We examined whether training performance might be related to classification

strategy by conducting a one-way between-subjects ANOVA with group (BB, KP , and

other) as independent variable and classification accuracy during the final training block

as dependent measure. The analyses revealed a significant difference between the three

groups, F (2, 146) = 10.42, Mse = 0.01, p < .01(partial − eta− square = .12). Follow-up

simple comparisons showed that the KP and BB groups each differed from the other

group, t(107) = 2.58, p < .05, and t(106) = 4.36, p < .01, respectively.

However, notwithstanding the considerably larger sample size than in earlier studies,
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we again found no striking difference between the KP and BB groups, t(79) = −1.71,

p = .09, although the KP group (M = .78) tended to outperform the BB group

(M = .82) during training Thus, notwithstanding the striking differences in classification

performance between the two principal groups of participants, their final performance

during training was not statistically discriminable. Clearly, people may learn the task

equally well by forming one of two very different representations of the underlying

category space. Might WMC offer a better insight into people’s chosen strategy?

Composite WMC scores and categorization strategy

The first analysis relied on the existing group structure by comparing a composite

WMC score in an analogous ANOVA. A person’s scores on the 5 WMC tasks were first

converted to Z-scores and were then averaged to form a single composite WMC

measurement (ZWMC). Using ZWMC as the dependent variable, we conducted a

one-way between-subjects ANOVA with group as independent variable. The ZWMC

scores of the three groups were found to be significantly different, F (2, 146) = 5.61,

MSe = 0.42, p < .01(partial − eta− square = .07). The KP group performed best,

M = 0.27, followed by the BB (M = 0.06) group and the other subjects (M = −0.15).

Paired comparisons showed that the KP and the BB groups did not differ from each

other, t(79) = 1.50, p = .14, ...

This result implies that a low-WMC person is less likely to develop one of the two

strategies that permit optimal classification of the training items.

However, there are several limitations to this analysis; for example, the composite

score weights each WMC task equally, which need not be appropriate Similarly, the

group-level analysis ignored potentially significant within-group variation. Finally, and

most crucially, this initial analysis did not consider both aspects of performance—viz.

absolute performance level and strategy—simultaneously. We next explore the data via
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structural equation modeling to address all those limitations.

Structural equation modeling

Structural equation modeling (SEM) permits us to model the relationship between

WMC and categorization at a finer level of detail. In particular, we explored several SEM

models that involved three latent variables. The first latent variable represented WMC

and was measured by the cluster of 5 WM tasks in both experiments. The remaining two

latent variables represented categorization performance (i.e., how well the category

structure was learned) and categorization strategy (i.e., how people classified items

irrespective of the accuracy with which they did it).

A measurement model for categorization

The latent performance variable was measured by the accuracy in the final 3

training blocks. Those three indicator variables are referred to as Block 6, Block 7, and

Block 8 from here on. The choice of those variables was straightforward and deserves little

comment.

The latent strategy variable was intended to capture the extent to which the two

rival categorization strategies (KP or BB) were chosen to classify the novel transfer items

in the incongruent contexts, irrespective of absolute performance level. Because this latent

variable was intended to represent the degree of choice between those two strategies, one

possibility is to design a set of bipolar indicator variables, with some indicators reflecting

use of the KP strategy whereas others represent the BB alternative (by implication, the

sign of the correlations with the latent variable would be expected to reverse between the

two types of indicators). Thorough examination of a number of candidate variables

revealed that most potential indicators for the BB strategy were highly correlated with

absolute performance. This is not altogether surprising because perfect application of the

BB strategy yields a transfer profile that is tantamount to perfect training performance
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extended to all test items in both contexts. We therefore selected a unipolar set of three

indicators that defined a unipolar latent variable, which we refer to as Knowledge

Partitioning. A person who is using the KP strategy would therefore score high on these

indicators whereas a person using the BB strategy would show a low score. The three

indicators were composed as follows.

KP Distance. The first variable involved the Euclidean distance between a persons

classification profile for novel transfer items in the training-incongruent context (i.e., the

sequence of 40 responses, coded as 1s and 0s for category A and B, respectively, for items

below the X − Y diagonal in the upper context and those above the diagonal in the lower

context) and the centroid representing the ideal KP strategy (i.e., the centroid that was

used earlier to classify people into groups corresponding to strategies). To facilitate

interpretation, the final indicator variable was the negative of this Euclidian distance;

hence, the larger the value of KP Distance (i.e., the closer to zero), the more similar a

participant’s strategy was to the ideal KP pattern.

Switch 1 and Switch 3. Two additional indicators consisted of simple counts of the

number of times that a person switched their categorization response with a change in

context for stimuli in Areas 1 and 3, respectively. Thus, whereas KP Distance measured

the overall extent to which a person partitioned their knowledge, these two indicators

(Switch 1 and Switch 3) selectively tapped the application of each partial boundary, thus

identifying people who partitioned their knowledge only partially.

We conclude that our indicator variables for Knowledge Partitioning can

differentiate between the two principal strategies of interest. We next examine whether

strategy and performance in categorization are related to working memory capacity.
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WMC and categorization

The final best-fitting SEM model is shown in Figure 2. All numbers in the figure

refer to standardized estimates and are significant. The model assumed that the WMC

latent variable was related to both aspects of categorization, viz. performance and

strategy. The model fit extremely well, χ2(42) = 46.11, CFI = .994, RSEA = .03 (90%

CI: .0 – .06), SRMR = .05.

The figure shows that the constructs predicted the indicator variables well: For

WMC, the five working-memory tasks exhibited medium to strong correlations, and

likewise, the Performance and Knowledge Partitioning constructs predicted, respectively,

the accuracy during training (Block 6 through 8) and the strategy indicators

(KP Distance and Switch 1 and 3) very well.

Of greatest interest were the correlations between the three latent variables, WMC,

Performance, and Knowledge Partitioning. The significant positive correlations between

WMC and the two constructs for categorization implied that, first, increased

working-memory capacity predicts better categorization performance and, second and

more interestingly, also predicts a person’s strategy independent of performance.

Moreover, the absence of a correlation between Performance and Knowledge Partitioning

implies that the two constructs capture independent aspects of behavior, as intended. (A

model in which the correlation between Performance and Knowledge Partitioning was

estimated failed to perform significantly better, χ2(1) = .40).
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Table 1

Mean working memory capacity (WMC) scores from both experiments with standard

deviations shown in parentheses.

BDG MU CS RS SSTM

Experiment 1 .95 (.05) .70 (.18) .79 (.10) .86 (.09) .87 (.05)

Experiment 2 .95 (.04) .74 (.17) .78 (.11) .82 (.12) .89 (.04)
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Table 2

Correlations between various WMC tasks for both experiments

BDG MU CS RS SSTM

Experiment 1 (n = 78)

BDG

MU .30**

CS .41** .38**

RS .37** .41** .55**

SSTM .12 .40** .29** .27*

Experiment 2 (n = 71)

BDG

MU .44**

CS .37** .51**

RS .45** .49** .57**

SSTM .12 .34** .22 .17

∗ = p < .05, ∗∗ = p < .01
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Table 3

Means and Standard Devations of The KP, BB, and Others groups on Three KP Indicators

Group KP Distance Switch 1 Switch 3

KP -4.08 (1.84) 10.98 (2.06) 10.44 (2.12)

BB -8.75 (0.91) 1.75 (1.33) 2.10 (1.96)

Others -7.23 (1.16) 5.53 (3.06) 5.65 (3.11)

SD shown in parentheses
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Table 4

Categorization transfer performance in Experiment 1, shown as the proportion of category

A responses

Context Area 1 Area 2 Area 3

Overall

Upper .30 .58 .53

Lower .55 .61 .26

KP

Upper .18 .64 .84

Lower .87 .67 .22

BB

Upper .17 .57 .19

Lower .17 .56 .18

Others

Upper .44 .54 .49

Lower .53 .60 .32
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Table 5

Categorization transfer performance in Experiment 2, shown as the proportion of category

A responses

Context Area 1 Area 2 Area 3

Overall

Upper .21 .63 .52

Lower .45 .62 .32

KP

Upper .11 .69 .87

Lower .89 .65 .20

BB

Upper .15 .64 .19

Lower .19 .66 .18

Others

Upper .33 .59 .55

Lower .39 .57 .51
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Figure Captions

Figure 1. The category structure used by ? (?, ?) and in the present experiments is shown

on the left. Training items are enclosed by the broken rectangle and are identified by gray

squares and open circles (for category A and B, respectively). Novel transfer items are

denoted by black triangles. Items in Area 2 belong to Category A whereas items in Areas

1 and 3 belong to category B. During training, each cluster of training items straddling a

partial boundary was presented in a unique context. The two columns on the right show

sample stimuli used in Experiment 1 (Column I) and Experiment 2 (Column II). See text

for further details.

Figure 2. Structural equation model for data from both experiments (N = 149) relating

working memory capacity (WMC) to categorization performance and strategy. All

numbers represent standardized estimates and are all significant (p < .05). See text for

details and explanation of variable labels.
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赴澳洲伯斯短期研究心得 

 

時間：97.8.16-97.8.31 

地點：澳洲伯斯 

 

本研究（分類學習與工作記憶 97-2628-H-004-090-）主旨在探討工作記憶如

何影響到人們分類學習的表現。同時，本研究也是和澳洲國科會支持之發現專案

（Discovery Project，編號：applDP0879110）的平行研究計劃，該計劃主要主持

人為西澳大學教授 Stephan Lewandowsky，本人與 Prof. Lewandowsky 往來密切並

共同執行工作記憶與分類學習表現關連之諸項實驗。故此，本人此次前往西澳伯

斯，主要為分析現有資料，以及開發工作記憶測量用的電腦程式套件。 

本次短期研究決定了工作記憶測量由四個常見的工作記憶測驗組成

（Memory Updating，Operation Span，Sentence Span 以及 Spatial Short-Term 

Memory），同時，也分析了初步蒐集來的資料，進行部分信度的分析。此外，為

使該套件能更被廣泛地使用，此次短期研究也決定了將開發中文版和英文版兩

種。同時，也約定下一年度的合作事項。 



 

赴澳洲伯斯短期研究心得 

 

時間：98.8.10-98.8.17 

地點：澳洲伯斯 

 

承去年開始之合作案，本次澳洲短期研究主要任務為撰寫投稿稿件。由於本

研究所開發之工作記憶電腦套件，已於澳洲和台灣兩地進行了三個實驗，總受試

者人數超過 300 人，而三個實驗進行效度分析後，發現建構效度的一致性很高，

同時，各測驗的信度（Crobach's α）沒有低於.75 的，顯示各測驗擁有良好的信

度。本次短期研究雖僅停留西澳伯斯一週，但於這一週內，本人和 Prof. 

Lewandowsky 完成"A Working Memory Test Battery for MatLab"一稿之初稿，並打

算將之發表於 Journal of Behavioral Research Method。本次短期研究除了撰稿之

外，也針對分類學習的資料進行分析，並透過 SEM 發現工作記憶廣度愈大者，

愈有機會能注意到無關情境訊息，並據此發展出不同的分類策略。 

 



 

出席 Computing in Economics and Finance (2009) 年會心得 

 

時間：98.7.14-98.7.19 

會議地點：澳洲雪梨 

 

本次赴雪梨參加 Computing in Economics and Finance 年會，乃本人第一次參

加經濟學與財務學方面相關的會議。基於與政大經濟系陳樹衡教授合作研究工作

記憶廣度對於經濟決策之影響，本人延伸本研究，將工作記憶應用於經濟學中的

雙方喊價市場研究，這部分的研究成果，則由戴忠擎博士、陳樹衡教授以及本人

於本人聯名發表，其主要發現為，工作記憶廣度愈大者，在喊價市場中的獲利也

愈高。除了這篇研究之外，本人亦獨自發表工作記憶與統計推論之間的關連性，

"Working Memory and Statistical Reasoning"，此作業發現，工作記憶廣度會影響

到人們對於母群的變異程度之估計，工作記憶廣度愈大者，所做出之估計也趨於

保守。與會人士多為經濟與財務相關研究人員，對於工作記憶等相關之心理學議

題並沒有太大的認識，但鑑於經濟學研究愈來愈強調個人特質與經濟決策行為間

的相關性，本人深感往後此類研究將會有更多的發揮空間，值得加強。 


