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Abstract set consists of two alternatives. TTB starts the infornratio
In this paper we propose a bottom-up model of decision strat- processing with the best cue, and compares the values of al-
egy selection, We assume that working memory capacity plays ternatives on that cue. If the cue discriminates between the
a crul\?al role in shaping P{ﬁd?&l]smr%ta' mforrt'n?tltog prseets. alternatives, then the alternative with the higher valuzhis-
ing. Moreover, we assume that the often postulated repertoi i :
of choice strategies can be explained as an expression of one sen. Ifthe cue doe_s not dlscrlr_nlngte between the alteegtiv
strategy performed with different working memory limits. A then the next cue in the ranking is checked. If TTB cannot
mathematical model of this process is described, togetiter w  find a discriminating cue, then the choice is made at random.
results of computer S'm”b.‘t'o_ns' . _ TTB is noncompensatory as the information of cues with
Keywords: decision making; strategy selection; heuristics;  pigher validity cannot be compensated by cues with lower
mathematical models; - . " .
validity. In contrast, the Weighted Additive rule is a com-
Introduction pensatory strategy, since it integrates all informatioADM

- . . . chooses the alternative with the highest sum of cue values
Decision making based on available environmental cues en-

I . ; weighted by cue validities. Because of this, the low values o
counters difficulties in the form of uncertain and incomelet the most important cue can be compensated by hiah values on
knowledge about the environment, partially stochastiedep P P ynig

. . =" the less important cues. People seem to select WADD more

dency between behaviour and feedback, costs of getting info = . X
) ) S . ; . often when they make decisions in an unknown environment
mation and time limitations (Simon, 1982). It is possible to. . .
T . in which they have no experience and where the costs of ap-
distinguish two different approaches to the problem of mak-

. - ) : . o lication of the strategy are low. In contrast, in cases with
ing decisions in uncertain environment. The first is based ot . - .

: . ; . o increased costs associated with information search, T€B pr
assumption that people are rational in their behaviour m ge

eral. The second is founded on the assumption that becau(sjle(:tS people’s inferences better (Newell & .Sh.anlfs, 2003)'_
of cognitive limitations, time limits and cost of informati, The compensatory-noncompensatory distinction describes

1982; Gigerenzer, Todd, & ABC Research Group, 1999).  the context of environments, the bigger the difference be-
tween highest cue value and the next one is, the more the en-

Repertoire of strategies vironment is noncompensatory. Compensatory environments
Within the bounded rationality framework, many strategiesare these in which advantage of first cue value over other
have been proposed to describe human cognitive processesafes is relatively small. It has been shown (Bréder, 2003)
coping with decision making problems (Simon, 1982; Paynethat in compensatory environments, compensatory stesgegi
Bettman, & Johnson, 1993; Gigerenzer et al., 1999). Withiryield more accurate choices than noncompensatory ones, and
this framework, it is common to assume the existence of th&ice versa — in noncompensatory environments, noncom-
repertoire of separate strategies, which are used comtingepensatory strategies are more accurate than compensatory
on the features of the task environment and cognitive chara®nes.
teristics of the decision maker. Two of the proposed strate-
gies deserve a closer look: The Weighted Additive (WADD) Strategy selection
model and Take The Best (TTB) strategy. It was shown that
these two strategies are used most frequently in expersmenThe problem of using the right strategy for a particular de-
on multiattribute choice (e.g., Rieskamp & Hoffrage, 1999;cision task has been framed as the strategy selection prob-
Rieskamp & Otto, 2006) These two strategies represent twiem and several models have been proposed to account for
different classes of strategies: rational in traditionadler-  this process. The earliest are Beach and Mitchell (1978),
standing of this concept, and boundedly rational (Gigezenz Christensen-Szalanski (1978) and Payne, Bettman and John-
etal., 1999). son’s models (1993), which all go under the rubric of top-
Take The Best is one of noncompensatory strategies, whichown models of strategy selection. Regardless the dif-
do not integrate any information. Its assumptions are: df) th ferences, these models commonly assume that along with
the cues are ranked (from the best to the worst) based on tliee repertoire of strategies, decision makers poagasori
cue weights, 2) the cue values are binary and 3) the choicknowledge of the cost and benefits of using a particular-strat
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egy, and integrating this knowledge leads to a (presumablyhigh’ quantity of a given cue. Cue values are read into the
conscious, deliberate choice of a strategy. model’'s working memory with the order of cue weights, and
A slight departure from these models is Rieskamp andhe higher the weight the cue has, the stronger is its activa-
Otto’s model, based on the concept of reinforcement legrnintion in memory. The model assumes that there are two prop-
(Rieskamp & Otto, 2006). Their Strategy Selection Learningerties of working memory which influence the predecisional
Theory (SSL) also assumes that people possess a repertoifgormation processingcapacity andfocus of attention. Ca-
of strategies to solve choice problems. Moreover, it assumepacity determines how large is the reduction of decrease of
that people develop subjective expectations for the gieée  activation between successive cue representations (zempa
based on the performance of strategies in previous choiceBigure 2 and Figure 3), whereas focus determines how large
The performance of strategies acts as feedback for the ais the reduction of the decrease, when moving from cues with
sumed reinforcement learning. In subsequent choices, th@igher validity to those with lower one (see Figure 1). The
strategies are chosen with frequencies dependent on tkese €ue first in the ranking always has the activation of ‘oneig(it
pectations of accuracy. activated on maximum level), the following cues have lower
Another model is Lee & Cummins’ Evidence Accumula- activations, in accordance with formulas shown bellow.
tion Model (Lee & Cummins, 2004), which assumes that both
a rational decision strategy and a fast and frugal strategyy a
special cases of a sequential sampling decision process, Th .
it is a rather radical departure from the previous models as -~
the assumption of the repertoire of strategies is absetiein t 2 Pocs:2
model. Its main assumption is that fast and frugal strategy 2 -
and a rational strategy can be unified within one process.
The model proposed in this paper is based on a few im-§
portant assumptions related to the nature of working mem-
ory. We assume that information stored in working memory
takes the form of activation of some parts of larger struectur

(e.g., long term memory). The parts of this structure are con

nected with information that is maintained in working mem- > |

ory, in such a way that (a) when given part of structure is .m
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activated, the content represented by it is available indmin -

and (b) functional connections between parts of the stractu ! 2

reflect associative connections between contents of wgrkin Cue number

memory. Although these assumptions concerning working

memory are rather strong, they are discussed in psychology

as very plausible (see Cowan’s model: Cowan, 1999). Figure 1: Relationship of cue activation, the focus and the
Another assumption related to working memory is that ob-20Sition in weight order.

jects represented in it can be activated with various stheng

and thus, available in memory to a various degree. Cowan After the cues are represented in working memory with

(1999) distinguishes two parts of working memory which dif- &n activation computed on the basis of their place in the cue

fer in the availability of content: activated memory and fo- ranking and the given memory properties, all alternatives a

cus of attention. Contrary to this view, we assume that theré0mpared with regard to their cue values multiplied by their

is a continuum of activation of elements in Working mem- aCtiVationS. The altel‘native Wh|Ch haS the h|ghest OVera”

ory. In our model the number of cues represented in memoryalue is chosen (if there is a tie, the choice is made at ran-

depends on current memory capacity, understood as activdom).

tion allocated among representations. The processingeapa [N sum, to compute an outcome the model performs the

ity can change over time and from task to task — we call thigfollowing operations:

assumptioran adaptive capacity hypothesis.

0

1. Gathering data to be processed (i.e., alternatives, ae v
The Bottom-Up Model of Strategy Selection ues and cue weights).

Although the proposed model concerns the problem of stra¢: Sorting the cues according to their weights.

egy selection, the goal of modeling this process is achieveg compyting activation of the cues based on the place of a
indirectly. The proposed model has to choose the best choice ¢ ¢ in the ranking and the current amount of processing
alternative among several ones. As input data, the model capacity, on the basis of formula (2).

takes 1) a set of alternatives (each represented as a véctor o
cue values) and 2) the order of cue weights (cue ranking}. Executing the Weighted Additive strategy on the given cue
Cue values are binary (0 and 1), representing a ‘low’ and a values and cue activations used as cue weights. This pro-
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cess chooses the alternative which has the highest overall
value computed from the formula (2). 100%

Area of available memory capacity

\\\\\:

N

Parameters and formulas

As it was said above, there are two main parameters of the,
model: memory capacity and focus of attention. Memory ca-&
pacity is an overall amount of activation which can be didide %
among different cue representations; it is denote a$o- 2
cus is the kind of mapping between the place of a cue in the /

ranking based on the weights and the amount of memory al- ////

located to that cue (in the proposed model it can be either ot/ -~ 7~

linear or polynomial, decreasing in both cases) and will be

represented &8 Formula (1) shows the relation between the 1 2 3 4 5 8 8 98 10
amount of the activatiora] ascribed taith cue on one hand Number of cue (n)

and focus parameters on the other.

7

A\

\

-

—nl S
an = mx((v + 1) ,0) +€ (1) Figure 2: Cue activations given by the model with large mem-

ory capacity.

In the formula (1) is the activation noisd, stands for the

number of choice alternatives anahx denotes the function
which returns larger of its arguments. The negative valdies o
a, if they occurred, are not taken into consideration — they

were treated as zeros. Note that the smallentisethe more
activation is given to the cue. The model chooses the alter-
native for which the valug is the highest, where valug)(is
computed from the formula (2) based on the Weighted Addi-
tive rule.
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Thek stands for the number of cues, is the activation of
nth cue, and, is the value of theith cue. Note that all vari- 12 3 4 V5
ables except capacity and focus (i.e., values of the cues; nu Number of cue ()
ber of the cues and number of alternatives) are not brought
into the simulation as parameters, but they are featurdeeof t
environment. Figure 3: Cue activations given by the model with small
Figure 2 shows the hypothetical levels of cue activation in anemory capacity.
situation when relatively large memory capacity is avdéab
In this example all cues are represented in working memory,
and all activations are relatively similar (compare figuye 3 Another prediction relates to the correspondence between
Figure 3 shows the hypothetical levels of cue activation in adecisions given by our model and the WADD or Take The
situation of relatively small memory capacity. Only the fou Best strategies. We expect that responses given by the agent
first cues are activated in memory and there are big differwith memory characteristic favouring the use of a compen-
ences between levels of activation. satory (high capacity, low focus) strategy will be consiste
) . with WADD responses, whereas the agent with memory fea-
Results of simulations tures favouring the use of a noncompensatory strategy (low
There are two interesting predictions of the model. The firscapacity, high focus) will give responses consistent wakel
concerns differences between the fit of different strategieThe Best.
(TTB and WADD) in environments with specific character- To verify the assumptions of the model, we conducted
istics. We expect that agents with memory features that decomputer simulations of its performance on two different
termine the use of a simple noncompensatory strategy (i.edata sets. The simulations were programmed in Lisp. The
low capacity, high focus) will be more accurate in the non-data sets we used for the simulations were provided by Jo-
compensatory environment, and analogously, opposite menerg Rieskamp and had been used in his studies (Rieskamp &
ory features (high capacity, low focus) will result in highe Otto, 2006). The two environments used for the simulation
agents’ accuracy in a compensatory environment. were a compensatory and a noncompensatory one. In each
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of the environments, there were two choice alternatives, dethe TTB strategy. In fact, the match between our model and
scribed by six cues; the cue values were binary (0 and 1). ITTB was quite high — 80% for the compensatory environ-
the compensatory environment, the cue validities were,0.7Iment and 96% of choices in the noncompensatory environ-
0.66, 0.65, 0.61, 0.55, 0.53, and for the noncompensatery ement (Figure 5).

vironment they were 0.78, 0.7, 0.65, 0.61, 0.56, 0.53.

In this paper, we present the results concerning only one
parameter — the memory capacity. We set the model’s pa-
rameterM to two values: low (2) and high (6) and tested the
performance of these two versions in the two different envi- . L poncompeneaton
ronments. The model’s processing capacity indeed intedact b
with the environment structure. In the compensatory envi- = |
ronment, there was no difference in the accuracy of choice@;
made by the high and low capacity versions of the model.2
However, in the noncompensatory environment, the low ca-2 & -
pacity version of the model, surprisingly made better céic
than the high capacity version of the model (see Figure 4).
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Figure 5: Simulation results: match in choices between
the versions of the Bottom-Up Model and WADD and TTB
strategies in different type of environments.

0.70
Il

Discussion

The model proposed above is based on two novel ideas which
can help explain the process of strategy selection during de
large small cision making. The first idea is that there are no separate
Memory capacity strategies chosen and used on the basis of either delitrerati
or earlier learning, but all strategies are various expoesof
one process which depends on some cognitive charactsyistic
Figure 4: Simulation results: interaction between workingwhich can vary intra- and interindividually.
memory capacity and the type of environment. In this perspective, our model shares some features with
Lee & Cummins (2004) unifying model of strategy selection.
Second, we present the results concerning the match ifihe most important one is the assumption that the selection
choices between our model and the strategies we used fof strategy is not a real choice, but is only seen as such from
comparison, namely TTB and WADD. The question we askthe observer’s third-person perspective. Both modeldesta
here is whether our model is a good approximation of thesdéish that some decision maker’s internal property (comwict
two strategies. First, we manipulated the paramigtef the  about strength of evidence in Lee and Cummins’ model, and
model, which describes the processing capacity to be divideworking memory allocation in our model) can be changed and
among all cues. Again, we set this parameter to two valueghus result in apparent use of different strategies.
high (6) and low (2). We assumed that with the high process- The second idea that distinguishes the Bottom-Up Model
ing capacity our model will accurately recreate the choice®f Strategy Selection from the majority of the models pro-
made by WADD strategy. The actual percent of overlappingoosed so far, lies in the emphasis of the importance of work-
choices between our model and WADD is 70% for the com-ing memory in decision making. It is claimed here that such
pensatory environmentand 56% for the noncompensatory emremory operating characteristics like capacity and atiant
vironment. Similarly, we assumed that with the low processfocus are essential for the process of decision strategg-sel
ing capacity the model will accurately recreate the choofes tion. It is also an important feature distinguishing thesere
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model from Lee and Cummins’ model. As our model em-Gigerenzer, G., Todd, P. M., & ABC Research Group. (1999).

ploys an idea that is central to cognitive psychology (nammel  SimpleHeuristicsthat make ussmart. Oxford: Oxford Uni-

working memory), it thus seems to be better prepared to cor- versity Press.

roborate other models of performance on complex cognitivé.ee, M. D., & Cummins, T. D. R. (2004). Evidence accumu-

tasks. lation in decision making: Unifying the “take the best” and
Further tests of the model are based on fitting people’s the “rational” models. Psychonomic Bulletin & Review,

choices in decision task with different characteristicse W 11(2), 343-352.

expect that after appropriate setting of the model's parameNewell, B. R., & Shanks, D. R. (2003). Take the best or

ters the model’s outcomes will recreate real choices of lgeop look at the rest? Factors influencing “one-reason” decision

with different working memory characteristics. The model making. Journal of Experimental Psychology: Learning,

should be also able to capture the intraindividual varratio Memory, and Cognition, 29, 53—65.

choices resulting from changing working memory characterPayne, J. W., Bettman, J. R., & Johnson, E. J. (1998

istics. To this end, it seems reasonable to manipulate pisopl  Adaptive Decision Maker. Cambridge, UK: Cambridge

working memory characteristics and expect that this will re  University Press.

sult in decision strategy shifts and in different decisiat-o  Rieskamp, J., & Hoffrage, U. (1999). When do people use

comes. For the results see (Wichary & Snigle prep.). simple heuristics and how can we tell? In G. Gigerenzer,
P. Todd, & the ABC Research Group (EdSmpleHeuris-
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