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Abstract 
Previously, a dynamic neural field model of the dimensional 
change card sort (DCCS) task was used to explain the role of 
flexible attention in early executive function development. In 
the current study, we generalize this model to demonstrate that 
it successfully explains developmental associations between 
flexible and stable attention development. Next, we test 
associations between attentional flexibility and attention 
selectivity predicted by the model. Three- and 4-year-olds who 
demonstrated attentional flexibility were more likely to 
selectively attend to a single dimension in the free 
classification task, supporting model predictions. In addition, 
children who were more flexibly were also more stable in their 
choices during a dimensional priming task.  These results 
suggest that multiple attentional functions emerge from 
common neurocognitive processes operating across different 
task demands.  

Keywords: executive function; dimensional attention; 
computational model  

Executive Function (EF) Development 
EF refers to the collection of processes and mechanisms that 
give rise to goal-directed behavior. EF is a foundational 
aspect of cognition as it facilitates adaptive behavior and is 
predictive of quality of life outcomes in adulthood such as 
academic achievement and vocational success (Moffitt et al., 
2011). Previous efforts to strengthening EF in early 
childhood have failed to achieve generalization beyond the 
trained tasks (e.g., Diamond & Lee, 2011) suggesting that our 
understanding of the mechanisms and processes that underlie 
EF abilities is lacking (Happaney & Zelazo, 2003; Kirkham 
& Diamond, 2003; Munakata, Morton, & Yerys, 2003).  

In the current work we present a dynamic neural field 
model that builds upon previous work (see Buss & Spencer, 
2014) to provide a developmental explanation of how 
neurocognitive processes can give rise to three attentional 
abilities in early childhood: flexibility, stability, and 
selectivity. Using this model, we demonstrate how a 
dimensional attention mechanism provides an explanation of 
development across attention tasks that have distinct and 
often competing cognitive demands.  

Dynamic Neural Field (DNF) Model of Flexible 
Attention 

One task used as a measure of the developmental status of 
EF during early childhood is the DCCS task. In this task 

children are instructed to sort cards by 
shape or color and then to switch and 
sort by the other dimension. Target 
cards are affixed to the trays where 
children sort to show which features 
go where for the different games. The 
test cards that children sort match 
either target card along different 
dimensions (see Figure 1).  

This task has been the focus of 
various theories of EF development 
because it reveals a qualitative shift in 

performance over a short period of time: 3-year-olds typically 
fail to switch rules and perseverate on the first dimension 
when instructed to switch, but 4-year-olds have little 
difficulty switching. Moreover, this task places demands on 
multiple aspects of EF. First, it is necessary to maintain an 
active representation of the relevant feature dimension. 
Inhibition is required to suppress processing of the irrelevant 
dimension. Shifting is required to update these processes 
when the rules change on post-switch trials.  

Within the previous DNF model proposed by Buss and 
Spencer (2014), neural units interact through local-excitation 
and lateral-inhibition to create ‘peaks’ of activity that 
correspond to cognitive representations or decisions about 
stimuli. Memory traces accumulate over the course of a 
model’s history in a task, increasing baseline levels of 
activation for neural units that are activated over time. In this 
way, the DCCS task demands can be situated into a neurally 
representative architecture (see Figure 2). The vertical 
columns in Figure 2 present fields illustrating activation that 
leads to decisions over the course of a trial in the DCCS task. 
Each aspect of this architecture can be mapped on to cortical 
regions in the brain. The parietal component (top field in 
Figure 2) is composed of a population of neural units that is 

Figure1.This 
figure depicts 

the DCCS task. 
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tuned to the spatial information of the task. Peaks within this 
field reflect spatial decisions about objects in the context of 
the task-space (see Figure 2 activation plots where peaks are 
forming at a right and left location). This component is 
coupled to a set of 2-dimensional fields which are tuned to a 
combination of feature information (color in the middle or 
shape at the bottom of Figure 2) and spatial information. The 
model builds representations of objects by anchoring peaks 
of activation for visual features to spatial locations. Thus, the 
parietal and temporal fields all share activation with one 
another along the spatial dimension. When neural units are 
activated within the model, they pass activation to other units 
that are tuned to similar spatial information. 

 

 

Additionally, the parietal and temporal components are 
reciprocally connected to a frontal cortex component. This 
component implements representations of labels for features, 
dimensions, or objects. These label representations 
implement a form of dimensional attention: when a label unit 
is activated, processing of the associated features is enhanced 
within the object representation system. In the second column 
of Figure 2, the model is given a test card as a ridge of 
activation for the blue and star features that is equally strong 
across all spatial locations. The model has been instructed to 
sort by color meaning that a biasing input has been provided 
to the “color” label unit. At the time point presented in the 
second column, the presentation of the test card input sends 
activation to the label units to recruit dimensional attention. 
Because the model has been instructed to sort by color, the 
model activates the “color” label unit. In column 3, the model 
has built a representation of the test card at the leftward 
location, sorting by color. The final column illustrates the 
memory traces that accumulate after the pre-switch phase: 
memory traces overlap with target inputs within the color-
space field creating competition, whereas memory traces 
conflict with the target inputs within the shape-space field 
creating conflict. 

The ‘young’ model has weak reciprocal connectivity 

between the frontal and posterior systems and weak 
interactions between label units. As a result, the ‘young’ 
model perseverates in the DCCS task at rates similar to 3-
year-olds. An ‘old’ model has strong connectivity between 
frontal and posterior system and strong interactions between 
label units. As a result, it switches rules at rates similar to 4-
year-olds. Thus stronger top-down processing biases decision 
making in order to override bottom-up processing that alone 
would lead to perseveration. This model has been used to 
explain a wide array of results in the literature and predict 
performance in new manipulations to the task (see also Buss 
& Spencer, 2017; Perone, Plebanek, Lorenz, Spencer, & 
Samuelson, 2017).  

Dimensional Attention Development 
Next, we examine whether this model can explain a 
previously reported developmental association between 
flexibility on the DCCS and attentional stability in a priming 
task. Then, we examine whether the model can predict 
associations between flexibility in the DCCS task and 
attentional selectivity in an implicit attention tasks. 
Stable and Selective Attention 

Attentional stability improves over early development and 
has been previously assessed with a dimensional priming 
(DP) task (Medin, 1973). In this task, children are first shown 
a reference object (e.g., a blue square) and are then shown 
two choice objects (see Figure 3). Children are instructed to 
pick the object that goes best with or is most like the reference 
object. The first two trials that children receive in this task, 
depicted in Figure 3, are called priming trials. Priming trials 
are configured such that only one of the two choice objects 
matches the reference object. After two priming trials, 
children are given ten test trials where both choice objects 
have a feature that matches the reference object along 
different dimensions. Children’s performance is scored based 
on the number of trials on which they continue to select 
objects based on the primed dimension. 

Benitez, Vales, Hanania, and Smith (2017) demonstrated 
that stability in the DP task 
is related to attentional 
flexibility in the DCCS 
task. Children who could 
flexibly switch rules in the 
DCCS task were more 
likely to continue making 

choices based on the primed 
dimension in subsequent 

test trials. Based on these results, several questions are left 
unanswered. How can a neurocognitive system give rise to 
flexibility in one context but stability in another? Stability in 
the DP task seemingly works in opposition to flexibility in 
the DCCS task. However, this data set suggests a more 
nuanced attentional process drives the association in 
performance between these tasks. Moreover, it is not clear 
how a neurocognitive system can adapt across these contexts 
when either explicit or implicit demands are imposed.  

Another classic measure of attention is a free 

Figure 3: Example of DP 
task stimuli.  

Figure 2. Schematic of Buss & Spencer (2014) DNF 
model of dimensional attention and flexibility in the 
DCCS task.  
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classification task, specifically the Triad Classification (TC) 
task (Smith & Kemler, 1977). The TC task taps into implicit, 
selective attention. Similar to the DP task, children are given 
a series of trials in which they are shown a reference object 
and asked to pick which choice object goes with the reference 
object. The three stimuli are configured such that on every 
trial one object shares the same feature with the reference 
object along one dimension while being maximally different 
along the other dimension. This is termed the identity (ID) 
choice object (object shown at the right in Figure 4 and is 
labeled B). The other choice object does not match the 
reference object along either dimension, but is overall more 
similar to the reference object when considering both 
dimensions (object shown at left in Figure 4 labeled C). This 
object is called the holistic (H) choice object. Thus, the H 
object would be deemed a better match to the reference object 
if information is integrated across both dimensions. 
However, the ID object would be deemed a better match to 
the reference object if information is selectively considered 
along a single dimension. Previous studies have 
demonstrated that children’s attention becomes more 
selective over development, such that older children more 
frequently select the ID object over the H object compared to 
younger children (Smith & Kemler, 1977).  

  The TC task requires 
selective attention to focus 
processing on the task relevant 
dimension. Moreover, the 
application of attention must 
be driven implicitly since there 
are no cues or instructions 
regarding which dimension is 

relevant. The relevant dimension must be inferred from the 
configuration of stimuli. The TC task also places unique 
demands on flexibility. That is, the relevant dimension is 
randomly selected from trial to trial. The TC task lacks a 
dimension that is systematically task-relevant over the course 
of many trials as in the DCCS and DP tasks. Thus, the TC 
also requires flexibly for shifting between dimensions as this 
configuration switches from trial to trial. 

There have not been any previous examinations of 
performance between this task and the DCCS task, however 
the interaction between flexibility and selectivity has been 
previously discussed (see Hanania & Smith, 2010). Previous 
research with the DCCS task suggests that selectivity and 
flexibility influence one another. For example, decreasing the 
demands on selective attention improves switching in 3-year-
olds (Kloo & Perner, 2005), and increasing the demands on 
selective attention makes switching more difficult for 
younger children (Fisher, 2011). These findings suggest that 
common processes might underlie the development of these 
diverse attentional functions. 

A DNF Model of Attentional Flexibility, 
Selectivity, and Stability 

Using the current model, we demonstrate how a 
dimensional attention mechanism provides an explanation of 

development across three attention tasks in early childhood. 
In the following section we step through how the model 
addresses the unique demands posed by each task.  

Modeling Stability 
To simulate the DP task, a reference object input is given as 
a ridge of activation (note the horizontal strips of activation) 
to the shape and color fields (see column 1, Figure 5). Similar 
to the test card inputs in the DCCS task, this input does not 
induce above threshold activation, but instead serves to pre-
shape activation in the field. Similar to the target card inputs 
in the DCCS task, the choice objects in the DP task are a set 
of spatially localized inputs at the leftward and rightward 
locations. These are strong inputs that interact with the 
reference object input to induce above-threshold activation. 

  

During priming trials the leftward object overlaps with the 
ridge for the reference object in the color field while the 
rightward object is at a different color value; in the shape field 
both objects are at a different feature value than the shape 
feature of the reference object. The arrows drawn below the 
spatial field indicate that the inputs are stronger at the 
leftward location compared to the rightward location due to 
the overlap of the reference object feature with the choice 
object feature at the leftward location. Due to this overlap 
within the color field, there is also a dimensional signal that 
indicates that color is the relevant dimension (note the arrows 

Figure 4. Left: diagram of feature 
space. Right: Example stimuli 
(A=Reference object, B=ID, C=H) 

Figure 5. Architecture and activation during 
priming and test trials. 
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between the feature fields and dimensional units plotted at 
left). In the top right column, the model has made a decision 
to select the leftward object as reflected by the peak at the 
leftward location and engaged above threshold activation of 
the color dimensional unit. During test trials, the interaction 
between the frontal component and the memory traces that 
have accumulated on the dimensional node during priming 
trials, allows the ‘old’ model to continue choosing based on 
the primed dimension (see bottom right column of Figure 5) 
regardless of the overlap between both target objects and both 
dimensions of the test card (see bottom middle column of 
Figure 5). The ‘young’ model is unable to hold on to the 
relevant dimension for as long because the memory trace 
strength is weaker and randomly chooses target objects.  

Modeling Selectivity  
The TC task requires implicit attention similar to the DP task. 
In both tasks, the relevant dimension is determined based on 
the configuration of stimuli. The TC task is different from the 
priming task in that the relevant dimension is randomly 
selected from trial to trial; thus, children must not only 
determine which dimension is relevant based on the 
configuration of stimuli, but also be able to selectively attend 
to shapes or colors in a flexible manner.   

The left column in Figure 6 shows the ridge input 
corresponding to the reference object in the TC task similar 
to the presentation of the reference object in the DP task. In 
the middle column, strong spatially localized inputs are for 
the two dimensions presented for the H choice object (right) 
and ID choice object (left). Competition within this task is 
induced by the H object sharing similar features to the 
reference object along both dimensions. This is indicated by 
the darker arrow under the rightward spatial location (e.g. a 
summation of bottom-up activation). However, a 
dimensional signal is present based on the overlap of inputs 
for the matching features between the reference and ID 
objects (note the darker arrow between the color field and the 
color node). Thus, whereas the pull in the DP task is along 

both features for both objects, leading to equal inputs to the 
nodes, performance here is a function of how strongly the 
frontal component (e.g. color node) is engaged. The frontal 
component directly influences decision making in the 
moment, trial by trial for the TC. For the DP this is in addition 
to the strength of memory traces from priming trials during 
the test trials. Spatial information influences feed-forward 
input from the feature fields in all three tasks.  

In column 2 of Figure 6, dimensional information has a 
stronger input at the location of the ID for the relevant 
dimension relative to the irrelevant dimension. This bottom-
up processing, in conjunction with top-down processing from 
the frontal component, leads to the ID choice decision in the 
‘old’ model. When compared to the H choice, the ID object 
becomes the ‘better choice’ (see column 3, Figure 6) in the 
face of competing dimensional similarity due to the influence 
of top-down processing (i.e. object representation system). 
However the ‘young’ model has weaker fronto-posterior 
connectivity, thus the ‘young’ model relies on bottom-up 
processing. That is, the summation of similar features (e.g. 
closest to the reference ridge) along both dimensions for the 
H object leads to the ‘young’ modeling choosing the H object.  

Modeling Methods 
We ran simulations (n=100) where there were fifty 3.5 and 
fifty 4.5 year olds simulated in all three tasks. The 3.5 year 
old group is defined as ‘young’ and has a specific set of 
parameter manipulations. The same is true for the simulated 
4.5 year group defined as ‘old’ (see also Table 1). Variations 
in behavioral performance can be captured in the model via 
parameter specific manipulations. 
 

               

   In Table 1, the ‘nodes’ refer to dimensional neurons 
specifically tuned to shape or color. When activation is 
boosting in one or the other node, the corresponding inputs to 
the spatial and feature fields allow for the appropriate 
dimensional decision to be made; guided by the dimensional 
attention system. The inputs, or activation, being sent from 
the nodes to the fields is representative of anterior and 
posterior long range connections from frontal cortex to 
temporal and parietal cortex. Consequently, activation sent 
from the fields back to the nodes are representative of 
bottom-up processing or connections from posterior regions 
to frontal cortex. This connection is strengthened with 
dimensional label learning (DLL), thus evidence of DLL as a 

Table 1. Target manipulations for the ‘young’ and ‘old’ model with their 
corresponding parameters and distribution characteristics. F>L means fields 
to dimensional nodes (DN), L>F means DN to fields, Inh means lateral 
inhibition between DN, and Exc means self-excitation of DN.  

 

Figure 6. Sequence of events during TC task   
 

605



mechanism for more adaptive performance in these tasks is 
hypothesized to be indicative of greater connectivity between 
frontal and posterior regions within this framework.  

Modeling Results  
   First, we examined whether the model replicated the 
association between DCCS and DP tasks reported by Benitez 
et al. (2017). As shown in Table 2, the longest run of trials 
where the model picked based on the primed dimension was 
significantly higher for models that switched rules in the 
DCCS compared to models that perseverated. The DCCS 
scores were reported as pass/fail scores. The TC task was 
scored by taking the percent of correct trials over total trials, 
where correct trials were instances that the ID object choice 
was made. Next, we examined whether performance on the 
TC task was associated with DCCS performance. As shown 
in Table 2, models that switched rules selected the ID object 
in the TC task at a higher rate than models that perseverated. 
Thus, the model predicts that developmental improvements 
in selective and flexible attention should be related. 

Task Model results 
 Young Old 
 Mean SD Mean SD 
TC .720 .209 .930 .163 
Priming  1.620 1.614 8.923 2.721 
DCCS Pass=16 Fail=34 Pass=35 Fail=15 

Table 2. Model predictions for 3.5- and 4.5-year-olds 
across the DCCS, DP, and TC tasks. 

 
ID choices were made more often by the ‘old’ model than the 
‘young’ and the ‘old’ model was more flexible and 
perseverated less often than the ‘young’ model. We then 
tested the predicted relationship between flexibility and 
selectivity; data from which is reported in the next section.  

Testing Associations Between Attentional 
Selectivity and Flexibility 

Participants 
This study included 21 3.5-year-olds (M age= 42.36 mo; 10 
males and 11 females) and 16 4.5-year-olds (M age= 54.25 
mo; 10 males and 6 females) who were recruited from an 
urban area in the southeastern United States. Research 
protocols were approved by IRB and informed consent was 
obtained from parents or legal guardians. Children were 
given the TC and DCCS tasks in counterbalanced order. The 
pre-switch trial dimension in the DCCS was also 
counterbalanced between participants. An additional three 
children in the 3-year-old group and one child in the 4-year-
old group were recruited but not kept due to failure to 
complete both tasks.  

Procedure 
The TC task provides a quantitative metric of performance 
based on the proportion of trials on which the identity object 
is picked. The TC stimuli were generated using colors from 

CIELAB 1976 color space and shapes that were metrically 
controlled based on RFC-defined stimuli (Drucker & 
Aguirre, 2009). The H object was selected to be between 45-
51 degrees away from the reference object along both 
dimensions. The ID object was selected to match the choice 
object exactly along one dimension and to be 180 degrees 
different along the other dimension. 

To obtain a quantitative metric in the context of flexible 
dimensional attention, we administered a variation of the NIH 
Toolbox version of the DCCS (Zelazo & Bauer, 2013). This 
version is similar to the standard DCCS task, except that a 
mixed block is included after the post-switch phase. During 
the mixed block phase, the features are completely changed 
from the previous sorting phases. Thirty trials are 
administered, 10 of which children are instructed to sort by 
the pre-switch dimension and 20 of which children are 
instructed to sort by the post-switch dimension. In the NIH 
Toolbox version, the mixed block is only administered to 
children who pass the post-switch phase. However, we 
administered the mixed block to all children with the aim of 
detecting more variation in children’s dimensional attention 
switching abilities. Children were seated in a child sized chair 
within 12-14 inches from a touch screen monitor on which 
they made their responses. Functional near-infrared 
spectroscopy (fNIRS) data was collected, but those data will 
not be reported here.  
Results 

Behavioral results are presented in Table 3. The DCCS 
scores calculated as total pass or fail, where passing is defined 

as missing no 
more than 1 post-
switch trial. The 
TC task was 
scored by taking 
the percent of 
correct trials over 

total trials, where 
correct trials were 
instances that the ID 
object choice was 
made. Children who 
failed to switch rules 
in the DCCS choose 
the H object more 
often than the ID 
object during the 

TC. Children that switched rules more often choose the ID 
object. We then compared the performance of these children 
using a 2 (DCCS: pass or fail) x 2 (dimension) ANOVA to 
determine if children performed differently in the TC task 
based on whether they succeeded in the post-switch phase of 
the DCCS task. This analysis revealed no main effect of 
dimension (F(1)=2.26, p=.144) nor an interaction between 
dimension and DCCS performance (F(1,28)=.004), p=.948).  

However, this analysis did reveal a main effect of DCCS 
performance (F(1)=6.814, p=.014). Mixed block 
performance on the DCCS was also scored (see Figure 5). 
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These data support the interpretation offered by our DNF 
model: these different tasks all tap into a common system 
involved in the allocation of neural resources toward task 
relevant perceptual dimensions. Figure 5 shows the 
correlation between DCCS total scores (e.g. including mixed 
block performance) and TC percent correct scores.  

Discussion 
We observed associations between the DCCS task and both 
the DL and TC tasks. Our simulations replicated the findings 
of Benitez et al. (2017). The model offers insight regarding 
the nature of the processes underlying performance across 
these three tasks. Performance in all three tasks depended on 
the strength of connectivity between the frontal and posterior 
systems and connectivity within the frontal system. The 
‘young’ model with weak coupling between dimensional 
units and feature fields, and weak local-excitation/lateral-
inhibition among the dimensional units did not robustly 
engage the dimensional units during the priming trials which 
lead to a weaker accumulate of memory traces on the 
dimensional unit relative to the ‘old’ model. The ‘old’ model 
robustly engaged the dimensional units, built up stronger 
memory traces on the relevant dimensional unit, and was able 
to consistently engage this dimensional unit representation 
over the course of priming trials. In relation to DCCS 
performance, across both the ‘young’ and the ‘old’ models, 
runs of the model that were able to correctly switch rules in 
the DCCS task showed significantly higher levels of priming 
over the course of 10 test trials in the DL task. 

The current model was able to generate responses on the 
TC task that were also associated with performance on the 
DCCS task. In particular, the ‘old’ model showed a higher 
rate of selecting the ID choice object relative to the ‘young’ 
model. Additionally, runs of the model that were able to 
correctly switch rules in the DCCS showed a higher rate of 
ID choice object selection. This prediction was replicated by 
our findings with children in the lab.  

We demonstrated how a single neurocognitive system 
could explain patterns of behavior of preschool aged children 
across three different dimensional attention tasks. Each task 
highlighted a unique set of processing demands on the 
proposed neurocognitive architecture involved in 
dimensional attention. By implementing a dynamic neural 
field model around basic processes of object representation 
and label learning, we were able to demonstrate how neural 
processes could give rise to these attentional functions. The 
current model can also make predictions regarding 
hemodynamics underlying these same attentional functions. 
Current works in our lab are testing these neural predictions. 
Future research should further this model to test how 
applicable this architecture is to other tasks in the 
developmental literature related to dimensional learning.  
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