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Abstract
Spatial construction—the activity of creating novel spatial arrangements or copying existing ones—
is a hallmark of human spatial cognition. Spatial construction abilities predict math and other academic
outcomes and are regularly used in IQ testing, but we know little about the cognitive processes that
underlie them. In part, this lack of understanding is due to both the complex nature of construction tasks
and the tendency to limit measurement to the overall accuracy of the end goal. Using an automated
recording and coding system, we examined in detail adults’ performance on a block copying task,
specifying their step-by-step actions, culminating in all steps in the full construction of the build-path.
The results revealed the consistent use of a structured plan that unfolded in an organized way, layer
by layer (bottom to top). We also observed that complete layers served as convergence points, where
the most agreement among participants occurred, whereas the specific steps taken to achieve each of
those layers diverged, or varied, both across and even within individuals. This pattern of convergence
and divergence suggests that the layers themselves were serving as the common subgoals across both
inter and intraindividual builds of the same model, reflecting cognitive “chunking.” This structured
use of layers as subgoals was functionally related to better performance among builders. Our findings
offer a foundation for further exploration that may yield insights into the development and training of
block-construction as well as other complex cognitive-motor skills. In addition, this work offers proofof-concept for systematic investigation into a wide range of complex action-based cognitive tasks.
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1. Introduction
Block construction tasks are part of the heterogeneous class of spatial reasoning skills,
which have been shown to predict various aspects of academic and career achievements (Hsi,
Linn, & Bell, 1997; Kell, Lubinski, Benbow, & Steiger, 2013; Sorby, 1999; Stannard, Wolfgang, Jones, & Phelps, 2001; Verdine et al., 2014; Wolfgang, Stannard, & Jones, 2001, 2003).
The broad use of block construction to capture cognitive ability (e.g., Brosnan, 1998; Caldera
et al., 1999; Casey et al., 2008; Groth-Marnat & Teal, 2000; Nath & Szücs, 2014; Richardson,
Hunt, & Richardson, 2014) may lie in its apparent simplicity as an activity, combined with its
actual complexity as a cognitive task, whose solution is realized through action. Like assembling furniture, driving a car, or preparing a meal, block construction tasks require serialized
step-by-step motor actions that are guided by complex cognitive skills.
The long history of research on tasks, such as chess or the Tower of Hanoi, demonstrates
how rich understanding about the role of certain abilities—probabilistic inference, working
memory, and spatial reasoning—can emerge through examination of the specific steps a person takes within the task (Anderson & Douglass, 2002; Donnarumma, Maisto, & Pezzulo,
2016). In each case, examining the process reveals the role of cognitive structuring, which
guides the deployment of steps toward the end goal. For example, classic studies have shown
that chess experts mentally organize the board differently from novices in ways that affect
their step-by-step moves through the game (Chase & Simon, 1973). Studies of block-building
have shown that different aspects of the task (e.g., selection of a particular block and placement of it) require different kinds of representations (color and location) and hence generate
different kinds of errors as participants build (Ballard, Hayhoe, & Pelz, 1995; Hoffman, Landau, & Pagani, 2003).
More generally, creating spatial configurations is remarkably complex, utilizing both
domain-relevant information (e.g., the spatial relationships among blocks) and cognitive
skills, such as executive function and working memory (Landau & Hoffman, 2012). Building
novel structures in a free building task requires rich visual perception, spatial analysis (e.g.,
desired outcomes), motor control, and executive functions, such as planning (Somerville Ruffalo, 2004). When copying an existing spatial configuration, one must parse the model into
its hypothesized component parts, understand the spatial relationships among these parts,
and plan appropriate actions. Equally important, builders must maintain the end goal and/or
a set of subgoals in working memory and periodically check back to compare one’s own
output to the desired outcome as building unfolds1 (Ballard, Hayhoe, Pook, & Rao, 1997;
Casey & Bobb, 2003; Landau & Hoffman, 2012; Newman, Hansen, & Gutierrez, 2016; Stiles
& Stern, 2001; Verdine et al., 2014). Eye-tracking research has shown that adults copying
a two-dimensional spatial configuration rely on frequent visual fixations back to check the
model, even during a single block placement (Ballard et al., 1995). This frequent check-back
approach supports the idea that construction is functionally serialized into specific cognitive
and behavioral patterns with sequential subgoals that add up to a correct final copy.
Despite the known complexity of block construction tasks, detailed examination of these
aspects of cognitive organization during block building has been quite limited, and assessments of block construction skill have been primarily qualitative in nature. For example, most
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assessments reduce the complex process of block construction to simplified summaries, primarily evaluating the end product. Bailey’s (1933) coding method characterizes block construction based on an observer viewing a photo of an end-product structure, and then uses
rating criteria that include the appearance of planning, complexity, and execution as measures
of construction quality. More recent studies report broad strokes outcome measures, such
as time to complete a structure (Akshoomoff & Stiles, 1996; Frick, Hansen, & Newcombe,
2013), binary measures of block placement as correct or incorrect (Brosnan, 1998; Hoffman
et al., 2003; Stiles & Stern, 2001; Stiles, Stern, Trauner, & Nass, 1996), or summary ratings
for the complexity, planning, or organization of free-play block designs (Caldera et al., 1999;
Casey & Bobb, 2003; Hanline, Milton, & Phelps, 2009; Stiles & Stern, 2001; Stiles-Davis,
1988). Some studies also characterize the types and number of errors during a block copying
task (Verdine et al., 2014; Verdine, Golinkoff, Hirsh-Pasek, & Newcombe, 2016), and others
examine actions of assembly and disassembly (Kamii, Miyakawa, & Kato, 2004), but these
descriptions are limited and relatively coarse.
In this paper, we build upon such characterizations, focusing on an aspect of block construction that, to our knowledge, has never been examined in detail before: the full, step-bystep unfolding of the path from the first block placement to the last. We ask whether these full
paths are well-structured among adults, and if so, in what way. We report a novel, data-rich
approach that enables the examination of these construction paths in a way that allows us
to draw inferences about the cognitive principles involved when adults carry out a relatively
simple block construction task—in this case, using a set of DUPLO® blocks to copy a target
model.
Characterizing the entire path of building a target structure through hand-coding would
be extremely time- and data-intensive.2 However, we have developed a system that allows
us to report, in detail, the way in which people move through the process of building using
a series of actions (placement of each block) and states (the resulting configuration) that
are guided by the overall goal of duplicating an existing model. Much like evaluating the
steps in a path that a person takes when navigating an environment (e.g., Bellassen, Igloi,
de Souza, Dubois, & Rondi-Reig, 2012; Foo, Warren, Duchon, & Tarr, 2005; Furman,
Clements-Stephens, Marchette, & Shelton, 2014; Iaria, Petrides, Dagher, Pike, & Bohbot,
2003; Marchette, Bakker, & Shelton, 2011), we aim to quantify and evaluate the full path
through which a builder moves their construction.
Much like navigating different paths through an environment (e.g., Shelton, Marchette,
& Furman, 2013), there are different orders in which the same blocks can be incrementally
added to each other to achieve the same end goal (i.e., the same final structure). As we will
discuss in more detail, the number of possible correct states that a builder can select from
is large: even for a four-block structure, there are 14 possible correct states, and there can
be dozens or even hundreds of possible correct states for structures with six or eight blocks.
This raises the critical question of how these different paths are utilized within and across
individuals, and what their use (or nonuse) reveals about the way builds are planned and
organized. At one extreme, we might observe that adults show maximum variability at the
overall path level, selecting among the many different possible build paths that would lead
to the same correct structure. Under the “maximum variability” hypothesis, all correct states
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are equally likely to be visited on the way to the end goal. At the other extreme, there may
be almost no variability among builders; all builders would visit the same states in the same
order, resulting in identical build paths, suggesting a high degree of rigidity, as one might see
when following a specific set of directions.
A more likely possibility is that building reflects a hierarchical form of (implicit or explicit)
planning and principles, with the overall goal and subgoals forming the skeleton of a plan. For
example, previous work has demonstrated that people tend to chunk information into meaningful groups as they carry out action-based tasks (Ballard et al., 1995; Chase & Simon, 1973;
Hoffman et al., 2003). In the case of building block structures, there might be clear points of
convergence among participants as the path unfolds; these might reflect subsets of perceptually or semantically meaningful chunks or parts in the model structure (e.g., a base layer).
Paths between these chunks might be more variable, indicating multiple subpaths to achieve
the major chunks. If such organization represents incremental organization by subgoals, we
might further expect this pattern of convergence and variability within an individual builder
repeating the same model twice.
In our study, we asked adults to build copies of simple to moderately complex structures
with DUPLO® blocks. We analyzed their building using a novel computer interface system
for data annotation that allows us to characterize each action (block placement) and the resulting states (a partial assembly), as well as the complete construction path from start to end. In
examining these paths, we asked whether the paths were constrained overall, and if so, how.
We also asked whether the paths exhibited any features that might suggest the existence of
subgoals, such as points of convergence within each path that would indicate consensus on
critical points in the build path. In addition, we explored whether path characteristics were
related to more traditional measures of efficiency and accuracy to assess whether any systematicities in path structure confer a functional advantage for the builder.

2. Method
2.1. Participants
Forty-one healthy adults consented to participate in the current study and were treated
in accordance with all ethical guidelines. Three participants were excluded from the analysis due to a computer error overwriting their data, and two additional participants were
excluded because of experimenter error in assigning the counterbalancing of stimulus order.
This yielded a final sample of 36 participants, 18–53 years old (M = 21.07, SD = 5.65, 23
females).
2.2. Materials
Fig. 1 shows the six different DUPLO® block models created using the factorial combination of size (4, 6, or 8 blocks), and symmetry (symmetrical or asymmetrical). Symmetry was
defined by structural symmetry on more than one axis. Each participant copied the six models
starting with the two smallest models counterbalanced as the first and second trials (Models
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Fig 1. The block models used in this study. Models are labeled by the number of blocks in the model, followed by
S and A for symmetrical and asymmetrical, respectively.

4S and 4A) and then the remaining four models (6S, 6A, 8S, and 8A) in random order. Two
individuals contributed data for only five of the six models, due to camera malfunction during
data collection.
DUPLO® blocks were chosen for several reasons. First, the colors allowed us to select a
limited set (red, yellow, green, and blue) in each of two shapes (2 × 2 square, 4 × 2 rectangle), providing constraints for the precise measurement system we developed. In addition,
the attachment mechanism allowed the blocks to be connected to each other in fixed ways;
vertical relationships between these types of blocks utilize the attachment studs to create stable connections, whereas horizontal relationships do not. People may prioritize one type of
relationship or the other, thereby offering an additional way of examining constraints on the
construction paths they use. The attachment studs also permitted precise specification of the
relationships between blocks above and beside one another in our measurement system.
We mounted a PrimeSense Carmine RGBD camera in an overhead configuration to capture
participants’ behaviors as they carried out the block copying task, at a rate of 30 frames per
second. All videos were coded using a custom-made annotation interface. The coder viewed
the video recording frame-by-frame on a desktop computer.
2.3. Procedures
Participants were seated at a table marked with a rectangular build area (14.75 × 24.00 in.),
providing boundaries in which the construction was to be completed. During data collection,
the experimenter observed participants in real time on a video display monitor. A vertical
black barrier was placed on the table behind the construction area to obscure the video display
monitors and other room features from the participant in order to avoid distraction. Fig. 2
shows the testing equipment setup used for the study.
The experimenter placed the model at a 45° angle, relative to the edge of the table from the
builder’s perspective, in the rear left corner of the marked construction area. Each model was
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Fig 2. Overhead camera and blocks set up for the block copying task. The model was placed at the rear left of the
table, and blocks for the copy construction were placed at the center.

presented in a standardized orientation so that the greatest number of model surfaces were
visible to the participant. Then, the experimenter placed the corresponding loose blocks on
the table in the center of the construction area by emptying them from a small bag to provide random starting positions for the individual blocks. Twenty-four of the participants were
instructed to build efficiently. The remaining 12 participants (10 females, M age = 20 years)
were instructed to build as quickly as possible and informed that they would be timed. For
these participants, the model was initially covered by an opaque box, which the experimenter
removed as they started a stopwatch to time participants’ build progress. This timed manipulation was introduced in an effort to increase errors, but it was ineffective and did not produce
behaviors that differed from the untimed group. Therefore, the manipulation was discontinued, and all data were grouped together to examine the more general building properties.
(Data comparing the timed vs. untimed groups on our key path metrics are provided in the
Supplementary Materials.)
To allow examination of constraints and variability within an individual, 12 of the participants from the group that built without time pressure (four females) took a short break after
the initial builds and then repeated all six models a second time using the same procedure.
2.4. Analytic rationale: Systematic coding of construction actions
To formalize the paths, we needed to code the structures and actions in terms of the relative
locations of blocks and their connections. A novel behavioral coding system was developed
and executed in a custom designed computer interface. The underlying representation in this
coding formalism is a graph structure, where vertices represent individual blocks, edges represent connections between blocks, and edge labels specify the relationship of the connection
(e.g., horizontal or vertical adjacency). One researcher annotated all videos following highly
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Fig 3. Illustration of states (colored images of blocks) and actions (directed arrows). The null state at the top represents the initial state where no blocks are connected. The final state at the bottom represents a correct replication
copy of the asymmetric four-block model 4A. A path consists of a set of actions and intermediate states that lead
from the initial null state to the correct final state.

prescribed instructions in an annotation manual. To ensure and validate coding accuracy and
test coding reliability, we implemented several fail-safes at each stage in the process. First, the
annotator checked their work in real time, using the computer interface display that showed
a log of annotations along with a graph indicating which blocks are currently coded as connected. As the computer program parses and compiles the annotations, it displays an error if
the annotator attempts to execute physically impossible actions (e.g., connecting two blocks
that are already connected or connections on unavailable studs in physical space). In addition,
a second researcher compared the final results of the annotation to the original video recording, for a sample of 10% of the data, and found no errors in the annotations. For more detail
on the coding system, see Supplementary Materials.
The video frames for each construction from each participant were coded as a series of
actions, each of which created a change in the relationships among the blocks in the copy
environment. With every action, the builder created a new block state. Every state was defined
within the coding system as a unique set of block relationships or connections. The ordered
sequence of actions and states over time was referred to as a construction path, where actions
represent transitions connecting one state to the next. To illustrate, Fig. 3 shows five observed
states (illustrated as images of block configurations) and eight observed actions (directed
arrows), characterizing the build paths of several participants. The initial state of the copy
construction was always a null state in which no blocks were connected. Each action was
coded for duration, based on when the participant picked up and let go of the block being
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Fig 4. Block relationships were defined by a set of coordinate attachment studs (a), and as either adjacent (b, c),
or above (d). Identical configurations in different orientations were coded by the same relationship, making them
equivalent in our analysis, as shown in (b).

acted upon. Block states were ordered into the construction path based on the end time of
the action. Any set of arrows that led from the initial null state to the final copy state could
comprise a construction path.
Actions ranged from the simple case of placing two blocks adjacent to each other on the
table to complex placement of a block among multiple blocks (e.g., adding a block in a location that is both above one previously placed block and adjacent to another). Actions were
coded as constructive, such as adding a block or connecting multiple parts, or deconstructive, such as removing a block or separating a structure into two parts. We coded each action
specifically with the set of attachment studs involved, using a set of coordinates (row, column) to define the location of each attachment stud on the blocks (Fig. 4a). For example,
if two rectangle blocks were placed horizontally adjacent to each other along the principal
(long) axis, then four studs on each block would be involved in the adjacency (Fig. 4b). Alternatively, if they were attached along one of the secondary (short) axes, only two studs on each
block would be implicated (Fig. 4c). Relationships between blocks were specified as either
two blocks horizontally adjacent (Fig. 4c), or one block above another (Fig. 4d). The data
were simplified so that equivalent block configurations in different orientations or rotations
were treated as equal, as shown in Fig. 4b, where two orientations of the same configuration
were coded using the same set of stud correspondences.
This coding system provided a description of the entire construction process, capturing any
imaginable state as well as each action along the way, allowing us to examine systematic
patterns as well as individual differences in block construction paths. Our annotation and
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representation system for block construction is also highly flexible, equally relevant for a
simple stack of blocks as for an elaborate castle or an abstract collection of connected pieces.

3. Results
The results below are organized around a series of questions. We start by describing performance on our task in terms of traditional performance constructs, namely the speed and
accuracy with which participants completed their builds. The next set of questions focuses
on the characterization of the states and paths used during building, and whether and how
they reveal systematicity or variability across and within individuals. Finally, we bring these
together to ask whether and how elements of the more fine-grained characterization are related
to the traditional performance constructs.
3.1. Traditional performance constructs: Speed and accuracy
The first data of interest are the metrics that provide overall measures of how well the
builder builds.
3.1.1. Excess actions
As a first measure of accurate and efficient building, we counted the number of steps taken
in a construction. Excess actions were calculated as the number of actions in a single path
beyond the minimum number of actions needed to complete the model (where n is the number
of blocks in the model, and n–1 is the minimum number of actions to complete a copy of the
model). Excess actions could be the result of either errors that are subsequently corrected or
backtracking, such as the deconstruction of correct states. In general, participants had fewer
than 1 excess action per copy construction on average (M = 0.28, SD = 1.16). It is worth
noting that the total number of erroneous states represented only about 5% of the total sample
of 1121 states visited by our participants across all six models. An analysis of these errors can
be found in the Supplementary Materials.
3.1.2. State accuracy
As a second measure of performance, we characterized each state in the path by whether
or not it represented a correct replication of a portion or whole of the model, with a binary
index of correct or incorrect. Where excess actions are nonzero, state accuracy allowed us
to differentiate constructing incorrect spatial configurations from deconstructing and reconstructing correct states (backtracking) at the state level. On average, participants’ states were
highly accurate (M = 0.95, SD = 0.22).
3.1.3. Action duration
To assess the time taken to build the models, normalized for our models of different sizes,
we measured the duration of each individual action in each construction path. Each action
lasted from the time the participant released the previous block to the time they released the
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Table 1
Correlations among performance metrics, r (p)
Avg. accuracy
Avg. excess actions
Avg. accuracy

–0.66 (<0.001)

Avg. duration
*

–0.1 (0.44)
0.01 (0.88)

*p < .05 with Holm’s correction for multiple comparisons.

next block after placing it on (or removing in from) their copy. We calculated the mean length
of each participant’s actions for each model to obtain average action duration. On average,
adults completed each action in less than 3 s (M = 2.63, SD = 1.58).
Our two measures of accuracy, excess actions and state accuracy, were strongly correlated, but did not correlate significantly with action duration (Table 1). This suggests that our
builders were not showing a speed-accuracy trade-off.
Next, we subjected each of these measures to a linear mixed-effects model with two withinsubject predictors (model size and model symmetry, and their interaction) and one betweensubject predictor (gender) as fixed effects, and participant as a random effect. The interaction
term was only retained in the final model if it improved model fit, as determined by a likelihood ratio test. We found that participant gender did not predict any of our three performance
measures. Model size and symmetry were not significant predictors for state accuracy or
action duration. There was a significant interaction of model size and symmetry for excess
actions (β = –0.19, SE = 0.09, p < .05), with paths for asymmetrical eight-block models
having more excess steps than smaller asymmetrical models and symmetrical models of any
size.
3.2. Characterizing the states and paths
Next, we turned our attention to the complete construction paths for the entire sample of 36
participants, from which we derived a series of measures. First, we describe the distribution
of individual states and complete paths traversed by participants to demonstrate consistencies
in the construction paths. Then, we analyze the observed states and paths using mixed models
in order to derive general principles characterizing participants’ constructions.
3.2.1. Selectivity of states
We examined the number of different states that were produced in order to assess how
selective participants were in their builds. For a given model, we defined the set of possible
correct states as all unique states along any possible path that begins at the null state, has a
series of correct intermediate states, and ends at the goal state. The first critical observation
was that the observed correct states represented only a small proportion of total possible
correct states. For example, Fig. 5 shows that there are 14 possible correct states (not including
the null) for model 4A, of which our participants created only 5 (36% of all possible correct
states). Similarly, for model 6S (shown previously in Fig. 1), 79 possible correct states exist,
but only 20 were observed (34% of all possible correct states).
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Fig 5. Illustration of all possible correct states (blocks) and actions (arrows) for the asymmetric four-block model
4A. Colored blocks and black arrows represent states and actions that were observed at least once in our sample.
Gray blocks and arrows represent possible states and actions that were never observed.

If we allow for erroneous states, the number of possible unique block states for models
of this size (4–8 blocks) is finite but vast. For example, a recent estimate identified nearly
one billion possible ways to connect six uniform rectangular LEGO® blocks contiguously
(Abrahamsen & Eilers, 2011). Because our models include blocks of varied size and color, as
well as the possibility to assemble multiple noncontiguous components, the enumeration of
all possible states in our task would be even larger than this estimate. The particular task we
used (copying a model) surely resulted in a smaller number of possible states than a free build
task might (i.e., Kaplan et al., 2018), but it is still clear that participants built only a minority
of possible states.
3.2.2. Selectivity of paths and layering
In addition to observing a limited number of attested states, we also observed that these
states were organized into a highly constrained set of attested paths. Fig. 6 illustrates all
observed states and actions for two different models (see Supplementary Materials for illustrations of all observed states and actions for the remaining four models). As shown by the
numbered arrows, there were a few key paths that were traversed by the majority of participants. For example, following the numbers in Fig. 6a, we can see that all 36 participants
went from the null state to the complete base layer either as a first step or after an error. This
base layer represents a major point of convergence across the participants. Of those 36 participants, 34 went on to complete one of two possible intermediate steps, and then completed
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Fig 6. Observed paths for (a) the asymmetric four-block model 4A and (b) the symmetrical six-block model 6S.
Paths begin at the top, where the null state represents no blocks connected. Images represent states; arrows represent actions. Arrow weight and number represent raw action frequency with thicker lines representing higher
frequency actions. For example, in the paths for model 6S, the two actions that lead to the final state have frequencies of 35 (very thick arrow) and 1 (very thin arrow).

the model by adding the last block. One person backtracked and then used an alternative path,
and one person skipped the intermediate step by adding the last two blocks simultaneously.
Fig. 6b shows more variability in a larger model, but with a similar pattern of limited paths
with major points of convergence along with a degree of divergence.
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Fig 7. Classification of the modal paths according to layer types: (a) illustration of the complete-, partial-, and
cross-layer states for model 4A; and (b) illustration of the convergence from variable partial-layer states to
complete-layer states and divergence back to partial-layer states for model 6S.

A striking characteristic of these paths is the apparent tendency to build bottom-to-top, with
complete layers as points of convergence across builders. This tendency is not a necessary feature of constructing a correct model, but rather, represents surprisingly uniform choices that
individual participants make. To explore this further, we classified each of the attested correct states as shown in Fig. 7a (for Model 4A): complete-layer states were those in which all
blocks formed one or more full layers; partial-layer states were those that had an incomplete
layer with blocks that represented intermediate steps to a complete layer, but with no blocks
added from subsequent layers; and cross-layer states were those in which there were blocks
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for subsequent layers attached before a previous layer was complete. When we overlay this
classification onto the common paths that were produced, we see that the pattern of converging and diverging states follows a clear layering pattern. For example, as shown in Fig. 7b, for
model 6S, 21 participants (58%) assembled the partial-layer state of adjacent green and red
rectangles to start their construction, and eight (22%) assembled the partial state of adjacent
blue and red rectangles. Of these 29 participants, 25 then converge at the next stage to form
the complete base layer. (An additional two participants began their build by placing all three
base layer blocks at once as step 1.) From the complete base layer state, we again see that
the modal paths diverge into the different possible partial layers only to converge again at
the next complete layer. Moreover, we observed only 10 instances of cross-layer states, used
by fewer than five participants. We saw the same pattern across all six models, with 85% of
all participants’ paths including the complete base layer (rather than cross-layering) and 77%
of the construction paths including each possible complete layer state. Taken together, this
suggests that participants had a common subgoal of constructing complete layers but used
different partial layers to achieve those goals.
3.2.3. Layering across models
To assess whether layering was consistent across the manipulations of the models, we created a binary indicator of whether each individual state in a given path was consistent with a
layering pattern. A state was considered consistent with layering if no blocks were placed
on a subsequent layer before the preceding (lower) layer was completely constructed. In
other words, partial-layer and complete-layer states were consistent with layering, whereas
cross-layer states were not. On average across models, most observed states were consistent
with layer-by-layer construction patterns (M = 0.88, SD = 0.33). We used a linear mixedeffects model with two within-subject predictors (model size and model symmetry)3 and one
between-subjects predictor (gender) as fixed effects, and individual participant as a random
effect, to examine predictors of a layer-by-layer approach. There were no significant effects
of gender (β = 0.02, SE = 0.03, p = .54) or model symmetry (β = 0.004, SE = 0.02, p =
.85). However, the effect of model size was significant (β = –0.03, SE = 0.01, p < .001),
indicating that larger models had less layering than smaller models, which likely reflects the
increased options when there are more blocks involved. Together with the descriptions above,
these results suggest that layering serves as a dominant organizing principle, with some variability as options for building increase.
3.2.4. Intraindividual consistency
To further test whether the convergence and divergence might reflect incremental planning
of subgoals, we examined the 12 participants from the no-time-constraint group who repeated
the building task a second time. We examined whether these individuals also show the same
points of convergence at complete layers across their two builds, with variability in the states
they created on the way to the full layer. Ten participants contributed data for all six models,
and two contributed data for only the six and eight block models due to a computer error in
data recording.

A. L. Shelton et al. / Cognitive Science 46 (2022)

15 of 24

The main goal was to test the relationship between each person’s two builds for any given
model. First, we asked whether participants differed on the key outcome measures for their
first build (B1) compared to their second build (B2). Using a mixed model with three withinsubject fixed effects (build number, symmetry, and size) and participant as a random effect,
we tested separately for excess actions, average state accuracy, and average action duration.
For build number and its interactions, there were no significant differences on any of the
measures (p-values ranged from .11 to .99). To ensure that we were not missing any potential
difference between the builds, we also examined more liberal 95% confidence intervals (CIs)
on each measure. With this approach, there was a marginal effect for the build number on
excess actions with B1 showing more excess actions (M = 0.58, SD = 0.16, CI95% = [0.26,
0.91]) than B2 (M = 0.18, SD = 0.14, CI95% = [0, 0.45]), suggesting that there may be a
slight improvement on the second attempt of some models.
To address the similarity between any two paths produced for same model by the same
individual, we developed a path match index (MI). First, we dropped the null start state and
correct final state to avoid inflation (all paths would match on these, as all participants created
a correct final copy for both builds). Next, we computed an independent match score for each
build path. Because path lengths need not be equal across builds, each was matched to the
other independently to account for the extra states in the longer of the two paths. We started
with the B1 path and gave each state a score of 1 or 0 based on whether it occurred in the B2
path or not, respectively, and summed these values to produce a match score for B1. We then
repeated this for all of the states in the B2 construction path based on their occurrence in B1 to
get the match score for B2. We then used these two match scores to obtain the path MI using
Eq. 1 (see Fig. 8 for an example). Given that the index for a set of two paths ranges from 0 (no
match) to 1 (complete match), we used this as a scale-free representation of overlap across
builds B1 and B2.


(match score B1) + (match score B2)
(1)
Match Index =
Total states in B1 + B2
The first critical question was whether participants reproduced the identical construction
path in B1and B2 for each model (MI = 1), which would indicate consistency at the individual
action level and might suggest a rigid “recipe” for building the model. Across the entire set
of 68 builds, there were only 10 perfect matches, and this represented only 7 out of the 12
participants: four with only one perfect match and three with two perfect matches. As shown
in Table 2 column 3, the models varied on this metric with larger models showing fewer
perfect matches, but these reflect very low rates overall.
Consistent with the limited number of perfect matches, the overall mean MIs ranged from
0.52 to 0.80, well below a perfect match of 1.0 (Table 2, column 4). To assess whether these
differences were systematic, we used a linear mixed model on the MI with symmetry and
size as fixed within-subject effects and participant as a random effect. Only the main effect
of model size was significant (β = –0.04, SE = 0.02, p = .02), with pairwise comparisons
indicating that the four-block models had higher MIs (M = 0.76, SD = 0.04) than the sixblock (M = 0.61, SD = 0.06) or eight-block models (M = 0.57, SD = 0.05), p = .05 and .02,
respectively.
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Fig 8. Example of path match index (MI) calculation to assess the correspondence for each participant copying
the same model across B1 and B2.

Finally, to determine if the complete layers were convergence points within individuals,
we examined whether the complete-layer states had higher MIs than partial- or cross-layer
states. We calculated the MI separately for states that represented complete layers and those
that did not (Table 2, columns 5 and 6, respectively). Using a linear mixed model on the
MI with symmetry, size, and type of state (complete layer or not) as fixed within-subject
effects and participant as a random effect, the type of state was significant (β = 0.73, SE =
0.15, p < .001). States that represented complete layers had higher MIs (M = 0.81, SD =
0.04) than the states that were either in-between or across two layers (M = 0.33, SD = 0.05),
suggesting the same sources of similarity (complete layers) and variability (building up to or
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Table 2
Match index (MI) data as a function of model size and symmetry showing the number of perfect matches, the
overall MI mean and standard deviation, and the MI broken down by complete layer states and other states
Model
size
4
6
8

Model
symmetry

# Perfect
matches

Overall Mean
MI (SD)

Complete
layer states
Mean (SD)

Other states
Mean (SD)

Sym
Asym
Sym
Asym
Sym
Asym

4
2
3
1
0
0

0.80 (0.06)
0.71 (0.06)
0.64 (0.09)
0.58 (0.07)
0.63 (0.07)
0.52 (0.08)

0.97 (0.03)
0.93 (0.04)
0.78 (0.11)
0.75 (0.09)
0.83 (0.10)
0.68 (0.12)

0.45 (0.16)
0.20 (0.13)
0.39 (0.13)
0.29 (0.10)
0.37 (0.08)
0.28 (0.07)

across layers) for inter and intraindividual builds. There were no effects of size or symmetry
nor any interactions (p-values ranged from .10 to .60).
3.2.5 Summary: Description of states and paths
Overall, our results provide rich detail about the step-by-step process taken by our adult
participants in the block copying task. Our main findings show, first, that adults constructed
only a small portion of all possible correct states. This is even more striking when we consider
that even all possible correct states are only a subset of all possible states one could produce
with these blocks (i.e., both correct and incorrect states). Second, the most common states
constructed by adults corresponded to complete layers, and these complete layers served as
“convergence” points, with variability sometimes occurring in the transition from one convergence point to the next. The high degree of selectivity present in the builds—choosing only a
small subset of states and favoring state sequences that led to complete layers—greatly constrained what the final, full build paths looked like. That is, across the six models, builders
produced only a few modal construction paths, and these were characterized by sequential
construction of horizontal layers, beginning with the base and building upward. For our models, this pattern of building may have been the most efficient construction path, an issue we
now examine.
3.3. Is the principle of layering related to traditional measures of performance?
The constraints on the states and paths suggest important organizing principles, but they
do not necessarily speak directly to the function of these principles. In other words, it is
possible that layering is a dominant approach to building but does not confer any particular
advantage that could be reflected in a builder’s level of performance. Therefore, our final step
is to link the metrics of organization (i.e., layering) to measures of builder performance. We
used the layering metrics defined previously to represent individual variability on the extent of
layering, and asked whether the degree of layering we observed was related to the number of
excess actions involved in a person’s build, the average accuracy of the states they produced,
and the average time they took to execute an action.
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Table 3
Correlations between layering and path-level outcome variables
Performance measure

Correlation with layeringr value (p)

Avg. excess actions
Avg. accuracy
Avg. duration

–0.34 (< 0.001)*
0.16 (0.09)
–0.1 (0.44)

*p < .05 with Holm’s correction for multiple comparisons.

To assess these outcome variables, we first examined the Pearson’s correlations between
each of the performance metrics and the extent of layering (Table 3). Correlations showed
that paths with higher average accuracy and more layering were associated with fewer excess
actions. Each outcome variable (excess actions, average state accuracy, and average action
duration) was then tested in a linear mixed-effects model with two within-subject predictors
(model size and model symmetry, and their interaction) and two between-subject predictors
(gender and layering) as fixed effects, and individual participant as a random effect. All main
effects were retained, but any interaction that did not improve model fit according to a likelihood ratio test was removed, and the best fitting model is reported as the final model here.
For excess actions, there was a significant main effect of layering (β = –1.99, SE =
0.40, p < .001), with fewer excess actions occurring with greater use of layering. Among the
remaining effects and interactions, only the interaction of size and symmetry was significant:
excess actions increased with model size for asymmetrical models (consistent with the previously reported performance metrics) and decreased with model size for symmetrical models.
For average state accuracy, only the main effect of layering was significant (β = 0.1, SE =
0.04, p = .021), with increased accuracy associated with greater use of layering. There were
no significant effects or interactions for average action duration (all p-values > .15). Taken
together, these analyses indicate that the use of a layering strategy reduces errors and excess
steps while building.
4. Discussion
Using a novel behavioral annotation and representation system, we precisely described
the block construction process as a sequence of states that evolves over time, shedding new
light on the cognitive processes that support complex construction tasks. The overarching
observation was that building was not random. The paths constructed by adults represented
only a fraction of all of the possible paths that one could use to create a correct copy of our
models. Moreover, there were further distinctions within the attested states that revealed a
common structural goal—namely, the creation of layers. Across different models, the vast
majority of participants built from the bottom up, completing each horizontal layer before
moving on to the next.
The use of bottom-up layers was not a necessity for these models, which can effectively be
completed in multiple ways, including those that rely more heavily on securing the connec-
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tions among the blocks (even if this violates the layering principle). As such, the observation
that our builders nearly universally proceeded along these layer-by-layer paths points to the
potential importance of layers, which likely represent subgoals in the overall plan people used
to build our models. This building principle may be driven by the builder’s understanding of
physical properties, such as gravity and/or perceptual biases, that suggest a natural parse of
the model’s spatial structure.
We have just hinted that layers could represent common subgoals that builders might have
had in mind as they approached and carried out the task. It is important to note that our models did not exhibit any salient perceptual units that could have been used as chunks (e.g.,
subparts built from same-colored blocks); nevertheless, participants appeared to create horizontal layers in systematic ways. The use of layers may reflect people’s conceptual parsing of
the models into horizontal layers or “floors.” This subgrouping is supported by the additional
observation that even within our highly consistent paths, there were specific points of convergence and divergence. In particular, we found that our builders built from the bottom up to
create the same complete layers (convergence), but they varied in the steps that they used to
reach those common complete layer states (divergence). For example, in Fig. 6a, once the first
layer is complete (red and green rectangle side-by-side), participants could start the next layer
with either the blue rectangle or the yellow square; both of these actions were frequent. Strikingly, this hierarchical pattern of common complete-layer states with variable between-layer
states occurred even for a given individual who completed the same model within a matter of
several minutes. That is, even a single individual might start the second layer in Fig. 6a with
the blue rectangle on one trial and the yellow square on another trial.
Additional support for conceptual chunking or use of subgoals comes from the observation
that layering was related to performance and efficiency. In other cases, these mechanisms
have been viewed as ways to gain efficiency or improve performance in memory (Chase
& Simon, 1973; Miller, 1956) and in motor planning (e.g., Keele, Ivry, Mayr, Hazeltine,
& Heuer, 2003; Lashley, 1951; Song, 2009; Song & Cohen, 2014). For example, Chase and
Simon found that greater chunking of chess moves allowed experts to act more efficiently than
novices. To that end, we explored the critical question of whether or not the use of layering
had consequences for measures of performance by exploring speed and accuracy. When we
examined the relationship between layering and traditional measures, we found that greater
use of layering was associated with fewer excess actions and greater state accuracy, suggesting
that this approach conferred a behavioral advantage.
A broader interpretation of our results is that participants invoke structural subgoals for
building tasks, such as ours. In this case, those subgoals were layers, but one could imagine
factors that might motivate different subgoals. For example, if the models were organized
into highly salient subfeatures by color, such as a group of vertically adjacent blue blocks,
the convergence points might be the completion of those subparts. Similarly, if the figures
themselves had semantic meaning, such as the shape of an animal or a vehicle, we might see
paths that complete whole semantic features (e.g., head, body, and tail). Manipulating these
kinds of features could help inform us about the relative flexibility (or rigidity) of the subgoal
strategies that guide building.
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A second area ripe for future inquiry is the role of stability in inviting people to use layering. Across our set of models, layers may have afforded structural stability. Previous research
indicates that both adults and children use intuitive physics to judge whether a large block
structure is likely to fall when it moves (Fischer, Mikhael, Tenenbaum, & Kanwisher, 2016;
Kamps et al., 2017). Consistent with this approach, computational models of instructions for
how to assemble a block structure emphasize the effects of gravity, with optimal instructions
guiding the builder to construct from the bottom layer upward, avoiding block placements
that are unsupported from below (Zhang, Igarashi, Kanamori, & Mitani, 2017). Builders may
be relying on physical principles, such as stability, connectedness, or support from below in
order to make more secure structures. This idea is consistent with observations from Verdine et al. (2014), who found that children struggled to correctly place blocks that were not
fully supported from below. Like the visual and semantic parsing of subparts, stability offers
another candidate feature for driving the decisions and planning that appear to drive builders
to use a highly constrained set of paths.
Finally, with a maximum of eight unique blocks (with respect to the combination of size
and color) and structures that had deliberate and visible layers, our models were limited in
difficulty, which was evident in the limited number of errors we observed. Understanding
what types of manipulations produce errors as well as what form those errors might take
could be informative about principles underlying block building (e.g., Verdine et al., 2014).

5. Conclusion
Embracing the complexity of the block-building task, we aimed to discover whether examining the step-by-step process of building could be captured and measured rigorously, and
whether these measurements could reveal some of the underlying cognitive principles that
guide people’s actions through the build process. Our measurement platform allowed us to
characterize each and every state created by an individual, as well as the sequence of states
that resulted in people’s complete build-paths as they copied Duplo models. The platform
itself was built on insights from capturing the actions of novice and expert robotic surgeons
(Vedula et al., 2016) and is now poised to become fully automated, allowing rapid diagnostic
use at a larger scale than has ever been possible (Jones, Cortesa, Shelton, Landau, Khudanpur,
& Hager, 2021).
The data that were generated from our system allowed us to show that people’s intuitive
building activities are surprisingly constrained. First, adults are highly selective in the individual states they create, and in the sequence with which they move through the large space
of possible paths that could produce a correct outcome. Second, these states are organized
around subgoals of creating layers; the layers themselves are highly constrained, but there is
more variability in the steps taken to complete each layer. These findings can provide benchmarks for examining how these constraints develop in novice block-builders (e.g., children),
how they might be violated in people with spatial disorders, and how they might be enhanced
as adults build more complex structures, such as furniture, houses, and so on.
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More broadly, our work offers proof of concept for a systematic approach to revealing the
fine-grained nature of complex goal-directed tasks involving step-by-step actions guided by
rich cognitive processes. Learning of such goal-based action tasks is ubiquitous throughout
life—from the toddler learning to operate an iPad to the engineering student learning to build
a stable structure to the novice surgeon learning to guide a robotic surgeon. Surprisingly,
there have been few attempts to bring together perspectives from cognitive science and engineering to create rigorous methods and tools of analyses that can improve our understanding
of how such skilled learning develops, both in childhood and adulthood. We hope that our
approach can be adopted to examine other cases of skilled learning, shedding light on what it
takes to carry out similar action-cognition tasks successfully, and perhaps even leading to the
development of targeted paths to improve skilled learning and performance.
Notes
1 It is certainly possible that builders engage in many of these processes in order to have
the external representation match some internally generated goal, but these additional
functions are not explicitly required in a free play or novel construction task.
2 This work is part of a larger project that is aimed at developing a fully automated coding
system for block building tasks by making use of computer vision and machine learning.
The human coding system was motivated and guided by our ultimate goal to develop an
automated system.
3 We also tested for an interaction between model size and symmetry, but inclusion of the
interaction did not improve model fit according to a likelihood ratio test. The best fitting
model, without the interaction between these effects, is reported.
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