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A B S T R A C T

Second-order correlation learning—or the capacity to infer an indirect relation between features 
based on separate direct relations—has been studied extensively in children older than 4 years of 
age. Comparatively less research has examined whether children 4 years of age and younger can 
engage in this process. One of the few studies that assessed second-order correlation learning in 
children younger than this age showed that 2- to 3-year-olds can use this form of learning to make 
causal inferences in a discrimination context (e.g., Benton et al., 2021). The present study 
extended this work in two key ways. First, it tested whether 2- to 4-year-olds could detect and 
encode second-order correlations that are embedded in a cognitively more demanding category- 
like context consisting of multiple objects and then use those correlations to make causal in
ferences. Second, it explored a possible mechanistic basis of second-order correlation learning 
through a connectionist computational model. The results of the behavioral study revealed that 
children can detect second-order correlations among several distinct objects and use them to 
make causal inferences, and the computational model captured children’s performance and 
elucidated a possible mechanism through which such correlations might emerge in the mind. 
Taken together, the results demonstrate that children as young as two can use second-order 
correlations to guide causal inference in more complex contexts and that this ability may 
emerge from more general processes of the mind based on representational overlap.

Few abilities are more important for navigating the world effectively than causal reasoning. The capacities believed to comprise 
this ability include distinguishing causes from non-causes, making inferences about potential causes of an effect based on observed 
data, intervening on causal systems to produce novel effects, and reasoning counterfactually about potential outcomes if the suspected 
cause is absent. There is now considerable evidence that each of these capacities undergoes a considerable developmental progression 
throughout the first several years of life. For example, early work showed that by 2 years of age children can categorize and distinguish 
causes from non-causes (e.g., Gopnik & Sobel, 2000). Between 3 and 4 years of age children can use different patterns of statistical 
evidence to make causal inferences, both in deterministic (e.g., Gopnik et al., 2001) and probabilistic (e.g., Kushnir & Gopnik, 2005; 
Griffiths et al., 2011) contexts, as well as in more realistic situations (e.g., Schulz & Gopnik, 2004). By 4 years of age children can 
reason counterfactually about causes and effects (e.g., Harris et al., 1996; Sobel, 2004; cf., Rafetseder et al., 2010) and between 4 and 8 
years of age children can design interventions to bring about novel effects (e.g., McCormack et al., 2016; Schulz et al., 2007). Taken 
together, this research suggests that the components that comprise causal reasoning undergo a considerable developmental pro
gression during the first several years of life.

One of the proposed cognitive mechanisms through which children are thought to acquire causal knowledge is associative learning 

E-mail address: deon.benton@vanderbilt.edu. 

Contents lists available at ScienceDirect

Journal of Experimental Child Psychology

journal homepage: www.elsevier.com/locate/jecp

https://doi.org/10.1016/j.jecp.2026.106494
Received 25 August 2025; Received in revised form 25 February 2026;   

Journal of Experimental Child Psychology 267 (2026) 106494 

Available online 7 March 2026 
0022-0965/© 2026 The Author(s). Published by Elsevier Inc. This is an open access article under the CC BY-NC-ND license 
( http://creativecommons.org/licenses/by-nc-nd/4.0/ ). 

mailto:deon.benton@vanderbilt.edu
www.sciencedirect.com/science/journal/00220965
https://www.elsevier.com/locate/jecp
https://doi.org/10.1016/j.jecp.2026.106494
https://doi.org/10.1016/j.jecp.2026.106494
http://crossmark.crossref.org/dialog/?doi=10.1016/j.jecp.2026.106494&domain=pdf
http://creativecommons.org/licenses/by-nc-nd/4.0/


(e.g., Benton, 2025; Cohen et al., 2002; Rakison & Lupyan, 2008). The crux of this learning process is that learners will perceive cues 
that are paired more frequently with an effect as better causal candidates than cues that are paired less frequently with the effect. One 
of the first attempts to formalize this idea was the Rescorla-Wagner model (Rescorla & Wagner, 1972). The crux of this model is that 
associative “links” between cues and effects are increased or decreased based on the cue’s ability to predict the presence or absence of 
an effect; the ability of the cue accurately to predict an effect depends ultimately on the cooccurrence of the cue and the effect. For 
example, if a cue fails to predict the occurrence of an effect—that is, if the cue is presented but a reasoner fails to anticipate the 
corresponding effect—then the link between the cue and the effect will be increased in strength. This ensures that the cue will better 
predict the effect in the future. In contrast, if a cue predicts an effect that does not actually occur, then the strength of the link between 
it and the effect will be diminished. This ensures that the cue will better predict the absence of the effect in the future.

Although this model can explain various effects in the animal conditioning literature (for a review, see Miller et al., 1995; Soto 
et al., 2023), it has faced criticism in the context of human causal learning. One critique is that the model struggles to explain 
“retrospective reevaluation” in individuals; that is, it fails to account for how people update their causal beliefs based on new in
formation (e.g., Benton & Rakison, 2023; Lovibond et al., 2003; Griffiths et al., 2011; Sobel et al., 2004). Another limitation is that the 
model can only encode direct associations and cannot acquire indirect associations whereby causes are either separated in time and 
space (e.g., Holland, 1992) or are not directly linked to effects but instead are separated by intermediate levels of representation 
(Rumelhart et al., 1986). This weakness has led to an open question: Do infants and young children have access to more sophisticated 
forms of associative learning that eschew these limitations and that involve forming “distant” associations among elements? An 
example of such a mechanism is second-order correlation learning. This refers to the capacity to recognize that two features go together 
or are associated even if those features were never shown together. For example, if children learn that a particular tone of voice 
(feature A) is associated with surprised facial expressions (feature B) on one series of occasions and then that the same tone of voice 
(feature A) tends to occur whenever a novel object is present (feature C), a child capable of second-order correlation learning may infer 
that a surprised facial expression may indicate the presence of a novel object. Perhaps combined with a bias for novelty (e.g., Horst 
et al., 2011; Kucker et al., 2018), this may drive children to seek out the novel object.

Most of the research to date on second-order correlation learning in children has involved the use of “stem facts” (e.g., Bauer, 
2021). The basic procedure involves presenting children with an initial stem fact such as “dolphins live in pods” followed by a brief 
filler activity. Children are then read a second, related stem fact such as “dolphins communicate by clicking and squeaking” followed 
by open-ended and forced-choice questions that require them to derive a “second order” fact from both stem facts (e.g., to derive the 
fact that “pods communicate by clicking and squeaking”). Some notable takeaways from this research include the fact that by 6 years of 
age, if not earlier (e.g., Bauer & San Souci, 2010), children can engage in this process in laboratory and classroom settings (Esposito & 
Bauer, 2017, 2019) and can derive and retain second-order facts across dissimilar contexts (Bauer et al., 2012), under high 
information-processing demands (e.g., Bauer and Larkina, 2017), over a one-week delay (e.g., Varga & Bauer, 2013; for evidence in 4- 
year-olds see Varga et al., 2016), and when the stem facts are presented in different formats (Esposito et al., 2021) and languages (e.g., 
Esposito & Bauer, 2019). This capacity has also been shown to predict academic achievement (e.g., Esposito & Bauer, 2018, 2024), to 
be positively related to verbal comprehension (Esposito & Bauer, 2018) and metacognition (e.g., Dugan & Bauer, 2022), and to un
derlie knowledge acquisition broadly (Bauer et al., 2024). Finally, children have been shown to use this process “recursively” such that 
7- to 9-year-olds can use the derived second-order facts as initial stem facts in yet other second-order relations (Wilson & Bauer, 2021).

Despite this impressive body of research, it is limited in at least three important ways. A first limitation is that this capacity has 
rarely been tested in children younger than 4 years of age. One reason this research may be limited to children 4 years of age and older 
is that forming second-order correlations over separate text passages presupposes an ability to encode and comprehend the content 
that underlies those passages in the first place; children younger than 4 years of age may simply struggle with these processes, even if 
the ability for second-order correlation learning is fully operational by 4 years of age. This highlights the need to assess whether this 
capacity is already present in children younger than 4 years of age. Theoretically, this is an important question to address because a 
positive answer would suggest that the cognitive structure that underlies this capacity is in place before 4 years of age but could 
potentially be masked by performance limitations in more demanding tasks such as those involving the integration of information 
across multiple content-rich text passages.

A second limitation is that given that the bulk of the attention in this literature has been on whether children can engage in this 
process, there has been comparatively less focus on how second-order correlation learning is achieved; that is, how does this process 
work and how might it unfold in the human mind to support inferences of different sorts? One way to gain traction on this problem is 
through computational modeling. Broadly, computational modeling is the practice of implementing a verbal theory into a computer 
programming language, software package, or bespoke simulator to determine the implications of that theory on behavior. A strength of 
computational modeling—and the primary reason one is developed here (described in detail below)—is that if the model matches 
human performance in a simulation analogue of a human behavioral task, then the process through which the model achieved that 
match can be explicitly and precisely elucidated (McClelland, 2009). Such an exercise can provide valuable insights into possible 
corresponding mechanisms in the human mind.

A third limitation concerns the fact that it remains largely unanswered whether children can use second-order correlation learning 
in contexts beyond text-based ones. In the few cases in which second-order correlation learning has been tested in settings that do not 
rely on text passages, children were explicitly told in a child-friendly way that they would need to derive the second-order relation (e. 
g., Schlichting et al., 2022; Shing et al., 2019). Thus, these studies cannot shed light on whether children younger than 4 years of age 
can engage in unprompted second-order learning in a non-text-based setting. If children can engage in second-order correlation learning 
unprompted, then this would suggest that they possess a powerful learning mechanism for acquiring knowledge in the real world 
where indirect relations must often be inferred without explicit prompting or instruction.
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To date, only a small number of studies have examined directly whether infants and young children can engage in unprompted 
second-order correlation learning in a non-text-based setting (e.g., Rakison & Benton, 2019; Yermolayeva & Rakison, 2016). One 
particularly relevant example of this comes from research by Benton et al. (2021). This study examined 2- and 3-year-old children’s 
ability to use second-order correlation learning to make causal inferences in the context of two objects. The study consisted of two 
training phases, a test phase, and a memory check phase. During the static training phase, a red cube and a green cylinder were placed 
next to each other on a table in full view of the child—the red cube had a purple diamond sticker attached to the center of it; the green 
cylinder had a yellow circle attached to its center. During the causal training phase, the first two objects were removed from the table 
and placed out of sight, and two new objects were placed on the table. These objects were identical to the first two except that neither 
object had a sticker attached to its center. Children were then introduced to a machine that lights up and plays music (Gopnik & Sobel, 
2000). The experimenter then demonstrated that one of the objects (e.g., the green cylinder) activated the machine and that the other 
object (e.g., the red cylinder) did not.

During the test phase, two new, identically shaped blue blocks were brought out. One of the blocks had the purple diamond sticker 
attached to it; the other object had the yellow circle attached to it. Children were then simply asked to make the machine go by placing 
one of the two blocks on the machine. If children detected a direct association between the green cylinder and the yellow sticker during 
the Static phase as well as a direct association between the stickerless green cylinder and the machine’s activation during the Causal 
phase, then at test they should use the blue block with the yellow sticker to activate the machine and not the other block. Finally, 
during the memory check phase, children were simply asked to put the stickers on their original objects. This phase enabled Benton et al. 
(2021) to determine whether any difficulties children might have had in detecting the relevant second-order correlation were due to 
their inability to recall one of the first-order associations (e.g., the association between the green cylinder and the yellow sticker). The 
results indicated that only the children who passed the memory check were more likely to activate the machine with the block whose 
internal feature formed a second-order correlation with the machine’s activation.

Although Benton et al. (2021) were among the first to examine second-order correlation learning in children younger than 4 years 
of age, their study suffers from notable weaknesses. One is that it did not examine the nature of second-order correlation learning or 
how it might be implemented in the mind. Although a model was developed to account for the behavioral findings, the authors did not 
assess how the model achieved second-order correlation learning. Given that a recognized benefit of computational modeling is that it 
can elucidate potential mechanisms and processes that might be in operation in the human mind (e.g., Benton, 2022; Mareschal & 
Thomas, 2007; Yermolayeva & Rakison, 2016), this represents a missed opportunity. A second limitation with this study is that it 
leaves unanswered whether children can use second-order correlation learning to make inferences in a category context that consists of 
several objects. Instead, Benton et al. (2021) tested whether children can engage in second-order correlation learning in a discrimi
nation context. A discrimination context is one that contains only two objects that possess different features. In contrast, a category 
context consists of at least two groups of objects, where each group is defined by a distinct set of correlated features (e.g., Rakison, 
2004; Younger & Cohen, 1986). One category might be A1B1C1 and A1B1C2; another category might be A2B2C1 and A2B2C2. Here, the 
letters A, B, and C refer to features (e.g., the color of an object, its causal status, and its shape), and the superscripts refer to a feature’s 
value (e.g., a value of 2 for feature C could mean that the object is not causal).

Second-order correlation learning would be of limited usefulness as a cognitive mechanism if it only operated in discrimination 
contexts. This is principally because it is rarely the case in the real world that learning is constrained to single instances of objects or 
entities; instead, a more common situation is that reasoners must learn about groups or “categories” of objects and entities. Although 
second-order correlation learning may well be one of the cognitive mechanisms that support category learning and formation in the 
real world, it is important to be clear here that the current study did not test category learning per se; that is, the current study did not 
examine whether children can use second-order correlation learning to form categories and generalize to new category members. 
Instead, the goal was to assess whether children can deploy this mechanism to make inferences about unseen causal relations in a 
context in which different objects with a shared feature are presented across phases.

One potential drawback with testing whether children can extract second-order correlations that are embedded in a category 
context is that such contexts are inherently more demanding than discrimination contexts (cf., Younger & Cohen, 1983). This stems 
from the fact that category contexts necessarily include more objects than non-category contexts and thus may stretch children’s 
processing abilities. One study that supports this contention showed that 22-month-olds infants failed to encode direct correlations 
between the body of an object and its moving parts or its global motion trajectory when those correlations were embedded in a 
category (Rakison, 2004). Equally plausible, however, is that the additional objects in a category context could facilitate young 
children’s ability to encode second-order relations. For example, this could occur if these additional objects are treated as “noise” and 
are ignored. This contention is supported by a study by Rakison and Benton (2019). They showed that 20- and 26-month-olds suc
cessfully engaged in second-order correlation learning in a category context but not in a discrimination context. Given that Benton 
et al. (2021) showed that 2- and 3-year-olds can use second-order correlation learning to make causal inferences in a discrimination 
context, a failure to do so in the current study would suggest that the category context may have taxed children’s processing capacities. 
In contrast, if children succeed in the current study, then this would suggest that they possess robust second-order correlation abilities.

Current study

The present behavioral study and computational model were designed with two goals in mind. First, the behavioral study assessed 
whether 2- to 4-year-olds could form second-order correlations over groups or categories of objects to make causal inferences. These 
ages were chosen for two reasons. First, this is when explicit causal reasoning begins to emerge in earnest (e.g., Gopnik & Sobel, 2000; 
Sobel et al., 2004). This contrasts with earlier forms of causal understanding that emerge during early infancy. One early form of causal 
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understanding is causal perception. This refers to the ability to distinguish causal events from non-causal events (e.g., Leslie & Keeble, 
1987; Oakes & Cohen, 1990) and to attribute agency and recipiency to different objects in the events (Cohen & Oakes, 1993; Cohen 
et al., 1999; Rakison et al., 2016). Another early form is causal inference. This refers to the ability to make inferences about the nature of 
a causal relation from incomplete or indirect information (e.g., Begus & Bonawitz, 2024; Kominsky & Carey, 2024; Kominsky et al., 
2022; Muentener & Carey, 2010; Muentener & Schulz, 2014; Saxe et al., 2007; Saxe et al., 2005; Sobel & Kirkham, 2006, 2007; Spelke 
et al., 1995). What distinguishes these forms of causal learning from causal reasoning is that the tasks used to measure causal 
perception and inference do not require the kind of explicit, effortful, and hypothesis-driven reasoning that causal reasoning tasks tend 
to require. Second, the computational model explored whether a connectionist artificial neural network could capture children’s 
responses as well as provide novel insight into the nature of second-order correlation learning. Specifically, a connectionist model was 
developed to simulate children’s performance in the current experiment and to understand better how the model achieved second- 
order correlation learning. Connectionist models are computer programs that are based loosely on the architecture of the brain and 
that consist of layers of simple, neuron-like processing units. In a standard connectionist model, adjacent layers of units are connected 
to each other via synapse-like weights (see Singh et al., 2025 for a gentle introduction). Given the loose parallel between these models 
and the human brain as well as the fact that one of the goals of this study was to elucidate how second-order correlation learning might 
operate in children’s minds, a connectionist model represented an ideal modeling formalism. Crucially, if it can be determined how 
second-order correlation learning is carried out in a model, this could clarify how such learning might unfold in children’s minds. This 
kind of demonstration would go beyond a mere demonstration proof that a computational model can capture existing behavioral data 
to offering meaningful insight into how second-order correlation learning might be instantiated in the children’s minds.

Behavioral study

Methods

Participants. Participants were 92 2- to 4-year-olds (54 boys and 38 girls; M = 42.36 months, range = 24.63–59.60 months, SD =
10.58). Sample size was determined based on a power analysis. This analysis—which used the “pwr” package in R—determined that 17 
participants were needed for a one-tailed, intercept-only logistic regression to detect an effect size equivalent to Benton et al. (2021; p 
= .68, odds ratio = 2.125). Thus, the experiments reported here had more than sufficient power. Participants were 1.09% Asian/Asian 
American, 5.43% Black/African American, 15.22% Interracial/Mixed Race, 5.43% unknown, and 72.82% White/Caucasian. Seven
teen additional children were tested but not included in the analysis: 4 were excluded for having a developmental delay, 6 for refusing 
to participate, 1 for being too fussy, 2 for generating uncodable data, and 4 for being not fully engaged/distracted.

This study was approved by the IRB at the institution at which this work was carried out. This study was not preregistered. All data 
can be found here: https://osf.io/7emg3/?view_only = 2d036d5e3a9844a9ac461d0c99bef40e.

Materials. The experiment used a 5.98 cm × 28.79 cm computer-animated version of the blicket detector (Benton et al., 2024), 
four differently shaped objects, and two differently shaped and colored internal features. The shapes were a 3.88 cm × 4.36 cm green 
star, a 3.88 cm × 4.36 cm green circle, a 3.93 cm × 3.78 red square, and a 4.19 cm × 4.49 cm red diamond. The internal features were 

Fig. 1. An example sequence of events shown to participants. Children first participated in the static training phase (left), then the causal training 
phase (middle), and finally the test phase (right). The correct choice for this particular sequence of events is shown at the bottom right.
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1.24 cm × 1.24 cm purple cross and a 1.25 cm × 1.25 cm yellow heart.
Procedure. Children were tested in a quiet room either at a local children’s science center or in a small, quiet, softly lit laboratory 

room. The experiment consisted of a pretraining phase, static and causal training trials, a test phase, and a memory check phase. Fig. 1
below shows the latter three phases in schematic form. Fig. 2 shows the final phase.

Pretraining phase

A pretraining trial preceded the main training phases to ensure that participants understood the purpose of the experiment. 
Instructional text—which the experimenter read as the trial unfolded—appeared on the screen in synchrony with the visual events to 
ensure that all participants received identical wording. Such text also appeared in the remaining phases. At the beginning of this trial, 
experimenters said, “We’re going to play a game with my machine. This is a very special machine. It’s my blicket machine. Blickets 
make the machine go. So, let’s find all the blickets.” The machine itself was a rectangular box—in its “inactive” state, the box had a 
black border with a white interior. The experimenter then said, “Look, I have these toys. Let’s find the blickets. Watch what happens.” 
The toys—which were positioned above the machine—were a gray triangle (on the left) and a gray pentagon (on the right).

After approximately 8 s, the triangle descended until it contacted and activated the machine (i.e., the white region turned light 
blue). At this point, the experimenter said, “Look, this one makes the machine go”. The triangle then returned to its starting position 
above the machine by ascending upward. The pentagon then descended until it contacted and failed to activate the machine. The 
experimenter then said, “Look, this one does not make the machine go!”, at which point the object returned to its starting position 
above the machine. Both objects then descended together until they contacted and activated the machine. The experimenter then said, 
“Look, these make the machine go”. Both objects then returned to their starting positions.

The experimenter then asked, “Is this one a blicket?” while a downward facing arrow appeared above both objects in succession. 
The video was paused after each question to ensure that participants had sufficient time to answer. Although children did receive 
explicit prompting in the pretraining phase to identify the blicket, neither the blicket label nor any explicit prompting about the goal of 
the main task (i.e., to form a second-order link) was provided to children. This was critical given that, again, one goal of this study was 
to assess unprompted second-order correlation learning in 2- to 4-year-old children.

Training and test phases.
Static training phase. The static training trial began with a red square and a green star that were positioned next to each other above 

the rectangle. One object had a purple cross attached to its center (e.g., the red square); the other object had a yellow heart attached to 
its center (e.g., the green star). The specific object-feature pairings were counterbalanced across participants, as was the left–right 
position of the red square and green star. At the start of the static training phase, the experimenter said, “Look, I have these toys”. The 
experimenter then pointed to one object and said, “This one has a cross on it”. At the same time, a downward facing arrow appeared 

Fig. 2. An example sequence of events shown to participants during Part I (left) and Part II (right) of the memory check phase. Children first 
participated in Part I and then in Part II.
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above the object (e.g., the one on the left in Fig. 1). The experimenter then pointed to the other object and said, “This one has a heart on 
it” while the downward facing arrow appeared above it (e.g., the one on the right in Fig. 1). To reinforce each object’s internal feature, 
the experimenter said, “Remember, this one has a cross on it” and “Remember, this one has a heart on it”. The same downward facing 
arrow appeared sequentially above each object at the time that it was referenced.

Causal training phase. Participants were then shown a new video with four objects, two of which were novel: the former green star, a 
novel green circle, the former red square, and a novel red diamond. These objects were positioned next to each other above the 
machine. Crucially, none of these objects possessed internal features and children were explicitly told that these objects differed from 
those presented in the Static phase. The green star then descended until it contacted and either activated or failed to activate the 
machine. This star then returned to its starting position above the machine, after which the red square descended until it contacted and 
either immediately activated or failed to activate the machine. This process continued until the red diamond descended onto the 
machine and returned to its starting position. For objects that activated the machine, the experimenter said, “Look, this one makes the 
machine go” (e.g., the red objects in Fig. 1); for objects that failed to activate the machine, the experimenter said, “Look, this one does 
not make the machine go” (e.g., the green objects in Fig. 1). Regardless of whether an object was causally efficacious, the same 
downward facing arrow appeared above each object while it was on the machine. For half of the participants, the red objects activated 
the machine; the green objects activated the machine for the remaining half. A Latin square was used to counterbalance the position of 
each object.

Test phase. Two new, identical blue hexagons then appeared next to each other above the machine. One of the hexagons had the 
original purple cross attached to its center, whereas the other hexagon had the original yellow heart attached to its center. At the 
beginning of this trial, the experimenter said, “Look, I have two new toys. Which one makes the machine go?”. The experimenter then 
inquired about the causal status of each object by pointing to each object and asking, “Is it this one?”. The object that was being asked 
about flashed briefly to guide children’s focus to the correct side of the screen.

Memory check phase. Children then participated in a two-part memory check phase. A depiction of this phase is shown in Fig. 2. Part 
I (left side of Fig. 2) began with the red square, green star, purple cross, and yellow heart. The red square and green star were positioned 
next to each other. The yellow heart and purple cross were positioned vertically, one (the purple cross) located directly above the other 
(the yellow heart), and both located below the star and square. The positions of each object were counterbalanced across participants. 
During this phase, participants were asked, “Which toy does the heart go with? The green toy or the red toy?”. Upon answering the 
question, participants were asked, “Which toy does the cross go with? The green toy or the red toy”.

During Part II (right side of Fig. 2), the four objects that were shown during the Causal phase were arranged vertically in the center 
of the video. Their positions within this vertical arrangement were counterbalanced using a Latin square. For each object, the 
experimenter asked, “Did this one make the machine go?”.

Results

Analyses were conducted in RStudio 4.4.0 (Posit team, 2025) and p-values were supplemented with Bayes Factors (BFs) to quantify 
the relative support for the alternative hypothesis (that children engaged in second-order correlation learning) compared to the null 
hypothesis (that children were at chance); that is, a Bayes Factor indicates how much more likely the data are under the alternative 
hypothesis than under the null hypothesis. Bayes Factors were computed using the “BayesFactor” package in RStudio (Morey & Rouder, 

Fig. 3. Participants’ responses to the question of whether the Correct (i.e., the object with the feature that was indirectly associated with the 
machine’s activation) or Incorrect (i.e., the object with the feature that was indirectly associated with the machine’s non-activation) test object was 
causally effective.
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2023). In addition, all analyses reported below focused on children who correctly answered both Phase-I memory check questions (N =
52); that is, it focused on only those children who correctly recalled both object-feature pairings from the first phase. The rationale for 
this was threefold. First, Benton et al. (2021) found that successful use of second-order correlation learning to make causal inferences 
was limited to children who recalled the original object-feature pairings. Second, success during the test phase requires, at minimum, 
that children encode these pairings. If a child who fails to encode this information also performs at chance during the test phase, then it 
becomes difficult, if not impossible, to determine why they failed. One possibility is that the child lacked the ability to engage in 
second-order correlation learning. Another is that they were simply off task or looked away during one of the training phases. In this 
latter case, it would have been impossible to form an indirect relation based on information presented across phases. Third, restricting 
the analysis to children who passed both Phase-I memory checks avoided the need for arbitrary decisions about inclusion thresholds. 
For example, if inclusion were based on children's performance during the second memory check phase alone (maximum score = 4), it 
would be unclear whether to focus on children who answered at least three questions correctly or those who answered all four 
correctly. Likewise, if inclusion were based on children's combined performance across both phases (maximum score = 6), there would 
be no principled justification for focusing on children who answered at least four questions correctly, at least five correctly, or all six 
questions correctly. Focusing on those who passed both Phase-I checks circumvented this problem and provided a clear, justified, and 
conservative inclusion criterion.

Preliminary analyses examined whether any of the counterbalancing variables—that is, participants’ sex, the positions of the 
objects during the static and causal training phases, and the position of the objects during the main test—as well as participants’ pretest 
performance related to their test choices. None of these factors were related to participants’ test choices. All subsequent analyses 
therefore collapsed over these variables.

Fig. 3 shows participants’ yes–no responses to the two test objects, and Table 1 shows the distribution of correct and incorrect 
choices. The main analysis assessed whether participants were more likely to choose the correct test object than the incorrect one. A 
second coder blind to hypotheses and conditions recoded participants’ test choices in a random 25% of the video clips; inter-rater 
agreement was almost perfect (kappa = .83). A one-tailed, logistic model showed that participants were more likely to choose the 
correct test object than the incorrect test object, odds ratio = 2.06, SE = 0.30, z = 2.44, 95% CI[1.17, 3.76], p = .007. The BF for this 
analysis indicated that the data were 5.48 times more likely under the alternative hypothesis than under the null hypothesis. As ex
pected, participants who either were at chance or answered both questions incorrectly during the first memory check phase (N = 40) 
were as likely to choose the correct test object as they were to choose the incorrect test object, odds ratio = 0.90, SE = 0.32, z = -0.32, 
95% CI[0.48, 1.69], p = .75, BF = 0.38.

A final analysis examined whether participants’ (mean-centered) age related to their test performance. This analysis indicated that 
participants’ age was not related to their test performance, odds ratio = 1.03, SE = 0.04, z = 0.69, 95% CI[0.95, 1.11], p = .49.

Discussion

This experiment examined whether 2- to 4-year-old children could use second-order correlation learning to make causal inferences 
in a category context. The results showed that children who remembered the original locations of the internal features were also more 
likely to choose the correct test object than the incorrect test object. This finding extends that by Benton et al. (2021) by demonstrating 
that children can use second-order correlation learning to make causal inferences in both discrimination and category contexts alike. 
Additionally, the fact that children were successful even when more objects were shown suggests that their second-order correlation 
learning is robust to greater contextual complexity.

Although the present experiment extends what is known about how children use second-order correlation learning to make causal 
inferences, outstanding questions remain. One especially important question concerns the mechanistic basis of second-order corre
lation learning; that is, it remains unresolved how second-order correlation learning might have operated in children’s minds to 
support successful second-order correlation learning in this study as well as in that by Benton et al. (2021). By addressing the cognitive 
mechanism through which second-order correlation learning supports successful causal inferences, it is possible to move existing 
research on this topic beyond establishing developmental timetables such as whether and when children can engage in this process to 
elucidating how mechanistically this process might work.

One way to address this issue is via computational modeling. Specifically, if it can be shown that a model can engage in second- 
order correlation learning in a model analogue of the present behavioral study, then it can be taken apart to determine the basis of 
its success. In other words, the model’s internal dynamics can be examined as they unfold over time to determine how they gave rise to 
second-order correlations. I built a connectionist computational model to address this issue. It should be noted that although Benton 
et al. (2021) also built a connectionist model and showed that it was capable of second-order correlation learning, they did not examine 

Table 1 
Frequency of children choosing the test object consistent with registering the second-order 
correlation. Top row shows data for children who recalled the location of the internal fea
tures during the first memory-check phase. The bottom row shows data for children who did 
not recall the location of such features during the first memory-check phase.

Correct Choices Incorrect Choices Total

35 17 52
19 21 40
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how such correlations arose in the model. This means that Benton et al.’s (2021) simulations were limited to reproducing children’s 
second-order correlation performance. The simulations presented next were carried out to confirm that a connectionist model can 
engage in second-order correlation learning and to explore how such correlations might arise.

Computational Model.
Method.
Network architecture. I built a three-layer autoencoder neural network that was trained using backpropagation in cross-entropy 

error. The learning rate ranged from 0.05 to 0.1 in increments of 0.025. In contrast, the number of training epochs in the Static and 
Causal training phases—which captured the number of times that the network weights were updated—ranged from 30 to 50 in in
crements of 10. Different values were used for the learning rate and the number of training epochs to ensure that the model’s second- 
order correlation learning performance was not idiosyncratic to particular parameter values. Momentum and the number of hidden 
units were held constant at 0.9 and 15, respectively.

The input layer of the network consisted of patterns of activity across three different groups of input units. The groups were Shape, 
Color, and Feature (Fig. 4). All three groups used a localist coding scheme. The Shape group consisted of 20 units—different sets of four 
units were used to represent each object. Specifically, activation of the four units in row 1 corresponded to a square-shaped object, row 
2 to a diamond-shaped object, row 3 to a star-shaped object, row 4 to a circle-shaped object, and row 5 to the test object. The color 
group consisted of three units. Each unit corresponded, respectively, to red, green, or blue. Finally, the Feature group consisted of two 

Fig. 4. Schematic of the version of the model that contained 20 units in the Shape group. The three input groups were connected to one hidden 
layer. The hidden layer, in turn, was connected to four output groups, three of which mirrored the three input groups. The task was to recreate the 
input pattern of activity along the three input groups on each of the corresponding output groups as well as to respond with a 0 or 1 in the Activity 
group if a causally ineffective or effective object was presented, respectively. The colored borders surrounding each output unit correspond to the 
target activation value for that unit. Black borders correspond to target activations of “0″ (i.e., the unit should be “off”). White borders correspond to 
target activations of “1” (i.e., the unit should be “on”). For units in either the hidden or output layers, the size of the colored region within these 
borders corresponds to the actual activation value of that unit. Larger inner regions correspond to greater activations. Darker colored inner regions 
for the output units correspond to activation values ≤ 0.5, whereas lighter colored regions correspond to activation values > 0.5.
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units. Each unit corresponded to the heart feature and cross feature, respectively. The output layer consisted of copies of the input 
groups along with an additional, one-unit Activity output group whose target was 1 whenever a causally effective object was presented 
as input to the model and 0 otherwise. The model architecture used here mirrored that in Benton et al. (2021) with one key exception: 
the current Shape group consisted of more units than that in Benton et al.’s (2021) model. This was necessary because the current study 
implemented a category context, whereas Benton et al.’s (2021) study instantiated a discrimination context. However, because the 
Shape group in both models contained many more units than either the Color or Feature groups, it may have a disproportionate in
fluence on the model’s overall second-order correlation performance than the remaining two groups. To address this possibility, the 
performance of the current model was compared to a second version of the model in which the Shape group consisted of five units: the 
first four units corresponded to the four training objects, and the fifth unit corresponded to the test object. If the 20-unit Shape group 
had an outsized influence on the model’s behavior relative to the remaining groups, then the second-order correlation learning 
performance of the two models—that is, the original model with 20 units in the Shape group and the comparison model with 5 units in 

Fig. 5. Mean activation of the single Activity unit to the presentation of the Correct (i.e., the object with the feature that was indirectly associated 
with the machine’s activation) and Incorrect (i.e., the object that was indirectly associated with the machine’s non-activation) test objects across 
different combinations of learning rate and training epochs and for networks with 20 units in the Shape group (Top) and networks with 5 units in the 
Shape group (Bottom). Shaded regions represent ± 1 standard deviation.
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the same group—should diverge qualitatively. All other aspects of this model were identical to the original one.
Training. Fifty networks were simulated for each combination of learning rate, training epoch, and model type (i.e., 5-unit Shape 

group vs. 20-unit Shape group; 50 × 9 × 2 for a total of 900 networks). Each model run—which corresponded to a new partic
ipant—involved initializing a fresh set of small, random weights (distribution range = +/- 0.8). During the Static training phase, 
networks learned that a yellow heart was appended to a red square and that a purple cross was appended to a green star. Critically, the 
Activity group, which encoded the causal efficacy of different objects, was functionally missing from the network during this phase; 
that is, the incoming weights to this group remain unchanged throughout the Static training phase. This design choice mirrored the 
behavioral study: Given that children were not presented with causal information during the Static training phase, the model also did 
not receive such information during the model analogue of this phase. During the causal training phase, networks learned that a 
featureless red square and red diamond (the first two rows of the Shape group) were causally effective, whereas a featureless green star 
and green circle (the next two rows) were causally ineffective. As with the Activity group during the Static training phase, the Feature 
group was functionally missing during the Causal training phase. Thus, networks faced the same task as children: they had to learn that 
feature information was related to causal information. However, because this information was presented in separate phases, networks 
had to integrate across these phases to discover the second-order correlation between object features and causal efficacy.

Testing. Immediately following the training phase, all networks were shown two identically shaped objects. This new object was 
instantiated by activating the units in the final row of the Shape group (and deactivating the remaining units). One of the test objects 
possessed the feature that formed an indirect association with the machine's activation across the Static and Causal training phases (i. 
e., the correct test object); the other object possessed the feature that formed an indirect association with the machine's non-activation 
(i.e., the incorrect test object). If networks could engage in second-order correlation learning in a category-like context with multiple 
objects, then the Activity group was predicted to be more active (i.e., produce greater activity) for the correct test object than for the 
incorrect test object. In contrast, if networks were unable to use second-order correlation learning to make causal inferences, then the 
activity of the single activity unit was expected to be statistically equivalent for the two test objects.

Results

Fig. 5 shows the mean activation of the Activity unit in response to the Correct and Incorrect test object across the different 
combinations of learning rate and training epochs and for different network types (i.e., networks with 20 units in the Shape group and 
those with 5 units in this group). The main takeaway from this figure is that networks produced more activity in the Activity group in 
response to the correct test object than in response to the incorrect test object for all parameter combinations, although the effect 
appears to be stronger for networks with 5 units in the Shape group than those with 20 units in this group. Thus, networks, like the 
children in the behavioral experiment, successfully engaged in second-order correlation learning. This finding not only replicates the 
main behavioral result but also indicates that networks’ ability to engage in second-order correlation does not depend on a particular 
value for learning rate, particular number of training epochs, or the number of units in the Shape group.

These qualitative observations were also supported by quantitative analyses. The analysis assessed whether, across the different 
combinations of learning rate and training epochs, mean activation of the Activity unit was greater when the correct test object was 
shown than when the incorrect test object was shown. Data were entered into a linear model with Object Type (Correct vs. Incorrect) as 
the within-subjects factor and Network Type (networks with 5 units in the Shape group vs. networks with 20 units in this group) as the 
between-subjects factor. This analysis yielded a significant main effect for Object Type, F(1, 898) = 20661.11, p = 0. This result re
flected the fact that the Correct object (M = .82, SD = 0.15) produced greater activation in the Activity unit than the Incorrect object (M 
= .17, SD = 0.16). In addition to this main effect, there was a significant interaction between Network Type and Object Type, F(1, 898) 
= 1565.64, p = 0. As shown in Fig. 5, this interaction reflected the fact that the difference in activation of the Activity unit between the 
Correct and Incorrect objects was greater for the networks with 5 units in the Shape group (M = .83, SD = .11) than for networks with 
20 units in that group (M = .47, SD = .16), t(802.59) = 39.57, p = 0. This difference arose because networks with 20 units in the Shape 
group had more active input units overall (25 total input units) than networks with 5 units (10 total input units). As a consequence, the 
net input to each to hidden unit was larger for the former networks than the latter ones. The increased activity at the hidden layer for 
the 20-unit networks, in turn, produced larger net inputs to the output units than the 5-unit networks. Despite this difference in overall 
activation levels, both types of networks—like participants in the behavioral experiment—successfully engaged in second-order 
correlation learning.

Discussion

The computational model was designed with two goals in mind. First, it assessed whether a connectionist computational model 
could engage in second-order correlation learning in a context with multiple objects. Second, the model provided an opportunity to 
shed light on how, mechanistically, second-order correlations arose in the model. The current simulation results presented thus far 
speak only to the first goal. Specifically, the results indicated that a connectionist model could robustly engage in second-order cor
relation learning. However, it remains to be seen how second-order correlations emerged in the model and supported successful causal 
inferences. The next section addresses this issue.

How—or through what mechanism—did second-order correlations arise in the model?
One way to answer this question is to track the model’s behavior at different points in training. During the Static training phase, two 

objects (e.g., a red square object with a yellow heart and a green star object with a purple cross) are presented to the model as a pattern 
of activity across the Shape, Color, and Feature input groups (Fig. 5A). This pattern, in turn, evokes a corresponding pattern of activity 
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across the hidden units via the weights that connect the input layer to the hidden layer. This pattern of activity then elicits a pattern of 
activity across the units that comprise the Shape, Color, and Feature output groups via the second set of weights that connect the 
hidden layer to the output layer. At this point, the model compares this pattern of activity to the desired or “target” pattern of activity. 
In this case, the target pattern of activity is just a copy of the input pattern of activity. At the beginning of training, the observed output 
pattern of activation necessarily differs from the target output pattern of activity. This can be seen clearly in Fig. 5A by noting that the 
internal region of each output unit (the actual activation of the unit) differs markedly from the outer region (the target activation of the 
unit). The model treats this discrepancy as error, which it attempts to minimize by iteratively adjusting the weights throughout the 
model via a learning procedure.

This process will tend to produce a pattern of activity across the hidden units (in response to input to the model) that is sufficient to 
reproduce that input activity at the output layer for both objects. This can be seen above in Fig. 5B; that is, it should be clear from the 
figure that, following the static training event, the activation of the output units mirrors the pattern of activation along the input 
groups. It should also be clear from Fig. 5B that the model has discovered largely non-overlapping patterns of activation at the hidden 
layer for both objects (i.e., the hidden units that are “on” for the red square object with a yellow heart [left] are largely off for the green 
star with a purple cross [right] and vice versa).

Such disparate patterns derive from the fact that model is trained to produce non-overlapping patterns of activation along the 
output groups for each object. In other words, because the pattern of error—which is operationalized as the difference between a given 
unit’s target activation and its actual activation—differs for both objects, the weights to and from the units that denote each object 
move in different directions during training. These differential weight changes lead to an alternating pattern of weights in the Feature, 
Color, and Shape groups. This can be seen in Fig. 6B and 6C. Consider the Shape group, for example. In this group, the weights that are 
positive for the red square with a yellow heart (input units 1–4) are largely negative for the green star with a cross (input units 5–8), 
and vice versa. It should also be clear from the figure that this pattern is largely absent before any training has taken place and the 
network has learned anything (Fig. 6A).Fig. 7..

Because the input pattern of activity presented to the model during the Causal training phase (e.g., a red square without a yellow 
heart) will be similar to that during the initial Static training phase (e.g., a red square with a yellow heart), the pattern of activation 
evoked across the hidden layer by this new object will be similar to that produced by the same object with the feature attached to it. 
This can be seen by comparing the input to the model between the Static (Fig. 5B) and Causal phases (Fig. 5C) and noting that the input 
differs in only one respect: feature information is present during the Static but absent during the Causal phase. Given that there is 

Fig. 6. A depiction of the model at various points during training. (A) The model before any training; (B) the model following the static training 
phase; (C) the model following the dynamic training phase; and (D) the model at test.
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significant overlap in the information presented during the two phases, this means that the target pattern of output activity will be 
similar to that in the Static training phase with one key exception: to the network now must activate the single activity unit in the 
Activity output group if a causal object is presented to the model (e.g., left side of Fig. 5C); if instead a non-causal object is presented to 
the model, its task is to deactivate this unit (right side of Fig. 5C). In Fig. 5C, for example, the model learns to activate the Activity unit 
in the presence of the red square because it is causal. However, the model learns to deactivate the Activity unit when shown the green 

Fig. 7. Visualization of the weights connecting the hidden layer to the four output groups (i.e., Activity, Feature, Color, and Shape). Hidden units 
are listed vertically; individual units within a group are listed across the top. Each cell corresponds to the weight on the connection between a 
particular hidden unit and a unit in a given output group. For example, the top-left unit in the Shape group corresponds to the connection between 
the first hidden unit and the first unit in the Shape group. The size of the colored region corresponds to the magnitude of a weight; larger regions 
reflect larger weights. The color of the region corresponds to a weight’s sign: darker regions correspond to negative weights; lighter colored regions 
correspond to positive weights.
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star because it is non-causal. The fact that the network’s task during the Causal phase is largely consistent with its task during the Static 
phase—to reproduce at the output layer the input pattern of activation along the Color, Feature, and Shape groups—means that the 
error signal at the output layer produced by the presentation of a red square and green star will also be similar between the two phases. 
Additionally, because there is considerable overlap between the information presented to the model as input during the Static and 
Causal phases, the pattern of activity at the hidden layer that both objects elicit will also be similar. However, because the network will 
have discovered a set of weights that generates a pattern of activation across the hidden units during the Static phase that is sufficient 
to reproduce each object at the output layer, any error that remains during the Causal training phase will mostly be coming from the 
single activity unit in the Activity group. Instead of adjusting the weights radically to discover a whole new hidden pattern of activity 
that is sufficient both to reproduce the input activity across the Shape, Color, and Feature groups at the output layer and to activate the 
single activity unit, the network will tend to make small adjustments to the weights that connect the hidden layer to the Activity group; 
the weights between the Shape, Color, and Feature input groups and the hidden layer as well as those between the hidden layer and the 
Shape, Color, and Feature output groups will remain largely unchanged. This can be seen in Fig. 6 by comparing the network weights 
after the Static training phase (6B) to those following the Causal training phase (6C). As should be clear from the figure, the pattern of 
weights in the Color and Feature groups overall remains unchanged between both phases, and any changes that are made are 
quantitative rather than qualitative. The pattern of weights in the Shape group also remains mostly unchanged for the red square (units 
1–4 along the top) and green star (units 5–8 along the top), although it can be seen in the figure that a new alternating pattern of 
weights has emerged across some of the columns. This is due to the fact that two additional objects—namely, a red diamond (units 
9–12) and a green circle (units 13–16)—are introduced during the Causal phase; these objects are not shown in Fig. 5. The explanation 
for why the pattern of weights for the two new objects alternates is identical to that above. In contrast, the pattern of weights in the 
Activity group changes substantially between both phases. The network will continue to make these adjustments until it learns to 
activate the Activity unit for the causal objects (i.e., the red ones) and to deactivate this same unit for the non-causal objects (i.e., the 
green ones).

A consequence of this learning process is that when a blue hexagon with a yellow heart is subsequently presented as input to the 
model, the heart will evoke the pattern of activity at the hidden layer that this unit produced during the Static phase. It should be clear 
from Fig. 5D that the pattern that is evinced at the hidden layer resembles that produced by the red square during the Static and Causal 
phases. This suggest that the model “sees” this object as similar to the red square. This pattern, in turn, will activate the single activity 
unit and the yellow heart unit. It should also be clear from the figure that the elicited pattern of hidden activation activates the output 
units that correspond to the color of the formerly trained red square. This stems from the fact that, because red and heart were co- 
present during the Static training phase, they both became linked to the same pattern of hidden activation. As a consequence, 
when this pattern is re-instantiated, both features are activated. In contrast, presenting the model with a blue hexagon with a purple 
cross elicits a different hidden activation pattern that causes the activity output unit to turn off and the output unit corresponding to the 
cross feature to become active. Although the overall pattern of activation of hidden activation bears less of a resemblance to that 
produced by the green star during the Static and Causal training phases, many of the key units that reproduce the pattern of activation 
that corresponds to the green star and its causal status are activated.

To summarize, the model establishes a second-order correlation between two features by transforming what initially is an indirect 
association between an object’s internal feature and its causal effectiveness into a direct one; that is, the model links feature infor
mation and causal information to a common hidden representation. This enables the model effectively to reduce a second-order 
problem into a first-order one; that is, activating the hidden representation via one cue (e.g., a yellow heart) is sufficient to trigger 
the other cue (e.g., causal efficacy) because both cues are linked directly to that pattern. This transformation is the crux of how second- 
order correlations emerged in the model and may reflect how such relations emerge in the human mind, although this latter point will 
require additional empirical work that is beyond the scope of the current paper.

Before closing, it is worth noting that this is not the only proposal for how second-order correlation learning might work. For 
example, Kumaran and McClelland (2012) introduced a model called REMERGE (for recurrency and episodic memory results in 
generalization) that provided a process-level account of second-order correlation learning. The model was based on a study by Bunsey 
and Eichenbaum (1996). To my knowledge, this is the first study to investigate second-order correlation learning, albeit in rats. In the 
study, rats first learned that a cue odor A predicted a rewarded choice odor B and an unrewarded choice odor Y, whereas a cue odor X 
predicted a rewarded choice odor Y and an unrewarded choice odor B. Then rats learned that odor B, now the cue odor, predicted a 
rewarded choice odor C and an unrewarded choice odor Z; they also learned that the now cue odor Y predicted a rewarded choice odor 
Z and an unrewarded choice odor C. Rats were then presented with cue odor A and required to choose between odors Z and C. The 
results indicated that intact rats chose odor C presumably because it was indirectly related to A.

Kumaran and McClelland’s (2012) model of this task consisted of a six-unit “feature” layer. These units represented one of the six 
possible odors, each corresponding to one of the six odors in Bunsey and Eichenbaum (1996; i.e., A, B, C, X, Y, and Z). This layer was 
bidirectionally connected to a four-unit “conjunctive” layer. These units represented the associations learned during training (AB, BC, 
XY, and YZ). This layer, in turn, was connected to a four-unit response layer—each unit represented one of the four possible choice 
options that rats were presented with in Bunsey and Eichenbaum (1996; i.e., B, C, Y, and Z). The mechanism by which Kumaran and 
Mcclelland’s (2012) model captured the behavior of the rats (i.e., the choice of C over Z) was that when the feature units A, C, and Z are 
activated, their activity causes the conjunctive units AB, BC, and YZ to activate. Activity from the conjunctive units in turn activates the 
feature units A, B, C, Y, and Z due to their bidirectional connectivity with the feature layer. Given that feature unit B is now more active 
than unit Y—because it is receiving input from the AB and BC conjunctive units, whereas feature unit Y only receives input from 
conjunctive unit YZ—the BC conjunctive unit will become more active than the YZ conjunctive unit on the next cycle. A corollary of 
this is that when activity then propagates from the conjunctive layer to the response layer, response unit C will be more active than 
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response unit Z, thereby simulating rats’ choice of odor C over odor Z.
An important difference between the current account of second-order correlation learning and Kumaran and McClelland’s (2012)

account of it is that REMERGE’s ability to encode indirect relations depended at least in part on the presence of the conjunctive localist 
units; in other words, these associations were stipulated rather than learned. In contrast, the current model’s ability to encode indirect 
relations depended crucially on learned distributed representations. The model that the current one perhaps bears the strongest 
resemblance to is Zhou et al.’s (2023) C-HORSE (for complementary hippocampal operations for representing statistics and episodes) 
model. This model was designed to capture second-order correlation learning in human adults. Although the details of this model are 
beyond the scope of this paper, the success of the current model and C-HORSE depended largely on learned distributed representations. 
Yet, this model also differed from the current one in a crucial way. This concerns the fact that C-HORSE’s ability to encode indirect 
associations depended crucially on the order in which the stimuli were presented to the model; no such constraint applied to the 
current model. That said, the current model may represent a synthesis between REMERGE and C-HORSE. For example, by representing 
each object locally (at the input and output layers), the current model captures a key feature of REMERGE. Yet, because the current 
model’s ability to encode indirect relations depended on learned distributed representations, it has much in common with C-HORSE.

Given the scarcity of research on second-order correlation learning in children under 4 years of age, much less research into the 
nature of that learning in this population, more work is ultimately needed to determine two open questions. First, how is second-order 
correlation learning implemented in the minds of children younger than 4 years of age and how are the indirect relations that emerge 
from this learning represented (i.e., locally, in a distributed fashion, or some combination of both). One way to answer this question is 
to combine functional brain imaging with techniques for measuring similarity among representations (e.g., RSA). Second, does the 
mechanistic basis for second-order correlation learning change across development, and if so, in what ways?

General Discussion
The current study tested whether 2- to 4-year-olds could use second-order correlation learning to make causal inferences in a 

category-like context. The results indicated that children could engage in this process, but only if they remembered which objects 
possessed which features. A connectionist computational model was subsequently developed to provide mechanistic insight into how 
second-order correlations might emerge in the mind. An analysis of the model’s internal dynamics revealed that such correlations 
emerged through a common representation that was linked to an object’s feature and its corresponding causal status. Taken together, 
these results indicate that children younger than 4 years of age can use second-order correlation learning to discover causal relations.

More generally, the current results extend Benton et al. (2021) and the work of Bauer and colleagues (see Bauer, 2021). Specifically, 
the present study demonstrates that children can extract second-order correlations in a causal, category-like context beyond the 
traditional stem-fact paradigm and that such correlations may arise when their components are linked through a shared represen
tation. Additionally, the current findings suggest that the cognitive machinery required to engage in this process may be in place before 
children’s fourth birthdays. The findings also shed light on the very nature of this ability by showing that similar processes can support 
stem-fact derivation and causal judgments. Together with evidence that children use this process to learn about object motion (Rakison 
& Benton, 2019), object properties (Yermolayeva & Rakison, 2016), and word meanings (Savic et al., 2023; Unger et al., 2024), these 
results suggest that second-order correlation learning may well be a domain-general mechanism.

Before concluding, several potential criticisms of the current study are worth noting. The first potential criticism is that because two 
of the four objects shown during the Causal phase were also present during the Static phase, children may have selectively focused only 
on these shared objects and ignored the two novel ones during the second phase. If this were the case, this would entail that the current 
study is more akin to a discrimination context than to a category context and thus represents a replication rather than an extension of 
Benton et al. (2021). One concern with this account is that it leaves open the question of why children would be compelled to attend to 
the shared objects over the novel ones in the first place. One possibility is that because the shared objects were spatially adjacent during 
the Static phase, children were more likely to track them across phases because they treated them as a unit. If this were the case, then 
children for whom the shared objects remained spatially adjacent during the Causal phase should have shown superior second-order 
correlation performance relative to those for whom this spatial adjacency was disrupted during the Causal phase. However, a mixed- 
effects logistic regression, with Adjacency Type as the sole fixed effect and subjects as a random effect, revealed no reliable difference 
between the groups, odds ratio = 1.41, SE = 0.67, z = 0.51, 95% CI [0.36, 5.16], p = .61. This suggests that spatial proximity did not 
drive children’s performance.

Although the results above rule out a spatial-adjacency account, they do not rule out the possibility that children may have treated 
two of the four objects shown during the Causal phase as the same, but now rotated, objects that were presented during the Static 
phase; that is, children may have erroneously believed that they were looking at the backs of the two objects that were shown during 
the Static phase. There are two reasons to question this interpretation. First, children were explicitly told that the objects shown during 
the Causal phase were different toys from those shown during the Static phase. The rationale for this was to encourage children to treat 
Causal-phase objects as new instances rather than as previously seen objects. Although it remains possible that some children failed to 
encode this information, the fact that they were made aware that different objects were used across phases reduces the plausibility of a 
simple identity-tracking account.

Second, even if some children treated the Causal-phase objects as the same ones from the Static phase but viewed from a different 
angle, success in the task would still require them to infer the presence of the internal feature in its absence. The reason is that par
ticipants were shown featureless objects during the Causal phase. Thus, any representation of an internal feature at that point must be 
internally rather than externally generated. Crucially, recalling the internal feature of an object when it is not present in the input is 
entirely consistent with the mechanism through which second-order correlations emerged in the model. Recall that after the model 
learns during the Static phase that a particular object possesses an internal feature, presenting that object without the feature during 
the Causal phase activates a representation that contains both the object’s appearance and its learned internal feature. Because this 
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representation is active while the model learns that the object is causally effective, its causal efficacy becomes linked to that repre
sentation. A corollary of this for children’s performance in the behavioral study is that even if they perceived the Causal-phase objects 
to be turned around, successful second-order correlation learning at test would still reflect integration of information across phases via 
a shared internal representation—precisely the mechanism proposed by the model.

More broadly, the current study differs from Benton et al. (2021) in several important respects. First, it tested a wider age range 
than that in Benton et al. (2021). Specifically, Benton et al. (2021) tested 2- to 3-year-olds, whereas the 2- to 4-year-olds were tested in 
the current study. The rationale for widening the tested age range was that it was unclear whether 2- and 3-year-olds would be able to 
engage in second-order correlation learning in a dynamic context that contained more objects than that used in Benton et al. (2021). 
This approach also made it possible to assess whether, under the current conditions, this process underwent a more protracted 
developmental progression. Second, although Benton et al. (2021) showed that a connectionist computational model could capture the 
performance of the 2- and 3-year-olds in their study, they did not discuss how second-order correlations emerged in the model. Thus, 
Benton et al.'s (2021) presentation of their model provided little insight into the possible mechanistic basis of second-order correlation 
learning.

In sum, the current experiments and computational model not only reveal that children between 2 and 4 years of age can use 
second-order correlation learning to make causal inferences within a category context, but they also suggest a potential mechanism for 
how this learning might be implemented in the mind. These findings contribute to a growing body of research demonstrating that 
second-order correlation learning is a powerful mechanism by which children represent higher-order, indirect relations and generalize 
these relations to novel features.
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