
SIMILARITY ANALYSIS.

For each condition separately, we computed two simi-
larity scores, which were based on the configuration 
of the wheel that was fastest between the last two 
trials of each participant. For the within-chain simi-
larity score, we calculated the sum of the distances 
between the weights on each spoke for all pairs of best 
configurations in the chain. This dissimilarity score 
could range from 0 to 44, and to obtain a similar-
ity score we subtracted the dissimilarity score to 44. 
The procedure was the same for the between-chain 
similarity score except that we compared the best 
configuration of each participant with the 65 best 
configurations generated by the participants of the 
13 other chains (for a similar procedure, see Osiurak, 
Cretel, et al., 2020, 2022; Reindl & Tennie, 2018). 
This similarity score was computed for each of the 
six experimental conditions (n = 420).

EXPLORATION.

The exploration score corresponded to the differ-
ence between the smallest and the greatest sum of 
positions of the four weights obtained during the 
five trials. The greater this difference, the greater the 
exploration. The center-of-mass exploration score 
corresponded to the surface of the convex envelope 
that contained the center-of-mass coordinates of the 
five wheels. The greater this surface, the greater the 
exploration. More details about these two explora-
tions scores are provided in Osiurak et al. (2022).

STATISTICAL ANALYSES.

We used regression modeling in R (R Development 
Core Team, 2011), lmerTest package (Kuznetsova, 
Brockhoff, & Christensen, 2017), to fit linear mixed 
models (LMMs). The details of all the models fit-
ted in the present study are given in Tables S2–S22 
along with their results. Statistical significance was 
set at p < .05, and a bootstrapping method was used 
to estimate 95% CI.

RESULTS

Wheel Speed and Understanding
As shown in Figure 2a, an LMM analysis performed on 
the six experimental conditions indicated an increase 
over generations of both the wheel speed (generation 
estimate, 2.82 m/hr; 95% CI [2.12, 3.39]; Figures S1 
and S2; Table S1) and the understanding score (gen-
eration estimate, 2.51; 95% CI [1.56, 3.49]; Figure 
S3; Table S2). A link was also found between both 
(wheel speed estimate, 0.69; 95% CI [0.56, 0.80]; 
Figure 2b and Figure S4; Table S3). These findings 
confirmed that the improvement of the wheel system 
was accompanied by an increase in its understanding.

Practical Versus Theoretical Information
We performed an exploratory analysis with the aim 
of characterizing the types of information (practi-

FIGURE 2. (a) Parallel improvement of the wheel system and its understanding and (b) link between the wheel speed and the understand-

ing score. Error bars indicate standard errors
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cal vs. theoretical) contained in the 340-character 
explanations generated by the participants in 
the configurations+theory, speed-only, and 
configurations+noise conditions, n = 210; mean, 
199.58 characters; SE, 3.77 characters; range, 82–
340 characters. An LMM analysis indicated that the 
total number of pieces of information (practical and 
theoretical) provided by the participants was positive-
ly linked to the number of characters used (number 
of characters estimate, 0.03; 95% CI [0.02, 0.03]; 
Figure S5; Table S4). The participants generated 
a greater number of pieces of practical information 
(mean, 2.28; SE, 0.08) than of theoretical information 
(mean, 1.88; SE, 0.12; theoretical information esti-
mate, –0.40; 95% CI [–0.03, –0.78]; Figure S6; Table 
S5). Practical information was given earlier during the 
explanation (mean, 2.77th position of pieces of infor-
mation given; SE, 0.09) than theoretical information 

(mean, 4.14th position; SE, 0.13; practical informa-
tion estimate, 1.08; 95% CI [0.76, 1.39]; Figure S7; 
Table S6). This first analysis led us to conduct two 
separate analyses about the quality of the explana-
tions generated by the participants, one that focused 
on the quality of the instructions provided by the 
participants and the other on the scientific language 
they used.

Instructions (Q1)
LMM analyses revealed that the instructions score 
was positively linked to the number of pieces of 
practical information (practical information estimate, 
0.98; 95% CI [0.59, 1.40]; Figure S8; Table S7) but 
not of theoretical information (theoretical informa-
tion estimate, 0.01; 95% CI [–0.25, 0.29]; Figure 
S9; Table S8), which confirmed that the instructions 
score was based on practical information. As can be 

FIGURE 3. Increase in the instructions score (a) but not the scientific language score (d) over generations and links of the instructions score (b, c) or the 

scientific language score (e, f) with the wheel speed and the understanding score. Error bars indicate standard errors
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seen in Figure 3a, the instructions score increased 
over generations (generation estimate, 0.79; 95% CI 
[0.30, 1.29]; Figure S10; Table S9). There was also 
a positive link between the instructions score and the 
wheel speed (wheel speed estimate, 0.19; 95% CI 
[0.13, 0.25]; Figure 3b and Figure S11; Table S10) 
and between the instructions score and the under-
standing score (understanding estimate, 0.15; 95% 
CI [0.10, 0.19]; Figure 3c and Figure S12; Table S11).

Scientific Language (Q1)
LMM analyses indicated that the scientific language 
score was positively linked to the number of pieces of 
theoretical information (theoretical information esti-
mate, 0.65; 95% CI [0.54, 0.77]; Figure S13; Table 
S12) but not of practical information (practical infor-
mation estimate, –0.23; 95% CI [–0.45, 0.01]; Figure 
S14; Table S13), which confirmed that the scientific 
language score was based on theoretical information. 
As shown in Figure 3d, the scientific language score 
did not increase over generations (generation esti-
mate, –0.01; 95% CI [–0.25, 0.25]; Figure S15; Table 
S14). There was also no link between the scientific 
language score and the wheel speed (wheel speed 
estimate, 0.02; 95% CI [–0.01, 0.05]; Figure 3e and 
Figure S16; Table S15), nor between the scientific 
language score and the understanding score (un-
derstanding estimate, –0.01; 95% CI [–0.03, 0.02]; 
Figure 3f and Figure S17; Table S16).

Within-Chain and Between-Chain Similarity (Q2)
As can be observed in Figure 4 (see also Table S17), 
LMM analyses showed that within-chain similarity 

scores were higher than between-chain similarity 
scores (within-chain estimate, 5.51; 95% CI [4.35, 
6.71]). This within-chain versus between-chain 
similarity difference of 5.51 corresponded to that of 
the configurations condition of Derex et al. (2019), 
which was taken as the intercept. There were also 
several interaction effects, which indicated that this 
difference was higher in the configurations condi-
tion than in the two configurations conditions of 
Osiurak et al. (2021) (Configurations_Exp1*within-
chain estimate, –2.63; 95% CI [–4.24, –1.05]; Con-
figurations_Exp2*within-chain estimate, –1.75; 
95% CI [–3.47, –0.28]) and in the speed-only and 
configurations+noise conditions of Osiurak et al. 
(2022) (Speed-Only*within-chain estimate, –5.87; 
95% CI [–7.61, –4.18]; Configurations+Noise*within-
chain estimate, –3.03; 95% CI [–4.84, –1.32]). Note 
that this interaction was so pronounced in the speed-
only condition that the between-chain similarity 
score was even slightly greater than the within-chain 
similarity score in this condition. No interaction was 
reported with the configurations+theory condition 
(Configurations+Theory*within-chain estimate, 
–0.40; 95% CI [–2.16, 1.24]).

Exploration (Q2)
Finally, we explored whether the participants’ explo-
ration of either the inertia dimension or the center-
of-mass dimension over the five trials was canalized 
by the explanation inherited from the predecessor. 
This so-called canalizing effect could occur only in 
the configurations+theory condition because it was 
the only condition in which the participants inher-

FIGURE 4. Within-chain and between-chain similarity as a function of condition. Error bars indicate standard errors
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ited the explanations produced by their predecessor. 
We also report the results from the speed-only and 
configurations+noise conditions as control condi-
tions (no explanation transmitted). We used the in-
ertia and center-of-mass instructions scores to reflect 
the quality of the explanations inherited. The predic-
tion was that the greater the quality of the instructions 
inherited on one dimension (e.g., inertia), the more 
the participants explored that dimension (i.e., iner-

tia) and the less they explored the other dimension 
(i.e., center of mass). As shown in Figure 5 (see also 
Tables S18–S21), this prediction was not confirmed. 
The main result was that participants in the speed-
only condition explored the inertia dimension more 
than participants from the other conditions (Figure 
5a: speed-only condition estimate, 12.42; 95% CI 
[5.40, 19.22]; Figure 5b: speed-only condition esti-
mate, 7.39; 95% CI [0.89, 13.84]).

FIGURE 5. Links of inertia (a, b) or center-of-mass (c, d) exploration scores with inertia or center-of-mass explanation scores inherited
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DISCUSSION

Evidence indicates that the improvement of a technol-
ogy over generations is accompanied by an increase 
in its understanding. Our first question (Q1) was 
whether this is also true for the quality of explana-
tions. The answer is yes and no. When explanations 
were analyzed as instructions, we did find an increase 
in their quality over generations, which was linked to 
the improvement of the wheel system and its under-
standing. This suggests that the quality of instructions 
could reliably reflect the participant’s current state of 
understanding. Accordingly, we may expect that in-
structions favor the transmission of technical content 
between individuals. Yet nothing in the present data 
suggests that the participants who inherited explana-
tions (those in the configurations+theory condition) 
outperformed the participants who did not inherit 
any explanation. This conclusion must neverthe-
less be tempered. Indeed, even if instructions could 
have helped some participants orient their attention 
toward salient features of the wheel system, their re-
dundancy with the information contained within the 
configurations transmitted could have masked the 
potential benefits of inheriting them. Thus, the inter-
est of instructions might be limited when participants 
can observe the technology itself—as long as it is not 
too opaque, as in the experiments reported here—
or the actions performed by the model. Conversely, 
when the technology becomes opaque or neither 
the technology nor the materials needed to build it 
are available, using instructions might become the 
most effective—if not the only—way of transmitting 
technical content (Osiurak, De Oliveira, Navarro, & 
Reynaud, 2020). We did not report such conditions, 
which could offer interesting insights into the role of 
instructions in the transmission of technical content.

The participants did not only provide instruc-
tions to explain how the wheel system worked. They 
also used scientific language. In this case, and con-
trary to instructions, we did not find any increase 
in the quality of the scientific language over gen-
erations. This led us to also answer no to our first 
question (Q1). A potential methodological limitation 
concerns our way of creating the scientific language 
score, which took into consideration whether the 
terms were frequently used in scientific definitions, 
regardless of whether they were used appropriately. 

Nonetheless, if the participants used scientific terms 
appropriately, the scientific language score should 
have been linked with the wheel speed or the un-
derstanding score, but it was not. This finding is 
consistent with earlier studies that have shown the 
difficulties people—including high school physics 
teachers—face in elaborating on general physical 
principles, whereas judgments are generally better 
in concrete contexts or when participants view ongo-
ing events (Kubricht, Holyoak, & Lu, 2017; McClo-
skey, 1983; McCloskey, Caramazza, & Green, 1980; 
McCloskey, Washburn, & Felch, 1983). As stressed 
by Proffitt, Kaiser, and Whelan (1990), who asked 
participants to verbally answer questions on wheel 
dynamics, “after observing the wheels roll down the 
ramp, the subjects all came to the realization that 
mass distribution was the only influential variable. 
In general, their accounts of why mass distribution 
was influential simply described the particular wheels 
employed, and failed to elucidate general principles” 
(p. 350). In other words, it is one thing to possess 
and use semantic knowledge to explain a phenom-
enon and another to understand it, as demonstrated 
by neuropsychological and neuroimaging evidence 
that indicates distinct neurocognitive networks for 
semantic knowledge versus tool use and technical 
reasoning skills (Buxbaum, Schwartz, & Carew, 
1997; Goldenberg & Spatt, 2009; Hodges, Bozeat, 
Lambon Ralph, Patterson, & Spatt, 2000; Osiurak 
et al., 2009). Evidence also comes from the develop-
mental psychology literature, which has documented 
that the understanding of physical principles (e.g., 
support) evolves in infants, although they are obvi-
ously unable to generate explanations about them 
(Baillargeon, 2008; Baillargeon & Hanko-Summers, 
1990; Baillargeon, Needham, & Devos, 1992; Need-
ham & Baillargeon, 1993). Thus, infants less than 6 
months old infer that any amount of contact between 
an object and a support is enough for the object to be 
supported. Between 6 and 9 months, infants improve 
their understanding and expect an object to be stable 
if the support is in contact with a significant portion 
of its surface and begin to understand other features 
such as the object mass distribution. Explicitly, an 
object placed on a support is stable if a perpendicu-
lar line drawn through the object’s center of gravity 
falls within the support boundaries. Adults adhere 
to this principle in their predictions, although they 
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are also generally unaware of it (Needham & Bail-
largeon, 1993).

In broad terms, the present findings suggest that 
people can improve a technology over generations 
without being able to elaborate on the hidden causes 
by using scientific language. These findings mirror 
our historical trajectory, through which our ances-
tors have developed complex technologies over time 
while living in preliterate societies in which there was 
no formal pedagogy. Thus, as some have argued, 
explicit causal understanding is not necessary for 
CTC (Derex et al., 2019; Harris, Boyd, & Wood, 
2021). However, our findings also indicate that ex-
plicit causal understanding (meaning using linguistic 
terms to verbalize what we understand implicitly, i.e., 
explanatory skills) must not be conflated with causal 
understanding. Harris et al. (2021) recently provided 
an anthropological report in which they interviewed 
skilled Hadza bowyers and compared their bow-
making beliefs with those revealed by experimental 
and engineering research. Hadza bowyers scored 
better than chance on 7 of 13 questions. Harris et al. 
(2021) concluded that causal understanding plays a 
weak role in the evolution of traditional technology. 
Although they recognized that their interview-based 
method could have failed to detect “implicit causal 
knowledge,” they minimized this limitation, empha-
sizing that this is “possible (though unlikely)” (p. e2). 
Yet our findings, as already reported by Proffitt et al. 
(1990), stress that this is likely and that their conclu-
sion should be limited to explicit causal understand-
ing (explanatory skills). The present findings can 
help reconcile the different approaches by stressing 
that implicit causal understanding, but not explicit 
causal understanding, drives CTC.

Our second question (Q2) was whether expla-
nation transmission reinforces the presence of tra-
ditions. The similarity analysis failed to support 
this possibility. Although the within-chain versus 
between-chain similarity difference was higher in the 
configurations+theory condition than in other condi-
tions, this difference was not higher, for instance, than 
the one reported in the configurations condition of 
the same study (Derex et al., 2019). We also reported 
that the only condition in which no tradition emerged 
(no within-chain vs. between-chain similarity differ-
ence) was the speed-only condition, which can be 
explained by the fact that it was the only condition in 

which no information about the configurations was 
transmitted (neither the last two configurations nor 
explanations). The fact that traditions can emerge 
without explanation transmission is anything but 
surprising, given that we do know that cultural phe-
nomena are not restricted to humans (Whiten, 2019, 
2021; Whiten, Horner, & De Waal, 2005; Whiten 
et al., 1999) and, as a result, to the only species able 
to generate explanations. Nevertheless, it could be 
expected that explanation transmission reinforces 
the presence of traditions in chains. Perhaps such a 
reinforcement is more visible when the technology 
is more opaque or when all the materials needed to 
build it are not available, as discussed above. Future 
research is needed to test this hypothesis. We also 
did not report any canalizing effect of explanation 
transmission on exploration, as suggested elsewhere 
(Derex et al., 2019). The participants did not explore 
one dimension (e.g., inertia) further than the other 
because they inherited relevant instructions about 
that dimension. This canalizing effect was initially 
proposed (Derex et al., 2019) based on evidence that 
children who are told the function of a toy tend to 
explore less and are less likely to discover alterna-
tive functions than children who did not receive any 
information about the toy’s function (Bonawitz et al., 
2011; Wood, Kendal, & Flynn, 2015). In these stud-
ies, children are influenced to adopt a design stance 
in Dennett’s terms (Dennett, 1987), because of the 
focus on the toy’s function. By contrast, our find-
ings stress that participants seemed to take a physical 
stance when explaining how the wheel system works. 
Perhaps the canalizing effect of explanation transmis-
sion on exploration is greater when people are led to 
adopt a design stance than a physical stance, a pos-
sibility that deserves further investigation.

Before concluding, we would like to delimit the 
scope of our findings. We focused on written expla-
nations because this form of explanation provides 
good experimental control. However, written ex-
planations are rigid because they do not allow in-
teractions between the person who generates the 
explanation and the one who benefits from it, as is 
the case for oral explanations. This methodological 
choice necessarily tempers our conclusions, which 
can nevertheless be more easily applied to everyday 
contexts in which written instructions can be found 
(e.g., user instructions). Our findings remain silent as 
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to several related research questions. For example, an 
outstanding question is whether people with a good 
causal understanding of a physical system can make 
a better use of the explanations they receive about 
this system than those with a lower understanding 
of it. Likewise, can improper or proper use of causal 
explanations hinder or facilitate the development of 
causal understanding? Exploring these questions 
requires an experimental design in which partici-
pants’ causal understanding is assessed both before 
and after they interact with the physical system to 
investigate potential evolutions. This experimental 
design was not used in the present studies reported. 
Developing such a design might be fruitful to tackle 
those questions.

To sum up, the key finding is that although the 
quality of explanations (when analyzed as instructions) 
increased over generations, we failed to demonstrate 
that this increase had a direct impact on the perfor-
mance, bringing into question the role of explanation 
transmission in CTC. We also noticed that the nature 
of explanations did not differ according to whether 
the explanations were generated with the goal of be-
ing transmitted (the configurations+theory condi-
tion) or not (the speed-only and configurations+noise 
conditions). These findings remind us that explana-
tions not only are transactional but have also a useful 
role for the person who generates the explanations, by 
potentially highlighting an incomplete understand-
ing (Keil, 2006; Keil et al., 2004). This metacogni-
tive function of explanation can take place when the 

person is alone but also when they communicate 
with conspecifics, including in teaching conditions 
in which the feedback coming from learners can be 
very useful (for discussion about metacognition and 
teaching, see Caldwell, Renner, & Atkinson, 2018; 
Dunstone & Caldwell, 2018; Heyes, 2016; Osiurak 
& Reynaud, 2020; Shea et al., 2014). In other words, 
explanatory skills might have a limited impact on the 
social transmission of technical content but could be 
particularly beneficial for the individual as a way of 
increasing their own understanding of a phenomenon 
(Brockbank, Lombrozo, Gopnik, & Walker, 2023; 
Gopnik, 1998, 2000; Legare, 2014; Lombrozo, 2016). 
The question that arises is whether the production 
of explanations has a greater impact on the model’s 
understanding than on the learner’s understanding. 
Future studies are needed to explore this question, 
notably in conditions in which participants interact 
together directly. This counterintuitive perspective 
also leads us to revisit the payoff generally associated 
with teaching. Teaching is considered costly for the 
model, at least in the short term (Caro & Hauser, 
1992; Kline, 2015; Kline, Boyd, & Henrich, 2013). 
However, teaching could also be beneficial in the 
short term, by potentially increasing the model’s 
understanding. This might be true for explanation-
based teaching compared with other forms of teach-
ing (e.g., protolanguage). In sum, the study of ex-
planations can open new avenues in the research on 
cumulative culture by reminding us that teachers can 
also learn from learners (Gweon, 2021).
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FIGURE S1. Wheel speed over generations for nonfailure wheels and number of failures. Error bars indicate standard errors.
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FIGURE S2. Wheel speed (the best speed of the last two trials) over generations. Error bars indicate standard errors

FIGURE S3. Understanding over generations. Error bars indicate standard errors
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FIGURE S4. Link between wheel speed (the best speed of last two trials) and understanding
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FIGURE S5. Link between number of pieces of information and number of characters
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FIGURE S6. Number of pieces of practical (Pr.) versus theoretical (Th.) information. Error bars indicate standard error

FIGURE S7. Position of pieces of practical (Pr.) versus theoretical (Th.) information. Error bars indicate standard errors
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FIGURE S8. Link between instructions and number of pieces of practical information
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FIGURE S9. Link between instructions and number of pieces of theoretical information
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FIGURE S10. Instructions score over generations. Error bars indicate standard errors
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FIGURE S11. Link between instructions and wheel speed (the best of the last two trials)
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FIGURE S12. Link between instructions and understanding
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FIGURE S13. Link between scientific language and number of pieces of theoretical information
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FIGURE S14. Link between scientific language and number of pieces of practical information
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FIGURE S15. Scientific language score over generations. Error bars indicate standard errors
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FIGURE S16. Link between scientific language and wheel speed (the best of the last two trials)
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FIGURE S17. Link between scientific language and understanding
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TABLE S1. Wheel Speed as a Function of Generation

Estimate SD L95% U95% p

Intercept 164.58 1.19 161.95 167.02 <.001

Generation 2.82 0.30 2.12 3.39 <.001

Model. Wheel speed ~ Generation + (1|Condition) + (1|Chain’s identity).

TABLE S3. Understanding as a Function of Wheel Speed

Estimate SD L95% U95% p

Intercept –19.51 10.09 –38.18 2.83 .053

Wheel speed 0.69 0.06 0.56 0.80 <.001

Model. Understanding ~ Wheel speed + (1|Condition) + (1|Generation) + (1|Chain’s identity).

TABLE S2. Understanding as a Function of Generation

Estimate SD L95% U95% p

Intercept 92.47 1.65 89.07 95.85 <.001

Generation 2.51 0.46 1.56 3.49 <.001

Model. Understanding ~ Generation + (1|Condition) + (1|Chain’s identity).

TABLE S4. Number of Pieces of Information as a Function of Number of Characters

Estimate SD L95% U95% p

Intercept –1.43 0.34 –2.13 –0.77 <.001

Number of characters 0.03 0.01 0.02 0.03 <.001

Model. Number of pieces of information ~ Number of characters + (1|Condition).

TABLE S5. Number of Pieces of Information as a Function of Type of Information

Estimate SD L95% U95% p

Intercept 2.30 0.15 2.00 2.59 <.001

Theoretical information –0.40 0.19 –0.78 –0.03 .036

Model. Number of pieces of information ~ Type of information + (1|Condition) + (1|Participant’s identity) + (1|Number of characters).
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TABLE S10. Instructions Score as a Function of Wheel Speed

Estimate SD L95% U95% p

Intercept –21.20 5.38 –32.19 –10.26 <.001

Wheel speed 0.19 0.03 0.13 0.25 <.001

Model. Instructions score ~ Wheel speed + (1Generation) + (1|Condition) + (1|Chain’s identity).

TABLE S7. Instructions Score as a Function of Number of Pieces of Practical Information

Estimate SD L95% U95% p

Intercept 9.60 0.86 7.97 11.29 <.001

Practical information 0.98 0.22 0.58 1.40 <.001

Model. Instructions score ~ Number of pieces of practical information + (1|Condition) + (1|Generation) + (1|Chain’s identity).

TABLE S9. Instructions Score as a Function of Generation

Estimate SD L95% U95% p

Intercept 9.45 0.85 7.86 10.90 <.001

Generation 0.79 0.24 0.30 1.30 <.001

Model. Instructions score ~ Generation + (1|Condition) + (1|Chain’s identity).

TABLE S6. Position of the Piece of Information as a Function of Type of Information

Estimate SD L95% U95% p

Intercept 2.61 0.15 2.27 2.93 <.001

Theoretical information 1.08 0.16 0.76 1.39 <.001

Model. Position of the piece of information ~ Type of information + (1|Condition) + (1|Participant’s identity).

TABLE S8. Instructions Score as a Function of Number of Pieces of Theoretical Information

Estimate SD L95% U95% p

Intercept 11.80 0.79 10.17 13.44 <.001

Theoretical information 0.01 0.14 –0.27 0.30 .93

Model. Instructions score ~ Number of pieces of theoretical information + (1|Condition) + (1|Generation) + (1|Chain’s identity).
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TABLE S13. Scientific Language Score as a Function of Number of Pieces of Practical Information

Estimate SD L95% U95% p

Intercept 1.73 0.46 0.79 2.69 .012

Practical information –0.23 0.12 –0.45 0.01 .057

Model. Scientific language score ~ Number of pieces of practical information + (1|Condition) + (1|Generation) + (1|Chain’s identity).

TABLE S11. Instructions Score as a Function of Understanding

Estimate SD L95% U95% p

Intercept –3.05 2.31 –7.52 1.41 .19

Understanding 0.15 0.02 0.10 0.19 <.001

Model. Instructions score ~ Understanding + (1Generation) + (1|Condition) + (1|Chain’s identity).

TABLE S12. Scientific Language Score as a Function of Number of Pieces of Theoretical Information

Estimate SD L95% U95% p

Intercept –0.01 0.31 –0.69 0.67 .97

Theoretical information 0.65 0.06 0.54 0.77 <.001

Model. Scientific language score ~ Number of pieces of theoretical information + (1|Condition) + (1|Generation) + (1|Chain’s identity).

TABLE S14. Scientific Language Score as a Function of Generation

Estimate SD L95% U95% p

Intercept 1.22 0.50 0.25 2.19 .034

Generation –0.01 0.13 –0.25 0.25 .98

Model. Scientific language score ~ Generation + (1|Condition) + (1|Chain’s identity).

TABLE S15. Scientific Language Score as a Function of Wheel Speed

Estimate SD L95% U95% p

Intercept –1.91 2.94 –7.77 3.79 .52

Wheel speed 0.02 0.02 –0.01 0.05 .29

Model. Scientific language score ~ Wheel speed + (1Generation) + (1|Condition) + (1|Chain’s identity).
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TABLE S18. Inertia Exploration Score as a function of Inertia Instructions Score Inherited

Estimate SD L95% U95% p

Intercept 14.88 2.59 9.94 19.81 <.001

Inertia_Inherited –0.21 0.33 –0.85 0.42 .51

ConditionConfigurations+Theory –3.61 3.22 –9.90 2.62 .26

ConditionSpeed-Only 12.42 3.55 5.40 19.22 <.001

Inertia_Inherited:ConditionConfigurations+Theory 0.61 0.45 –0.26 1.49 .18

Inertia_Inherited:ConditionSpeed-Only 0.18 0.45 –0.68 1.08 .69

Model. Inertia exploration score ~ Inertia instructions score inherited*Condition + (1Generation) + (1|Chain’s identity).

TABLE S17. Similarity Score as a Function of Type of Similarity and Condition

Estimate SD L95% U95% p

Intercept 28.34 0.89 26.54 29.90 <.001

TypeWithin 5.51 0.62 4.35 6.71 <.001

ConditionConfigurations+Theory 0.81 1.15 –1.62 2.94 .48

ConditionConfigurationsExp1 2.40 1.15 0.27 4.87 .04

ConditionConfigurationsExp2 –0.52 1.15 –2.52 1.76 .65

ConditionConfigurations+Noise –1.85 1.15 –0.34 4.19 .11

ConditionSpeed-Only –1.08 1.15 –3.28 1.09 .35

TypeWithin:ConditionConfigurations+Theory –0.40 0.88 –2.16 1.24 .65

TypeWithin:ConditionConfigurationsExp1 –2.63 0.88 –4.24 –1.05 .003

TypeWithin:ConditionConfigurationsExp2 –1.75 0.88 –3.47 –0.28 .047

TypeWithin:ConditionConfigurations+Noise –3.03 0.88 –4.84 –1.32 <.001

TypeWithin:ConditionSpeed-Only –5.87 0.88 –7.61 –4.18 <.001

Model. Similarity score ~ Type of similarity*Condition + (1Generation) + (1|Chain’s identity).

TABLE S16. Scientific Language Score as a Function of Understanding

Estimate SD L95% U95% p

Intercept 1.84 1.31 –0.73 4.38 .16

Understanding –0.01 0.01 –0.03 0.02 .62

Model. Scientific language score ~ Understanding + (1Generation) + (1|Condition) + (1|Chain’s identity).

316  •  OSIURAK ET AL.

AJP 137_3 text longer.indd   316AJP 137_3 text longer.indd   316 12/13/24   2:28 PM12/13/24   2:28 PM



TABLE S19. Inertia Exploration Score as a Function of Center-of-Mass Instructions Score Inherited

Estimate SD L95% U95% p

Intercept 17.45 2.79 12.15 22.78 <.001

CoM_Inherited –0.61 0.33 –1.27 0.02 .07

ConditionConfigurations+Theory –3.54 3.47 –10.34 3.11 .31

ConditionSpeed-Only 7.39 3.34 0.89 13.85 <.001

CoM_Inherited:ConditionConfigurations+Theory 0.53 0.47 –0.37 1.44 .26

CoM_Inherited:ConditionSpeed-Only 1.14 0.50 0.16 2.12 .026

Model. Inertia exploration score ~ Center-of-mass instructions score inherited*Condition + (1Generation) + (1|Chain’s identity).

TABLE S20. Center-of-Mass Exploration Score as a Function of Inertia Instructions Score Inherited

Estimate SD L95% U95% p

Intercept 8.90 2.43 4.31 13.50 <.001

Inertia_Inherited –0.01 0.32 –0.62 0.61 .99

ConditionConfigurations+Theory –3.25 3.44 –9.86 3.29 .35

ConditionSpeed-Only –0.11 3.64 –7.03 7.03 .97

Inertia_Inherited:ConditionConfigurations+Theory –0.32 0.46 –1.19 0.56 .48

Inertia_Inherited:ConditionSpeed-Only –0.09 0.44 –0.97 0.74 .83

Model. Center-of-mass exploration score ~ Inertia instructions score inherited*Condition + (1Generation) + (1|Chain’s identity).

TABLE S21. Center-of-Mass Exploration Score as a Function of Center-of-Mass Instructions Score Inherited

Estimate SD L95% U95% p

Intercept 9.42 2.68 4.22 14.61 <.001

CoM_Inherited –0.09 0.33 –0.74 0.57 .79

ConditionConfigurations+Theory –6.24 3.68 –13.31 1.08 .09

ConditionSpeed-Only –1.47 3.52 –8.39 5.34 .68

CoM_Inherited:ConditionConfigurations+Theory 0.21 0.47 –0.74 1.14 .65

CoM_Inherited:ConditionSpeed-Only 0.12 0.50 –0.83 1.17 .80

Model. Center-of-mass exploration score ~ Center-of-mass instructions score inherited*Condition + (1Generation) + (1|Chain’s identity).
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