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1. Introduction 
Causal learning played a key role in both individual lifetime and common history of 
human beings by providing a set of frameworks to delineate causes and effects, together 
with directed relationships among them. It is the discovery of causal relations from causal 
learning that made it possible for individuals to manipulate causes. In recent decades, 
mechanisms of causal learning have been widely concerned(Cheng, 1997; Thomas L. 
Griffiths & Tenenbaum, 2005, 2009; Steyvers, Tenenbaum, Wagenmakers, & Blum, 
2003). A large amount of works has explored key properties of causal learning, such as 
parameter estimation(Allan, 1980; Cheng, 1997; Lu, Yuille, Liljiholm, Cheng, & 
Holyoak, 2007; Yeung & Griffiths, 2015), and structure(Thomas L. Griffiths & 
Tenenbaum, 2005; Rottman & Hastie, 2014; Waldmann & Holyoak, 1992). For example, 
Cheng’s PC power model(Buehner, Cheng, & Clifford, 2003; Cheng, 1997), which 
originated from idea of ∆P in 1965(Jenkins & Ward, 1965), integrated fine-grained 
information of presence and absence of objects to model the processes of causal strength. 
Griffiths and Tenenbaum, on the other hand, tested the contribution of causal structure 
during inference by proposing causal support theory(Thomas L. Griffiths & Tenenbaum, 
2005). With help of structure knowledge, causal strength computing could therefore work 
beyond limitation of specific structures (e.g. causal power is limited to noisy-OR 
function). 
What be in along with the increasing studies concerning causal reasoning is the 
introduction of Bayesian principles into cognition field. Previous studies have suggested 
that many constituents of human cognition, including categorization, decision-making, 
social cognition as well as causal reasoning we put a focus on at present, approximately 
follow Bayesian principle in processes(Chater, Oaksford, Hahn, & Heit, 2010; Thomas L 
Griffiths, Kemp, & Tenenbaum, 2008). In addition to the general principle, Bayesian 
networks (also known as causal graphical) model provided a specific framework for 
causal learning within representing causes and effects as nodes, and directed relationship 
as directed arrows among them(Pearl, 2000). Furthermore, it also provided a convenient 
way to simulate the effects of interventions, which are acted by learners intentionally and 
provide more information than pure observation, by leaving specific value of nodes free 
to be intervened.  
As shown in previous studies, children have ability to learn causal relations from a young 
age(Gopnik et al., 2004; Gopnik, Sobel, Schulz, & Glymour, 2001; Gweon & Schulz, 



2011). For example, Gopnik and colleagues used series studies with original paradigm, 
namely blicket detector, to explore the causal ability in 30-month-old children. They 
found that the causal learning of those children could make use of conditional 
independence information and distinguishable from pure operant conditioning, 
trial-and-error learning, association and imitative learning(Gopnik et al., 2001). After 
making up the gap between predictions and actions by utilization of eye movements, 
causal ability could even be traced to age beyond 12 months(Sobel & Kirkham, 2007). 
Subsequent studies also suggested that the causal learning of children benefited from 
interventions of their own(Gopnik et al., 2004; Schulz, Gopnik, & Glymour, 2007) which 
was consistent with results of adults(Sobel & Kushnir, 2003). Furthermore, the processes 
of children were also claimed to be approximate Bayesian inference(Sobel, Tenenbaum, 
& Gopnik, 2004). 
When holding the fact that both adults and children make causal learning in accord with 
Bayesian principle, the previous studies also explored the developmental differences 
among different age groups. In Sobel and colleague’s work, 3-year-olds, compared with 
those one year older than them, showed inferior ability to demonstrate backwards 
blocking(Sobel et al., 2004). As for one-year older children, though 4-year-olds learned 
causal structures mostly in consistent with Bayesian principle, they also deviated from it 
sometimes, unlike what the paralleling adults did in similar contexts(Thomas L. Griffiths, 
Sobel, Tenenbaum, & Gopnik, 2011). Given more learning experience(Hoch & Tschirgi, 
1985) and system maturity, together with increasing working memory capacity and 
executive functions(Blakemore & Choudhury, 2006; Luna, Garver, Urban, Lazar, & 
Sweeney, 2004), it was not surprise to find the advance results of older participants. In 
contrast, what challenge commonsense about causal learning are the results of those 
younger ones getting better grades. 
For example, Lucas and colleagues used similar blicket detector paradigm to test children 
(4- and 5-year-olds) in disjunctive reasoning and conjuctive reasoning. Though remained 
approximate performance in disjunctive reasoning, which claimed to be more usual in 
daily lives, adults performed inferiorly than children in conjunctive condition(C. Lucas, 
Gopnik, & Griffiths, 2010; C. G. Lucas, Bridgers, Griffiths, & Gopnik, 2014). What 
might contribute to the differences between adults and children, as claimed by Lucas, is 
how flexible they see the world. As experienced causal learners, adults were assumed to 
focus more on priors, namely disjunctive and deterministic reasoning pattern in their 
studies. However, they also thought that different ways reacting to new evidences derived 
by internalized and current circumstances contributed to the diffuse expectation of 
gains(C. G. Lucas et al., 2014). Similar developmental trajectory was also found between 
younger and older children. In Walker’s series studies, though 18-30-month-olds were 
capable to infer “same” and “different” concepts, 36-48-month-olds failed in this 
relational causal reasoning. Older children, like adults in Lucas and colleagues’ studies, 
were also constrained in judgments by their own priors, as the researchers 
claimed(Walker, Bridgers, & Gopnik, 2016; Walker & Gopnik, 2014). The priors’ 



influence of older ones in causal reasoning is in consistent with results of other field 
(Defeyter & German, 2003). 
As in hypotheses development theory, the contrasts between older and younger ones 
mentioned above have been contributed to two phases, namely information search, and 
information interpretation. Though interlaced with each other partly, these two phases 
focus on different points of timeline: information search strategies determine which kinds 
of objects are more likely to observe or intervene on to match the hypotheses, while the 
information interpretation influences following phase more directly on how combine the 
recent observation with priors. At present study, opportunities to intervene will be 
provided in the information search process only, in order to clarify the confusing effects. 
In other words, learning properties like forgetfulness and conservatism, though being 
important in information interpretation of causal learning, will not present in this context. 
The contrasts between older and younger ones we mentioned above suggest a unique role 
of overhypothesis in explaining the inferior performances of older ones(Kemp, Perfors, & 
Tenenbaum, 2007). It seems not because of less amount of knowledge, but more 
knowledge instead, that made them focus more on specific hypotheses in information 
search phase, rather than the overall potential hypotheses in space. However, it is still 
unclear to what extent the tendency guides inference, and how it function during causal 
learning. Therefore, we provide another overhypotheses model to capture the way 
participants learn about causal structures, in which hypotheses refer to different 
computing tendencies people used and overhypotheses refers to the preference to those 
tendencies. In another word, the overhypotheses in the current study refer to the 
internalized cognition of which kinds of methods function most efficiently in the task.  
The problem we intend to shed insight on in the current study is whether people of 
different ages have different overhypotheses towards computing tendencies in causal 
learning. Furthermore, we also wanted to explore how could those overhypotheses help 
explain the constraints of older ones, and whether the constraints can be overcame.  
We followed the methods of Coenen and colleague, in which adults were proved to learn 
causal structures actively in response to changing payoff from confirmatory tendency to 
discriminatory tendency. (Coenen, Rehder, & Gureckis, 2015). Similar paradigm was 
implemented to younger ones in current study in order to see whether the contrasts were 
in consistent with former studies. In fact, the categorization of computing strategies is in 
line with what we have mentioned about different information search methods that 
younger and older participants might hold. To be specific, discriminatory model 
resembles the computing process of younger ones, which includes the tendency to 
consider more hypotheses under less intense circumstance. As widely used in cognition 
studies, information gain and probability gain models have been used to simulate the 
process of children, who discriminate hypotheses among potential space. Information 
gain model supposes the goal of each step of intervention or observation is minimizing 
whole uncertainty, while probability gain model supposes the goal of differentiating 



probabilities of hypotheses. We will discuss the differences between these two 
discriminatory models later in discussion, as well as other related normative principles. 
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On the other hand, positive testing strategy was used for confirmatory model(Coenen et 
al., 2015), which resembles the computing process of older ones. Though being used less 
than paralleling discriminatory models, such as information gain, positive testing strategy 
represents theories that value of objects in causal relations depends on its relative causal 
centrality, as originated from rule learning studies concerning the preference of more 
positive answers.  

𝑃𝑇𝑆(𝑎) = 𝑚𝑎𝑥g[
𝐷𝑒𝑠𝑐𝑒𝑛𝑑𝑎𝑛𝑡𝐿𝑖𝑛𝑘n,g

𝑇𝑜𝑡𝑎𝑙𝐿𝑖𝑛𝑘𝑠g
] 

When function with positive testing strategy, in line with what we assumed that older 
ones do, people tend to confirm whether specific hypothesis is able to make sense, find 
evidences that are more likely to support it, and stop when the answer is at least 
somewhat positive, regardless of potential better explanations from other hypotheses.  
In order to explore to what extent participants infer in accordance with alternative models, 
hierarchical Bayesian models were used to capture the overhypotheses. τ (τi~Gamma(α,β)) 
and θ (θi~(µκ,(1-µ)κ)) are used to determine the degree of guessing rather than 
choosing(Sutton & Barto, 1998), and the degree of matching discriminatory models 
rather than confirmatory one. 

Pij =
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2. Experiments 1 
2.1 Participants 
A total of 86 participants passed the pre-test, with 27 primary students in lower grades 
(8-11-year-olds), 30 students of middle school (13-16-year-olds) and college community 
students (18-24-year-olds, except for 1 of 29-year-old). Informed consents were obtained 
from legal guardians of primary students and middle school students, as well as college 
community students themselves. Every adult who finished the experiment got 15 Chinese 
Yuan for participating, while primary students and high school students got a gift. 
Primary school students and middle school students were tested individually in their 
schools in Beijing, while college community students came to lab in Beijing Normal 



University. 
2.2 Materials and Procedure 
Participants were shown a graph including four nodes in red (“off” as default condition) 
with hidden arrows on each trial. They are asked to judge between two competing causal 
structures in black with directed arrows, which might generate the nodes and were 
presented above the red nodes in the same screen. Causal structures used nodes in 
different colors to represent binary variables – on (green) and off (red), and causal 
strength on each arrow was fixed to 0.8, which were both instructed during the training 
phase. In order to make judgments, participants were asked to intervene on those nodes 
by clicking one red node into green, and observing the possible changes of other nodes 
after a short interval (500ms). After that, nodes had to be resettled back to red with a 
click on press for next intervention. The times of intervention on each trial were not 
restricted, but participants were instructed to try as less as possible. The procedure could 
be seen specifically in Figure 1(b). Before the formal experiment, participants received 
short training phase and pre-test (4 trials) to prove that they understood the requirement 
of the test (see in Figure 1(a)). In order to help participants master the basic rules, causal 
strength was 1 and only three nodes formed structures in training phase. Besides, there 
will be no feedback after trials in both conditions. 
 

Figure 1 Procedure of Training Phase (a) and Formal Test (b) 
As for competing causal structure pairs, they originated from Experiment 2 of Coenen 
and his colleagues’ study (2015) with some adjustment (item 10 and 16 in PTS negative 
condition were changed to novel pairs in order to fulfill the requirement). First twenty 
pairs in task 1 were in accordance with PTS equivalent condition (see Figure 2 for 
examples), in which pairs are distinguished by PTS (92.35%) as efficiently as 
information gain (97.74%) or probability gain (97.74%). In such condition, participants 
are allowed to follow their initial preference, namely default strategy. Trials in task 2, 
however, with increased similarity of structures (as Figure 3 shown), encouraged 
participants to use more discriminatory methods, in which PTS could not longer solve the 
problem efficiently (61.29%) as what information gain (85.62%) or probability gain 
(86.20%) could.  



Figure 2 Causal Structures of Task 1 (PTS equivalent) 

Figure 3 Causal Structures of Task 1 (PTS Negative) 



2.3 Results 
Firstly, we found that all groups performed above chance significantly in both task 
conditions (all p<.001). As for the contrast among groups, significant main effect 
appeared in both conditions (Equivalent: F(2,83)=5.23, p<.01; Negative: F(2,84)=10.69, 
p<.001), and LSD post hoc analysis supported that correct rates of college group were 
significantly higher than those of the other two groups in both conditions, as shown in 
Figure 4(a) (Equivalent: MD(3-1)=.09, p<.05, MD(3-2)=.12, p<.01; Negative: 
MD(3-1)=.16, p<.001, MD(3-2)=.09, p<.01). 
In line with the analysis of accuracy, answer time (per trial) and intervention times (per 
trial) were analyzed. As Figure 4(b) and Figure 4(c) shown, main effects of answer time 
and intervention times reached significance in both condition (Answer time of Equivalent: 
F(2,83)=20.23, p<.001; Answer time of Negative: F(2,83)=3.92, p<.05; Intervention 
times of Equivalent: F(2,83)=9.18, p<.001; Intervention times of Negative: F(2,83)=4.29, 
p<.05). As for answer time, LSD Post hoc analysis revealed that the differences between 
each pair of groups reached significance in task 1(MD(3-1)=-3.99, p<.001; 
MD(3-2)=-2.28, p<.001; MD(2-1)=-1.71, p<.01), but only that of primary school students 
and college students in task 2 did so (MD(3-1)=-1.76, p<.01). While on the intervention 
times, only primary school students intervened significantly more than the others in both 
condition (Equivalent: MD(3-1)=-.85, p<.001, MD(2-1)=-.65, p<.01; Negative: 
MD(3-1)=-.49, p<.01, MD(2-1)=-.42, p<.05). 
In addition to outcomes as predicted, there were contrasts that deviate from the 
expectation. Though the fact that correct rate decreased in all three groups (reached 
significant in children (T(26)=3.15, p<.01) and adults (T(28)=3.36, p<.01), while not in 
adolescents (T(29)=1.47, p=.15)) on the basis of practice effects, the change tendencies 
of answer time and intervention times among three age groups diverged: primary school 
students got shorter answer time (T(26)=2.51, p<.05); middle school students remained 
(T(26)=1.16, p=.26); university students got a longer time (T(26)=-2.71, p<.05). (As the 
tendencies of intervention times was all in line with answer time, they were not reported 
here). 
Models were fitted with maximum-likelihood estimation of participants’ choices. As the 
training phase had asked to intervene less given guaranteed answers, and the results also 
showed that participants did so, we only took the first intervention as choices in model fit 
process. The results showed both models we used had significantly higher fit than 
random choices model. As for the models with information gain or probability gain, 
though remaining insignificant in Equivalent condition, model with probability gain 
outperformed information gain in Negative Condition (as shown in Table 1). Therefore, 
combined model of probability gain and positive testing strategy was used in next phase. 



  Equivalent T Sig Negative T Sig 
Primary Information 

Gain + PTS 
1063.50  0.58  0.57  

968.13  

2.17  0.04* 

Probability Gain 
+ PTS 

1063.49  
968.00  

Random Choice 1088.69    1088.70    
Middle Information 

Gain + PTS 
996.64  - - 1063.79  4.56  0.000*** 

Probability Gain 
+ PTS 

996.64  1063.14  

Random Choice 1098.76    1106.15    
University Information 

Gain + PTS 
990.68  - - 1062.01  4.61  0.000*** 

Probability Gain 
+ PTS 

990.68  1061.34  

Random Choice 1107.75    1105.83    
Table 1 Comparison of Bayesian Information Criterion in Exp 1 

 
Now we move on to the estimated parameters of hierarchical Bayesian model. Based on 
results of one-way ANOVA analysis, differences among three groups in extent of 
guessing (tau) remained the same in both conditions (Equivalent: F(2,83)=1.30, p=.28; 
Negative: F(2,83)=.09, p=.91). While differences of intervention tendency (theta) 
remained insignificant only in task 1 (default Equivalent condition; F(2,83)=1.20, p=.31), 
they reached significant in Negative condition (F(2,83)=12.65,p<.001). Post hoc analysis 
(LSD) suggested that the differences between each pair of groups was significant, with 
university group holding the highest theta values and primary school group holding the 
lowest values (MD(3-1)=.56, p<.001; MD(3-2)=.32, p<.01; MD(2-1)=.23, p<.05). 
Distributions of theta, controlled by second-order parameters were shown in Figure 5(a) 
and 5(b).  
Furthermore, paired-samples T test revealed that only adolescents and adults group had 
significantly changed overhypotheses of the choices of intervention from task 1 to task 2 
(Children: T(26)=-.72, p=.48; Adolescents: T(29)=-2.41, p<.05; Adults: T(28)=-9.30, 
p<.001). However, after dividing the whole experiment into 4 phases, automatic changes 
from positive testing strategy to discriminative strategy both emerged in adolescents and 
adults groups during task 1 (Adolescents: T(29)=-2.76, p=.01; Adults: T(28)=-2.27, 
p<.05). Furthermore, increase between phase 2 of Equivalent condition and phase 1 of 
Negative condition in adults group was also significant (T(28)=-3.20, p<.01). The 
tendencies of three groups were shown in Figure 6(a). 
2.4 Discussion 
As the results shown, the correct rate increased and the answer time decreased with 
growth as expected. In task 1 where two alternative strategies both worked efficiently, 



though all three groups had relative extreme preferences to positive testing strategy, 
primary school students and middle school students also intervened some discriminative 
nodes (though not significant). However, in condition where positive testing strategy no 
longer worked well, the university group showed the most adaptive change, even though 
the other two groups also altered the overhypotheses in response to the conditions. 
Furthermore, even if the condition remained the same in task where both kinds of 
strategies worked well, the overhypotheses themselves altered automatically in 
adolescents and adults groups, which suggest that narrower overhypotheses towards 
confirmatory strategy may serve as initial attempts. 
When focus on the results above, it was in consistent with the prediction, as well as the 
common sense, that adults own more advanced ability and be more adaptive in dealing 
with causal reasoning tasks like those in current experiment. However, the comparison of 
answer time and intervention times between task conditions revealed a strange 
phenomenon: In task 2, where trials were assumed to be harder and thus needed more 
time-exhausting strategies to solve, primary students and middle school students actually 
spent less time and intervened on fewer nodes.  
There could be two explanations. Firstly, children and adolescents could probably not get 
familiar with the operation enough in pre-test, therefore spent more time on adaptation of 
operation procedure. The second one, on the other hand, lies in the strategy configuration 
of children and adolescents. As inferior performers in task 2, participants of primary 
schools and middle schools might still take use of positive testing strategy originated 
from task 1, leading the assumption of longer time of discriminative strategies 
unwarranted. Though those two explanations are not competing, it is still unclear that to 
what extent that children and adolescents can be forced to master discriminative 
strategies without residual influences of recent successful experience of positive testing 
strategy.  
Therefore, in order to explore the initial reaction to trials, which force discriminative 
strategies, and tested the opposite adaptive ability among three groups, we resettled the 
order of task condition in Experiment 2. 
 
3. Experiment 2 
3.1 Participants 
Criterion and reward for participants in Experiment 2 were the same as those of 
Experiment 1, except that only 26 (children), 22 (adolescents) and 24(adults) were 
recruited and passed pre-test in each group. 
3.2 Materials and Procedure 
The materials and the way they were represented to participants were also the same as 
Experiment 1. However, the order of task conditions would be opposite. In other words, 
participants of this experiment would firstly deal with problems, which could not be 
solved efficiently with positive testing strategy, and move to default condition next, with 
notice after task 1 (Negative condition in Experiment 2) remaindering that the time of 



task 2 was restricted to two third of task 1. 
3.3 Results 
The results of one-way ANOVA analysis in correct rate revealed significant or 
marginally significant main effects in both conditions again (Negative: F(2,69)=3.05, 
p=.054; Equivalent: F(2,69)=3.64, p<.05). The differences in post hoc analysis, not 
exactly the same as Experiment 1, only emerged between primary school students and 
college students in both condition (Negative: MD(3-1)=.06, p<.05; Equivalent: 
MD(3-1)=.04, p<.05). Be in the same analysis method with correct rate, the results of 
answer time also revealed significant main effects in both conditions (Negative: 
F(2,69)=8.77, p<.001; Equivalent: F(2,69)=16.43, p<.001), with significant differences 
between primary school students and university students in negative condition 
(MD(3-1)=-4.12, p<.001), and between all three group pairs in equivalent condition 
(MD(3-1)=-2.40, p<.001; MD(3-2)=-1.17, p<.01; MD(2-1)=-1.23, p<.01). Intervention 
times, however, remained insignificant in both conditions (Negative: F(2,69)=.92, p=.40; 
Equivalent: F(2,69)=.07, p=.93), which were relative different from Experiment 1. 
Comparisons between two tasks in these three indexes (correct rate, answer time and 
intervention times), as indicated by paired-samples t test, all reached significant level in 
three groups (Except for middle school students reached marginally significant in correct 
rate: T(21)=-1.95, p=.06). Specific tendencies are shown in Figure 4(d)(e)(f). 
In order to compare with results of Experiment 1 and equivalent condition in Experiment 
2, we still took the first intervention choices into model fitting, even though all groups 
had mean intervention times beyond two. As paired-samples t test indicated, combined 
model with probability gain outperformed the one with information gain in data of 
middle school students in equivalent condition, and those of university students in both 
conditions (as Table 2 shown), which were in line with mode fit results of Experiment 1. 
Other comparison between combined models and random model were again reached 
significant, but remained insignificant with each other. Therefore, we took the estimated 
parameters from combined model with probability into further analysis.



 
  Equivalent T Sig Negative T Sig 
Primary Information 

Gain + PTS 
1020.09  1.72  0.09  

997.44  

1.44  0.16  

Probability Gain 
+ PTS 

1020.05  
997.41  

Random Choice 1059.93    1106.87    
Middle Information 

Gain + PTS 
984.62  1.10  2.84  1047.10  0.41  0.169  

Probability Gain 
+ PTS 

984.62  1046.93  

Random Choice 1077.58    1110.36    
University Information 

Gain + PTS 
1002.10  - - 1081.38  0.96  0.000*** 

Probability Gain 
+ PTS 

1002.10  1080.71  

Random Choice 1103.84    1105.15    
Table 2 Comparison of Bayesian Information Criterion in Exp 2 

 
As for strategy distributions, the main effects of theta reached significant in negative 
conditions (Negative: F(2,69)=15.85, p<.001; Equivalent: F(2,69)=.19, p=.83), with 
significant difference between college group and the other groups indicated by post hoc 
tests. As for analysis of paired-samples t test (MD(3-1)=.61, p<.001; MD(3-2)=.48, 
p<.001), significant change in strategy use only emerged in university group (T(23)=6.40, 
p<.001). Distributions of theta, controlled by second-order parameters were shown in 
Figure 5(c) and 5(d). 
After dividing two tasks in Experiment 2 into 4 phases, as Experiment 1 did, decreasing 
tendencies between phase 2 and phase 3 of all three groups reached significant or 
marginally significant level (Children: T(25)=1.93, p=.65; Adolescents: T(21)=3.07, 
p<.01; Adults: T(23)=7.15, p<.001). Moreover, preference to discriminative strategies of 
adolescents and adults also had a significant rise during equivalent condition, as 
Experiment 1 (Adolescents: T(21)=-2.15, p<.05; Adults: T(23)=-4.41, p<.001), as shown 
in Figure 6(b). 
Furthermore, independent-samples T test shown revealed an insignificant contrasts of 
theta between negative condition in Experiment 1 and Experiment 2 in all three groups 
(Children: T(51)=.34, p=.74; Adolescents: T(50)=1.07, p=.29; Adults: T(51)=-.15, p=.88), 
as well as Figure 5(b) and Figure 5(c) indicated. 
3.4 Discussion 
Insignificant contrasts between negative conditions of two experiments in all three groups 
ruled out the possibility that the remaining preference to confirmatory strategies of 
children and adolescents in Experiment 1 was due to previous task. Instead, though 



holding wider overhypotheses upon useful methods, they were more maladaptive in 
response to contingency tradeoff. To summarize, decreased answer time and intervention 
times, as well as less theta change in Experiment 1, together with the insignificant theta 
change in Experiment 2, all supported the argument above.  
However, a more dynamic perspective from 4 phases analysis revealed that children and 
adolescents, especially adolescents, could also alter their overhypotheses in response to 
the tradeoff in different pattern with adults, as condition had changed. In fact, contrasts 
between phase 3 and phase 4 in Experiment 2 replicated the results of what between 
phase 1 and phase 2 in Experiment 1, which suggest an automatic adjustment in 
overhypotheses. Though remaining unclear how participants from different ages 
understand the demand of tasks, the automatic change supported that the constraints of 
older ones in overhypotheses might be overcame by awareness of situation in real time.



 
Figure 4 Basic comparisons in Exp 1 and Exp 2



 
Figure 5 Theta distributions in Exp 1 and Exp 2 

 

Figure 6 Dynamical theta change in Exp 1 and Exp 2 
 
4. General discussion 
As mentioned in the introduction, two questions that this study helps solve are: 
Whether people of different age hold different overhypotheses in information search of 
causal learning? How can overhypotheses explain the constraints of older ones, and how 



can the constraints be overcome? 
The answer of the first question is positive. Participants of different age hold different 
overhypotheses. To be specific, younger ones hold overhypotheses mixed with more 
discriminatory strategies, while older ones’ overhypotheses are more approximate to pure 
confirmative strategy. Though inferior performances of older ones did not emerge in 
present study, the relative extreme preference to confirmative strategy of them was 
supported, which may help explain the constraints during information search phase.  
At the same time, however, older ones’ overhypotheses were suggested to be more 
adaptive to contingency payoff than youngers. This finding replicated the results of 
Coenen’s and highlighted the possibility that the extreme preference to confirmative 
strategy is free to alter, and therefore adapt to changing perceived conditions.  
Before coming to the conclusion, there remain other issues worth to be discussed.  
4.2 Confirmation preference 
Positive test strategy has long been advocated to represent confirmation bias(Klayman, 
1995). When following such principle, people are supposed to examine evidences where 
the results are hypothesized to be present. While PTS is regarded as easier strategy 
guided by narrower overhypotheses in this work, it works adaptively in some situations. 
For example, Klayman and Ha have suggested positive test strategy as default heuristic in 
general conditions (where P(h)<.5, P(h)≈P(t))(Klayman & Ha, 1987), other studies have 
also regarded it as adaptive default strategy, especially in conditions where hypotheses 
are sparse and deterministic(Austerweil & Griffiths, 2008; Bramley, Lagnado, & 
Speekenbrink, 2015; Coenen et al., 2015; Navarro & Perfors, 2011).  
Furthermore, even in situations where positive test strategy served as predominate 
strategy, successful problem solvers were more likely to distinguish explicit alternative 
hypotheses(Klayman & Ha, 1989), which resembled the principle of discriminative 
strategies. Decreasing proportion of PTS use within one task of Experiment 1 and 
Experiment 2 in current study also suggest that PTS might serve as a role of initial 
attempt. In addition to the default strategy, people also have the intuition to discriminate 
alternatives. 
Furthermore, simplicity preference does not isolate adults as its processors alone： 
children might also hold confirmatory strategy as a basis(Bonawitz & Lombrozo, 2012), 
as Figure 5(a) indicated. 11-month-olds’ resource-constraints were claimed to even help 
them avoid dilution effect, compared with adults, by simply maximizing rewards 
regardless of probability match(Yurovsky, Boyer, Smith, & Yu, 2013). After all, the 
reasons for holding confirmatory strategy as default are diverse, including cognitive 
limitation, motivation level, and even self-consistency requirement(Klayman, 1995). 
Therefore, it is not surprise to find that the trajectory of development in overhypotheses 
failed to be linear. 
4.3 Normative functions 
Within the field of discriminatory strategies, there have also failed to reach a complete 
consensus about how different normative functions simulate causal learning in different 



contexts. 
In fact, several normative functions, rather than the two we mentioned earlier, have been 
concerned in Bayesian optimal-experimental-design (OED) framework to simulate 
information search of human from discriminative perspective, including diagnosticity, 
log diagnosticity, KL distance, impact and utility gain(Bramley et al., 2015; Nelson, 2005, 
2008; Nelson, McKenzie, Cottrell, & Sejnowski, 2010). However, though different 
measures do reach agreement on the majority of useful queries, they contradict as well. 
To be specific, diagnosticity and log diagnosticity have been proved to be consistent 
suboptimal with respect to the other norms(Nelson, 2005), and have serious flaws. Firstly, 
diagnosticity and log diagnosticity are unbounded, which means regarding one question 
(or intervention in this context) as infinitely useful when its possible answer (or result in 
this context) can rule out one of hypotheses, even if the possibility of that answer is very 
low(Nelson, 2008). As for the rest, lacking of additive property might lead impact and 
KL distance facing a strange contradiction: different values to the same queries were 
assigned for being sequentially or simultaneously asked. Furthermore, values of impact 
and KL distance, as always being nonnegative, might not be good at explaining the need 
of negative error in information search(Schultz, 1998).  
Within remaining measures, information gain, probability gain and utility gain, which 
followed the basic properties of information search process and agreed with majority 
results of measures mostly, divergence again did emerge(Nelson, 2005). Because fixed 
payoffs were assigned to individual trials, the utility gain of the current study was the 
same as probability gain. Therefore, the following discussion will focus on the 
comparison between information gain and probability gain. 
In order to clarify among these functions, it will be beneficial to step back to look at the 
paradigm we followed at present study. Though differing in background information, 
intervention approach, or some specific settings, paradigms of several studies were 
actually isomorphic(Bramley et al., 2015; Coenen et al., 2015; McCormack, Bramley, 
Frosch, Patrick, & Lagnado, 2016; Steyvers et al., 2003). Steyvers provided alien mind 
reading as the background information, but the core that participants were able to interact 
with, as well as what the following paradigm inherited, was the three-variable system that 
can be intervene on. As for later researchers, Coenen modified it to four-variable system 
with more possibilities as arouse, with computer chips as background stories; Bramley 
maximized the numbers of current hypotheses by removing possible option hints; 
McCormack and colleagues then realized the paradigm into material version, in order that 
the paradigm was accessible to young children (5-8-year-olds).  
In Bramley and colleagues’ experiment, in which 12 interventions were required to do in 
one trial, both the highest expected grades and the majority participants that were best 
described by information gain highlighted the its advantage in long-term learning. Except 
for Steyvers’ work, with information gain as normative function only, Coenen and 
McCormack simulated the results with probability gain as well. While probability gain 
had “qualitatively the same results” with information gain in McCormack’s, it failed to 



come up with information gain in Coenen’s work. However, there was also evidence that 
probability gain outperformed information gain in both instructed and experienced 
classification tests, where participants even held indifferent to features with different 
information gain given the same probability gain(Nelson et al., 2010).  
To summarize the divergence between two functions, we infer probability gain, though 
functions in Bayesian way, to be more like confirmation. As Bramley has argued, 
compared with information gain (for which named as scholar), probability gain favors 
nodes to confirm or disconfirm the current hypotheses(Bramley et al., 2015). Though 
results have distinguished it from general confirmative strategies, probability gain might 
indeed require less demanding calculation cost. Therefore it was favored by participants 
of the current study involved four-variables and Nelson’s one-shot learning test(Nelson et 
al., 2010).  
In addition, compared to results of Coenen’s work(Coenen et al., 2015), the result of 
Equivalent and Negative conditions both distributed more extremely than those of 
Experiment 2 in Coenen’s work. Two reasons could probably contribute to the 
differences. Firstly, the recruited adult participants in current study were college 
community members including undergraduate school students and graduate students (M 
= 20.23 years, SD = 2.40), while the Coenen’s participants had a wider age range (M = 
34.3 years, SD = 12). The second reason, came to the task condition itself, was that PTS 
negative and PTS equivalent condition were used as training phase in Coenen’s work, 
while play as the formal test in this experiment. The formal results of strategies 
combination in Coenen’s were originated from Equivalent condition with three variables. 
When there is one more node, the process to calculate expected condition between graphs 
became more complicated, which might lead participants to use easier strategy as default. 
4.4 Future direction 
Both current study and previous researches(McCormack, Frosch, Patrick, & Lagnado, 
2015; Yurovsky et al., 2013) have not succeeded in controlling the motivation levels of 
participants in different ages, with adults getting monetary rewards or credit of courses, 
while younger ones getting gifts. However, it will be helpful to rule out the influence of 
motivation levels, in order to magnify the little the divergence among normative 
functions might be at the beginning of information search. Furthermore, pattern of 
hypothesis endorsement were also claimed to be altered in adults after receiving cathodal 
tDCS to left ventrolateral prefrontal cortex(MacDonald, 2015). Further studies involving 
neural basis may help clarify how overhypotheses were learned and used in response to 
contingency payoffs.  
5. Conclusion 
As the results suggest, people of different ages hold different overhypotheses, with adults 
own the most confirmatory tendency in spite of all age groups holding confirmation 
preference. However, the overhypotheses can also change to discriminatory tendency and 
back as the payoffs transform. 
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