Supplementary Material
S1. Study 1. Condition x Ideation and Acceptable Ideas
Ideation. With Still as the referent condition, the generalized linear mixed effects model of unique ideas generated estimated coefficients of 0.190 (95% bootstrap interval of 0.369 to 0.019) to switch to the Freedom to Move condition. 
Acceptable. With Still as the referent condition, the generalized linear mixed effects model of acceptable ideas generated estimated coefficients of 0.420 (95% bootstrap interval of 0.581 to 0.281) to switch to the Freedom to Move condition. 
Neither of the two 95% bootstrap intervals contain the null coefficient of 0. The point estimates suggest an increase when switching to the Freedom to Move condition. 
S2. Study 2. Condition x Ideation and Acceptable Ideas
Ideation. With Still as the referent condition, the generalized linear mixed effects model of unique ideas generated estimated coefficients of 0.077 (95% bootstrap interval of -0.051 to 0.453) to switch to the Usual condition, and 0.269 (95% bootstrap interval of 0.079 to 0.475) to switch to the Freedom to Move condition. 
Acceptable. With Still as the referent condition, the generalized linear mixed effects model of acceptable ideas generated estimated coefficients of 0.054 (95% bootstrap interval of -0.064 to 0.409) to switch to the Usual condition, and 0.260 (95% bootstrap interval of 0.100 to 0.457) to switch to the Freedom to Move condition. 
Most of the 95% bootstrap intervals do not contain the null coefficient of 0; the one exception is the generation of unique ideas when switching to Usual condition. The other estimates suggest an increase when switching away from the Still condition, and with point estimates being higher in the Freedom to Move condition when compared to the Usual. 
  
S3. Study 1. Comparison with OCSAI scoring
Given its prominent role in the literature, we report the relationship the current study’s novel ideas label with the OCSAI score. We used the AI version of the OSCAI to generate scores. We considered two ways of using OSCAI AI, and we detail both here. 
The first method is to use the OSCAI AI on all words in the dataset. This uses the OSCAI AI to assign higher originality scores to more novel words and lower to less novel words. This has two advantages: First, it eliminates human coding time. Second, it is more transferable between studies with more reproducibility of the scoring (e.g., it should give the same estimates of originality between studies, independent of the corpus of responses). 
The second method is to use the human coding work we did to determine the novel words using our coding scheme, and only use OSCAI AI on just the human-coded “novel” responses. This has two advantages: 1. Leveraging the human-coders, this method does not give originality codes to ideas that would not be counted as appropriate ideas in line with Guilford’s original coding scheme (recall creativity for us is “appropriate novelty.”) For example, the response of  “make money” for any of the objects would be considered too vague to count as an appropriate idea. An absurd example: for the response “make money” for a mirror, perhaps the participant meant “just sell it on the street” or the participant could imagine perhaps a person could abscond with half of a pile of money and use a mirror in its place to temporarily convince the owner of the money pile that they had all of their original pile present. From “make money” it is impossible to imagine what the participant had in mind, therefore there is no way to judge the originality of it. This is a challenge in this specific study because OSCAI AI gave the response of “make money” three different originality scores: 
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AI-generated content may be incorrect.]
There are a couple of concerns with this second method, relative to using only counts derived from human-coders. The AI scores of “originality” are not as immediately interpretable  as a simple count. Returning to the above example, it is not clear why a response of “make money” would earn more originality for a safety pin than for a brick.  Another disadvantage of this second method is that it still keeps the time/cost burden of human coders, and the challenge of scalability and reproducibility.
Results of OSCAI scoring.
We summarize the results of the OSCAI analyses using two different modeling approaches: (i) a Wilcoxon signed-rank test with matched pairs analysis (using the wilcox.test() function in R),  and (ii) a linear mixed model (using the lmer() function in R). The model is of the form:
OCSAI score_i = treatment_i,j + student_ j
where “OCSAI score_i” is the continuous variable assigned to word i, treatment_i is the treatment level student j was experiencing when they produced word i, and student_j is the j student; and the i index tracks the word, the j index tracks the unique student. 
Before reporting the results we pause to explain an extraordinary coincidence which occured. Two scoring systems were used. Namely, the two scoring systems were: (i) all words using the OSCAI, and (ii) using OSCAI scores on only the human-coded novel words. Given the fundamental differences in these two scoring systems (e.g., they are built upon different word counts, the all-words system having substantially more words) one might anticipate two different effect estimates. In fact, in this case, there was an extraordinary coincidence: the two scoring systems produced the exact same estimate, down to the 1000th decimal place. This was such an extraordinary coincidence, our statistical team recruited an independent statistical team at a different university (with no knowledge of the issues) and had them naively reproduce the analysis. Our team only disclosed that we were concerned about the identical effect estimates after the second statistical team had completed their analysis. The second, independent statistical team confirmed the extraordinary coincidence occurred. The issue occurred because the non-novel words in the all-words scoring system happened to “cancel out” between the treatment and control arms. This is astronomically unlikely. In fact, the estimates were not quite perfectly the same – as they differed out past the 1000th decimal place. There is no mathematical reason these two scoring systems should have produced the same estimate. We pause here briefly to marvel at the universe and its playfulness.

Method 1 [all-words]
Wilcoxon signed rank test with continuity correction
V = 154.5, p-value = 0.008775
-----------------
Fixed effects:
                       Estimate Std. Error      df t value Pr(>|t|)    
(Intercept)             58.017      4.279  53.094  13.558   <2e-16 ***
experimental_condition  -11.911      4.149  34.000  -2.871    0.007 **
-----------------
Type III Analysis of Variance Table with Satterthwaite's method
                      Sum Sq Mean Sq NumDF DenDF F value   Pr(>F)   
experimental_condition 2482.9  2482.9     1    34  8.2404 0.007001 **
Summary: the Wilcoxon signed rank test and the results of the linear mixed model were in agreement that there was a statistically significant difference between the fidget condition and the still condition, with the still condition having a lower estimated parameter of centrality (i.e., median or mean, respectively). The linear mixed model estimated a decrease in the average OSCAI score of 11.9 when switching participants to the still condition from the fidget condition.

Method 2 [only human-coded novel words]
Wilcoxon signed rank test with continuity correction
V = 47, p-value = 3.138e-05
-----------------
Fixed effects:
                       Estimate Std. Error      df t value Pr(>|t|)    
(Intercept)             20.886      1.981  60.728  10.541 2.41e-15 ***
experimental_condition -11.911      2.266  34.000  -5.257 7.98e-06 ***
-----------------
Type III Analysis of Variance Table with Satterthwaite's method
                      Sum Sq Mean Sq NumDF DenDF F value    Pr(>F)    
experimental_condition2482.9  2482.9     1    34  27.633 7.976e-06 ***

Summary: the Wilcoxon signed rank test and the results of the linear mixed model were in agreement that there was a statistically significant difference between the fidget condition and the still condition, with the still condition having a lower estimated parameter of centrality (i.e., median or mean, respectively). The linear mixed model estimated a decrease in the average OSCAI score of 11.9 when switching participants to the still condition from the fidget condition. Note that the standard error for the experimental condition is nearly half of the standard error in the all-word model above.
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