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1. Supplementary materials: Example of images included in the videos 

 

Figure SM1. Restorative natural environments 

 

Woods Rivers 

  
Source: AdobeStock Source: Pxhere 

Lakes Seaside 

  
Source: Pxhere Source: Pixabay 

  



Figure SM2. Restorative built environments 

 

Libraries Oldtowns/Historical city centers 

  
Source: Pxhere Source: Pxhere 

Museums Residential areas with terraced houses 

  
Source: Pxhere Source: Pixabay 

  



 

Figure SM3: Nonrestorative built environments 

 

Industrial Areas 

Residential areas with condos/Apartment 

buildings 

  
Source: Pxhere Source: Pixabay 

Roads with traffic Commercial Areas 

  
Source: Pixabay Source: Pxhere 

  



2. Pretest of two new parallel versions of Appling Decision Rules (ADR) 

 

2.1 Participants 

One hundred and four participants (82% female, Mage = 21.16, SDage = 5.07) took part in the 

pretest. Data were collected online in small groups (10 participants maximum). Participants received 

instructions from the experimenter through a video call and the experimenter remained available for 

clarifications throughout the compilation. Data were collected through the Inquisit software. Each 

participant completed two sessions 6 days apart on average (minimum: 1 day, maximum: 12 days). 

In session 1, participants completed demographics measures and one of the two new ADR versions. 

In session 2, participants completed the other new version of ADR and the original ADR.  

 

2.2 Materials 

In the original ADR, participants have to choose among five DVD players varying on multiple 

dimensions (picture quality, sound quality, programming options, and reliability of the brand) by 

applying different decision rules (see Bruine de Bruin et al., 2007). Participants are provided with a 

table presenting ratings, ranging from 1 (very low) to 5 (very high), for each DVD player and each 

dimension. DVD players’ price is the same for all the DVD players and for all the items (i.e., 369 €). 

Ratings and rules to be applied vary in each item, and performance is measured by the proportion of 

given responses matching the ones resulting from the correct application of the prescribed rules. 

The two new ADR versions were similar to the original one, but participants had to choose 

among five apartments to rent (version A) or movies to rent (version B). In the version A (apartments), 

the dimensions included: quietness of the apartment, natural light, conditions of the apartment, safety 

of the area, services of the area. In the version B (movies), the dimensions included: experts’ rating, 

users’ rating, actors' quality, director's reputation, and picture quality (see Figure SM4 for an 

example). The monthly rent and the movie rental price was always the same in all the items (i.e., 500 

€ for each apartment and 3.99 € for each movie) as in the original ADR. The original ADR version 



included 10 items, whereas each of the two pretested versions included 17 items. The decision rules 

were partly the same as in the original ADR, but they included also some new ones to increase the 

completeness and the length of the task (see Table SM1; see also Payne et al., 1993; Riedl et al., 

2008). Performance was measured as in the original ADR. The rules used in the original version and 

in the two parallel new versions (with references and examples) are reported in Table SM1.  

 

Figure SM4. Example item included in the new ADR (version A) 

 

Table SM1 

Rules to be applied, references, and examples of ADR’s items included in the original version, in the 

pretested versions and in the final versions. 

Rule Reference Example (from version A) ADR 

pretest 

(A and B) 

ADR 

original 

version 

new ADR  

final 

(A and B) 

Satisficing Riedl et al., 

2008 

Fabio reads the table line by line, considering one apartment 

at a time. As he proceeds in this way, he will immediately 

stop and choose the first apartment he finds that, at the same 

time, has a score of 3 or higher in “quietness of the 

apartment”, a score of 3 or higher in “natural light”, and a 

score of 4 or higher in “safety of the area”. 

Yes Yes Yes 



 
Recognition Riedl et al., 

2008 

Valentina would like to choose an apartment that has exactly 

the same scores as an apartment that she had previously 

chosen, neither better nor worse. In particular, she wants an 

apartment with exactly these scores: “quietness of the 

apartment” = 4, “safety of the area” = 3, and “services of the 

area” = 4. 

 

Yes Yes Yes 

Lexicographic Riedl et al., 

2008 

Marco wants to choose the apartment with the highest score 

in “conditions of the apartment”. If multiple apartments 

have the same (higher) score in “conditions of the 

apartment”, he wants the one with the highest score in 

“services of the area” among them. If multiple apartments 

have the same (highest) score in “conditions of the 

apartment” and “services of the area”, he wants the one with 

the highest score in  “quietness of the apartment” among 

them. 

 

Yes Yes Yes 

Elimination by 

aspects 

Riedl et al., 

2008 

Cristina wants to exclude apartments with a score in “natural 

light” equal to or less than 2, so she discards apartments 

with scores in “natural light” equal to or less than 2. Then, if 

there is more than one apartment left, she discards those 

with scores in “safety of the area” equal to or less than 2. If 

there is more than one apartment left, she discards those 

with scores in “conditions of the apartment” equal to or less 

than 3. 

 

Yes Yes Yes 

Frequency of 

bad features 

Payne et 

al., 1993 

Nicola wants to choose an apartment with the lowest 

number of scores equal to or lower than 3, considering all 

characteristics.

 

Yes No No 

Frequency of 

good features 

Payne et 

al., 1993 

Anna wants to choose an apartment with the highest number 

of scores equal to or greater than 3, considering all 

characteristics. 

 

Yes Yes Yes 

Least 

important 

minimum 

heuristic 

Riedl et al., 

2008 

Federico first identifies the lowest score of each apartment 

by considering all their characteristics. Then, he selects the 

apartment with the highest score among these lowest scores. 

Yes No Yes 



 
Disjunctive Riedl et al., 

2008 

Sandro wants to choose an apartment that has at least one of 

the following: a score equal to or greater than 4 in 

“quietness of the apartment” or a score equal to or greater 

than 4 in “conditions of the apartment” or a score equal to or 

greater than 4 in “natural light”. 

 

Yes Yes Yes 

Conjunctive Gilbride & 

Allenby, 

2004 

Tommaso wants to choose an apartment that has, at the 

same time, a score equal to or greater than 3 in “natural 

light”, a score equal to or greater than 3 in “safety of the 

area”, and a score equal to or greater than 4 in “services of 

the area”. 

 

Yes No Yes 

Dominance Riedl et al., 

2008 

Roberta wants to choose the apartment that has a score at 

least equal to the score of all the other apartments in each 

characteristic, but that has at least one characteristic with a 

higher score than the other apartments. 

 

Yes No No 

Additive 

difference 

Riedl et al., 

2008 

Matteo begins by comparing the first apartment with the 

second apartment (A and B: first and second row of the 

table). He calculates the difference between the scores of the 

two apartments for each characteristic and adds up these 

differences to figure out which apartment is the best. Then, 

he compares the winning apartment with the third apartment 

in the same way, and so on. Finally, he selects the winning 

apartment at the end of these comparisons. 

 

Yes No Yes 

Equal weights Riedl et al., 

2008 

Tina wants to get an overall assessment of each apartment in 

order to choose the apartment with the highest total score. 

So, for each apartment (row), she sums the scores of all the 

characteristics for that apartment, and she keeps in mind the 

results of the sums. Finally, she chooses the apartment with 

the highest total score. 

 

Yes Yes Yes 

Weighted 

additive 

Riedl et al., 

2008 

Timo wants to get an overall assessment of each apartment 

in order to choose the apartment with the highest total score. 

However, for him, “conditions of the apartment” and “safety 

of the area” are twice as important as all the other 

characteristics (which are equally important to him). So, for 

Yes No Yes 



each apartment (row), he sums the scores of all the 

characteristics for that apartment, but he doubles the scores 

related to “conditions of the apartment” and “safety of the 

area”, and he keeps the results of the sums in mind. Finally, 

he chooses the apartment with the highest total score. 

 
Majority of 

confirming 

dimensions 

Riedl et al., 

2008 

Alessandra begins by comparing the first apartment with the 

second (A and B: first and second row of the table). She 

compares these two apartments on all characteristics and 

selects the apartment that has higher scores than the other 

for most of the characteristics. Then she compares the 

winning apartment with the third apartment in the same 

way, and so on. Finally, she selects the winning apartment at 

the end of these comparisons. 

 

Yes No No 

Trade-offs Bruine de 

Bruin et 

al., 2007 

Michela wants to choose the apartment with the highest 

score in “natural light”, but she is willing to lose 1 point in 

“natural light” for every increase of at least 2 points in 

“services of the area”. She is not interested in the other 

characteristics. 

 

Yes Yes Yes 

Elimination by 

aspects + 

Equal weights 

Payne et 

al., 1993 

Donatella wants to exclude apartments with a score in 

“quietness of the apartment” equal to or less than 3, so she 

discards apartments with scores in “quietness of the 

apartment” equal to or less than 3. Then, if there is more 

than one apartment left, she discards among the remaining 

apartments those with scores in “natural light” equal to or 

less than 2. Then, for the remaining apartments, Donatella 

wants to get an overall assessment of each of these 

apartments, in order to choose the apartment with the 

highest total score. Thus, for each of the remaining 

apartments, she sums up the scores of all the characteristics 

for that apartment and she keeps the sums in mind. Finally, 

she chooses the apartment with the highest total score. 

 

Yes No Yes 

Elimination by 

aspects + 

weighted 

additive 

Payne et 

al., 1993 

Luca wants to exclude apartments with a score in 

“conditions of the apartment” equal to or less than 2, so he 

discards the apartments with scores in “conditions of the 

apartment” equal to or less than 2. Then, if there is more 

than one apartment left, he discards among all the remaining 

apartments those with scores in “services of the area” equal 

to or less than 3.Then, for the remaining apartments, Luca 

wants to get an overall assessment of each of these 

apartments, in order to choose the apartment with the 

highest total score. However, for him, “conditions of the 

apartment” and “services of the area” are twice as important 

as all the other characteristics (which are equally important 

Yes No Yes 



to him). So, for each of the remaining apartments, he sums 

up the apartment scores for all the characteristics, but he 

doubles the scores for “conditions of the apartment” and 

“services of the area” and keeps the results of these sums in 

mind. Finally, he chooses the apartment with the highest 

total score. 

 

 

 

2.3 Results 

Participants correctly answered to 76.41% (SD = 14.67%) of the items in version A, and to 

79.69% (SD = 14.57%) of the items in version B. The effect of the version was significant, F(1, 102) 

= 6.44, p = .01, 2
p = .06, while no significant effects of the administration order, F(1, 102) = 0.01, p 

= .93, 2
p = .00, and of the interaction, F(1, 102) = 0.06, p = .80, 2

p = .00, were found. Checking 

accuracy in each item (rule), we found that performance significantly differed between version A and 

version B on three items: “Dominance” (77.88% vs. 89.42%, respectively, t(103) = 2.09, p = .04, d = 

0.21), “Frequency of bad features” (76.92% vs. 91.35%, respectively, t(103) = 3.12, p = .002, d = 

0.31), and “Majority of confirming dimensions” (74.04% vs. 93.27%, respectively, t(103) = 4.43, p 

< .001, d = 0.43). After the removal of these items, the two versions did not differ on the total accuracy 

score (version A: M = 76.44%, SD = 14.45%, version B: M = 77.20%, SD = 15.74%), t(103) = 0.56, 

p = .58, d = 0.05 (see also Table SM2). Therefore, in the two new final versions of ADR included in 

the main study we removed these three items. The accuracy scores of the two new final versions were 

positively correlated (r = .59, p < .001) and both of them correlated similarly with the ADR original 

version (r = .41, p < .001 and r = .40, p < .001). Reliability was similar for the original version 

(Cronbach’s  = .59), version A (Cronbach’s  = .56), and version B (Cronbach’s  = .62). 

 

Table SM2 

Final ADR A and ADR B mean accuracy and standard deviation for each item 

 Accuracy 



 ADR A  ADR B  

Rule M SD M SD 

Satisficing 0.62 0.49 0.61 0.49 

Recognition 0.97 0.17 0.97 0.17 

Lexicographic 0.91 0.28 0.88 0.32 

Elimination by aspects 0.89 0.31 0.94 0.23 

Frequency of good features 0.91 0.28 0.93 0.25 

Least important minimum heuristic 0.40 0.49 0.45 0.50 

Disjunctive 0.96 0.19 0.90 0.30 

Conjunctive 0.96 0.19 0.94 0.23 

Additive difference 0.60 0.49 0.62 0.49 

Equal weights 0.88 0.33 0.90 0.30 

Weighted additive 0.81 0.40 0.74 0.44 

Trade-offs 0.35 0.48 0.47 0.50 

Elimination by aspects + Equal weights 0.80 0.40 0.77 0.42 

Elimination by aspects + weighted additive 0.64 0.48 0.67 0.47 

 

3. Additional results of the main study 

 

3.1 Effectiveness of fatigue induction  

In order to check the effectiveness of fatigue induction on measures other than fatigue (reported 

in the main analysis), we compared the baseline and the pre-exposure self-reported measures of 

emotional state, perceived attention, perceived cognitive abilities, and motivation. To this aim, we 

carried out a series of mixed ANOVAs with the measurement stage (baseline vs. pre-exposure) as the 

within-participants factor and the environmental exposure condition (restorative natural, restorative 

built, nonrestorative built) as the between-participants factor. After fatigue induction, no significant 

differences were found between baseline and pre-exposure stages in emotional state (0.63 vs. 0.52), 

F(1, 118) = 2.05, p = .15, 2
p = .02. Participants reported lower motivation (5.25 vs. 5.93), F(1, 118) 

= 64.69, p < .001, 2
p = .35, lower attention (0.77 vs. 1.41), F(1, 118) = 27.83, p < .001, 2

p = .19, 

and lower cognitive abilities (3.97 vs. 4.60), F(1, 118) = 35.05, p < .001, 2
p = .23, after fatigue 

induction. No effects of the environmental exposure condition, Fs < 0.93, ps >.39, nor interactions, 

Fs < 0.44, ps >.64, were found. Thus, we observed a general perceived effect of fatigue induction, as 

expected, although this was not found for the emotional state. We also controlled that performance 



on the fatigue induction task (i.e., Raven’s Advanced Matrices) did not differ across conditions, 

finding indeed no significant differences, F(2, 118) = 0.11, p = .89, 2
p = .00. 

 

3.2 Evaluation of the audio/video materials  

No differences between conditions were found in perceived realism, F(2, 118) = 1.59, p = .21, 

2
p = .03; immersion, F(2, 118) = 2.34, p = .10, 2

p = .04; and sound realism, F(2, 118) = 2.66, p = 

.07, 2
p  = .04, excluding that the possible effects of environmental exposure on ADR performance 

and on other variables could be related to technical differences in image/sound quality. 

The evaluations of the extent to which the video was boring differed across conditions, F(2, 

118) = 15.91, p < .001, 2
p = .21, with exposure to the nonrestorative built environments being rated 

as more boring (M = 4.39, SD = 1.80) than exposure to natural environments (M = 2.56, SD = 1.50, 

t(118) = 5.16, p < .001) and to restorative built environments (M = 2.80, SD = 1.42, t(118) = 4.53, p 

< .001), with no significant differences on boredom between the last two conditions, t(118) = 0.68, p 

= .50. Also the evaluations on how much the video was relaxing differed across conditions, F(2, 118) 

= 26.21, p < .001, 2
p = .31. Exposure to the nonrestorative built environments was judged as less 

relaxing (M = 3.54, SD = 1.92) than exposure to natural environments (M = 5.79, SD = 1.36, t(118) 

= 6.57, p < .001) and to restorative built environments (M = 5.54, SD = 1.23, t(118) = 5.89, p < .001), 

while reported relaxation did not differ significantly between the last two conditions, t(118) = 0.75, 

p = .45. 

 

3.3 Latent change score models with self-reported emotional state as the mediator  

We estimated a latent change score model with self-reported emotional state as the mediator of 

the effect of environmental exposure condition on Applying Decision Rules performance, following 

the same procedure described in section 2.4.3 of the main manuscript (see Figure SM5).  



The model had acceptable fit indices: 2 (4) = 5.18, p = .27, 2/df = 1.29, SRMR = 0.05, CFI = 

.99, RMSEA = .05 (cut-off values: χ2 nonsignificant, χ2/df ≤ 3, SRMR ≤ .09, RMSEA ≤ .05, CFI  

.95; see Iacobucci, 2010). Even if Dummy 1,  = .29, z = 3.05, p = .002,  and Dummy 2,  = .26, z = 

2.71, p = .01, significantly predicted predicted ΔEmotional State, ΔEmotional State did not predict ΔApplying 

Decision Rules,  = .08, z = 0.93, p = .35. Therefore, even if environmental exposure conditions were 

related with changes in emotional state, in line with the ANOVA results presented in the main 

manuscript, the improvement of emotional state was not associated with changes in Applying 

Decision Rules performance, as confirmed also by 95% confidence intervals for indirect effects 

containg zero (Dummy 1: 95%CI [-0.031, 0.090]; Dummy 2: 95%CI [-0.027, 0.085]).  

Results also showed that a better pre-exposure emotional state resulted in a lower improvement 

in emotional state,  = -.32, z = 3.74, p = < .001, but in a higher improvement in Applying Decision 

Rules performance,  = .20, z = 2.30, p = .02.  

 

Figure SM5. Latent change score model with emotional state chage score as a mediator of the effect 

of environmental exposure condition on change in Applying Decision Rules performance. 

. 



 

Note. Numbers close to the arrows are standardized coefficients. Dashed arrows represent 

nonsignificant effects (p ≥ .05). Significance levels are as follows: ns nonsignificant, * p < .05, ** p 

< .01, *** p < .001. 

 

3.4 Latent change score models with self-reported fatigue and emotional state as the mediators 

We estimated a latent change score model with both self-reported fatigue and emotional state 

as mediators of the effect of environmental exposure condition on Applying Decision Rules 

performance (see Figure SM6).  

The model had good fit indices: 2 (6) = 5.31, p = .51, 2/df = 0.88, SRMR = 0.04, CFI = 1.00, 

RMSEA = .00 (cut-off values: χ2 nonsignificant, χ2/df ≤ 3, SRMR ≤ .09, RMSEA ≤ .05, CFI  .95; 

see Iacobucci, 2010). 

As previously found in the latent change score model with emotional state change score as the 

single mediator of the effect of environmental exposure condition on change in Applying Decision 



Rules performance (section 3.3), Dummy 1,  = .29, z = 3.11, p = .002,  and Dummy 2,  = .26, z = 

2.73, p = .01, significantly predicted predicted ΔEmotional State, but ΔEmotional State did not predict ΔApplying 

Decision Rules,  = .02, z = 0.23, p = .82. Pre-exposure emotional state ratings significantly predicted 

ΔEmotional State,  = -.37, z = 3.94, p < .001, and   ΔFatigue,  = -.24, z = 2.61, p = .01, showing that a better 

pre-exposure emotional state resulted in a lower improvement of the emotional state, but also in less 

fatigue worsening. No effect of pre-exposure emotional state ratings was found on ΔApplying Decision 

Rules,  = .19, z = 1.88, p = .06.  

The pattern of relationships between fatigue ratings and Applying Decision Rules performace 

was very similar to the one obtained in the model with fatigue as the single mediator, reported in the 

main manuscript (see Figure SM6): Both Dummy 1 and Dummy 2 predicted ΔFatigue ( = -.23, z = 

2.48, p = .01 and  = -.24, z = 2.60, p = .01, respectively) that, in turn, predicted ΔApplying Decision Rules, 

 = -.21, z = 2.21, p = .03. Moreover, pre-exposure fatigue ratings predicted ΔFatigue,   = -.45, z = 

5.02, p < .001, and pre-exposure Applying Decision Rules performance predicted both ΔFatigue,  = -

.20, z = 2.40, p = .02 and ΔApplying Decision Rules,  = -.43, z = 5.15, p < .001, as previously found.  

Finally, a model in which ΔEmotional State was not supposed to predict ΔApplying Decision Rules showed 

no decrease in the model fit (2
diff (1) = 0.05, p = .82), and confirmed the role of ΔFatigue in mediating 

the relationship between environmental exposure conditions and changes in Applying Decision Rules 

performance (95% CI of indirect effects: [0.004, 0.129] and [0.004, 0.132] for Dummy 1 and Dummy 

2, respectively). Moreover, a model in which ΔFatigue was not supposed to predict ΔApplying Decision Rules 

showed a significant decrease in the model fit when compared with the model with two mediators 

(2
diff (1) = 4.78, p = .03), and confirmed that ΔEmotional State did not mediate the relationship between 

environmental exposure conditions and changes in Applying Decision Rules performance (95% CI 

of indirect effects: [-0.027, 0.101] and [-0.023, 0.093] for Dummy 1 and Dummy 2, respectively). 

Therefore, these results did not support the possible mediating role of emotional state and confirmed 

the role of fatigue when controlling for emotional state changes.  



 

Figure SM6. Latent change score model with fatigue change score and emotional state change score 

as  mediators of the effect of environmental exposure condition on change in Applying Decision Rules 

performance. 

 

 

Note. Numbers close to the arrows are standardized coefficients. Dashed arrows represent 

nonsignificant effects (p ≥ .05). Significance levels are as follows: ns nonsignificant, * p < .05, ** p 

< .01, *** p < .001. 
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