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Abstract 

Background Social distancing is a key behavior to minimize COVID-19 infections. Identification of 

potentially modifiable determinants of social distancing behavior may provide essential evidence to 

inform social distancing behavioral interventions. 

Purpose The current study applied an integrated social cognition model to identify the determinants 

of social distancing behavior, and the processes involved, in the context of the COVID-19 pandemic. 

Methods In a prospective correlational survey study, samples of Australian (N = 365) and US (N = 

440) residents completed online self-report measures of social cognition constructs (attitude, 

subjective norm, moral norm, anticipated regret, perceived behavioral control), intention, action 

planning, habit, and past behavior with respect to social distancing behavior at an initial occasion. 

Follow up measures of habit and social distancing behavior were taken one week later. 

Results Structural equation models indicated that subjective norm, moral norm, and perceived 

behavioral control were consistent predictors of intention in both samples. Intention, action planning, 

and habit at follow-up were consistent predictors of social distancing behavior in both samples. 

Action planning did not have consistent effects mediating or moderating the intention-behavior 

relationship. Inclusion of past behavior in the model attenuated effects among constructs, although 

effects of the determinants of intention and behavior remained. 

Conclusions Current findings highlight the importance of subjective norm, moral obligation, and 

perceived behavioral control as determinants of social distancing intention, and intention and habit as 

behavioral determinants. Future research on long-range predictors of social distancing behavior and 

reciprocal effects in the integrated model is warranted. 

 

Keywords: Social cognition theory; Health behavior; Dual-phase models; Dual-process models; 

Habit; Action planning.  
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Australia sample only, also with a small effect size. Intention predicted action planning in both 

samples with large effect sizes. Subjective norm, moral norm, and PBC predicted intention in both 

samples, with small-to-medium effect sizes, but effects of attitude were not significant. There was a 

small effect of anticipated regret on intention in the US sample only. Habit at baseline predicted habit 

at follow up in both samples, with large effect sizes. There was also a small-sized effect of habit at 

baseline on intention in the US sample only. Overall, the model accounted for significant variance in 

social distancing behavior (Australia sample, R2 = .198; US sample, R2 = .361), intentions (Australia 

sample, R2 = .571; US sample, R2 = .623), and habit at follow-up (Australia sample, R2 = .416; US 

sample, R2 = .486). Intentions (Australia sample, R2 = .066; US sample, R2 = .148), action planning 

(Australia sample, R2 = .029; US sample, R2 = .044), and habit at follow-up (Australia sample R2 = 

.041; US sample, R2 = .129) each accounted for substantive variance in behavior. Action planning 

significantly moderated the intention-behavior relationship in the Australia sample only. While the 

effect was not in the predicted direction, probing the interaction revealed that the intention-behavior 

relationship increased as the level of planning increased, consistent with theory. However, the 

intention-behavior relationship is more likely to be smaller at lower levels of planning, and it seems 

that planning makes less of a difference when the intention-behavior relationship is large. A plot of 

the interaction effect is presented in Appendix F (supplemental materials). 

Turning to the indirect effects, there were significant indirect effects of subjective norm, moral 

norm, and PBC on social distancing behavior mediated by intention in the US sample. By contrast, 

only the indirect effect of moral norm on behavior through intention was significant in the Australia 

sample. The smaller indirect effects in the Australia sample is principally due to the significantly 

smaller effect size for the intention-behavior relationship in this sample compared to the US sample. 

Habit at baseline predicted behavior through habit at follow-up in both samples. Effect sizes in all 

cases were small. There were significant total effects of intention, PBC, and habit at baseline on 

behavior, with effect sizes larger in the US sample than in the Australia sample. 
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For the model including past behavior, significant effects of past behavior on all model 

constructs were observed in both samples with effect sizes ranging from small to large. Effects of past 

behavior on social distancing behavior were particularly large. Inclusion of past behavior led to an 

attenuation of model effects in both samples. Specifically, effects of intention and habit at follow-up 

on behavior were reduced, but remained statistically significant in both samples with small effect 

sizes. In addition, effects of subjective norm, moral norm, and PBC on intention, and the effect of 

intention on action planning, remained statistically significant in both samples, with small-to-medium 

effect sizes. The effect of habit at baseline on habit at follow-up was statistically significant in both 

samples, with large effect sizes. Variance explained in social distancing behavior increased 

substantially with the inclusion of past behavior, with only modest changes in explained variance in 

intentions (Australia sample R2 = .598; US sample, R2 = .702) and habit at follow-up (Australia 

sample R2 = .416; US sample, R2 = .486). Specifically, intentions (Australia sample, R2 = .029; US 

sample, R2 = .065), past behavior (Australia sample, R2 = .216; US sample, R2 = .311), and habit at 

follow-up (Australia sample R2 = .031; US sample, R2 = .101) each accounted for substantive 

variance in behavior. 

Turning to indirect effects, we found significant indirect effects of habit at baseline on behavior 

mediated by habit at follow-up in both samples with small effect sizes. There were also significant 

total effects of intention and habit at baseline on behavior in both samples, and of PBC on behavior 

for the US sample, with small effect sizes. There were significant total indirect and total effects of 

past behavior on behavior in both samples, with large effect sizes. There was a small sized indirect 

effect of past behavior on behavior mediated by habit at both time points in the US sample, but the 

effect was not significant in the Australia sample. 

Multisample analyses. Multisample analyses permitted for tests of difference in parameter 

estimates for each model across the Australia and US samples. For the model excluding past behavior 

(Model 1), only effects of intention on habit at baseline, habit at follow-up on social distancing 
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trivial component of the link between social distancing intention and behavior, particularly when past 

behavior was taken into account. The moderation of the intention-behavior relationship by action 

planning in the Australia sample was negative in sign, which is contrary to predictions [18]. However, 

probing this interaction indicated that individuals with stronger intention were more likely to follow 

through on their social distancing behavior at both high and low levels of action planning, but the rate 

of increase was much steeper for low planning, which supports the prediction. However, when the 

intention-behavior relationship was strongest, planning had little effect, so planning may only be 

effective for those with lower intentions. As with the mediation effect, the moderation effect was no 

longer present once past behavior was included in the model. Taken together, current results do not 

provide strong evidence for the role of action planning in mediating and moderating the intention-

behavior relationship for social distancing. 

Limitations, and Avenues for Future Research 

Current findings should be interpreted in light of some notable limitations. First, attrition rates 

in both samples were relatively high given the relatively brief time between the baseline survey and 

follow-up. High attrition could lead to selection bias with those who are more motivated or engaged 

overrepresented in the sample. While participants were reminded multiple times to complete follow-

up measures, we acknowledge that more intensive recruitment and incentivization of non-responders 

may have minimized drop out. Attrition also affected the demographic profile of the sample, 

particularly among underrepresented groups. Although the effect sizes of these differences were 

small, they were not trivial. This is particularly pertinent in the current context given emerging data 

indicating that COVID-19 infection and mortality rates are significantly higher in underrepresented 

minority and socioeconomic groups [37]. A potential solution would be to oversample in 

underrepresented groups likely to have low retention rates, and is a recommendation for future 

research. It is also important to note that although our sampling strategy ensured that the distribution 

of participants in our samples matched those of the national population according to gender and state, 





Predicting Social Distancing Behavior During COVID-19 23 
 

designs. Verification of such effects will highlight the value of the model in informing interventions 

to promote changes in social distancing behavior. In addition, the inclusion of past behavior in the 

current analysis modeled change in behavior over time. Past behavior also had the effect of modeling 

residual effects of unmeasured constructs on behavior, such as past measures of the model constructs. 

However, adoption of a cross-lagged panel design would better facilitate examination of how change 

in specific model constructs over time affects social distancing behavior and permit tests of reciprocal 

effects. It is also important that effects of past behavior do not provide definitive evidence that 

affecting change in model constructs, such as intentions or habit, through intervention will lead to 

concomitant change in social distancing behavior. This highlights the imperative of intervention 

research that tests the efficacy of manipulating constructs from the current model in promoting social 

distancing behavior and illustrate the extent to which model constructs can be modified. 

Finally, the current research relies exclusively on self-report measures. While self-reported 

behavior has exhibited concurrent validity when evaluated against non-self-report measures, such as 

behavior measured using devices or direct observation, the potential for recall bias or inaccurate 

reporting likely introduces additional measurement error in the behavioral measure, which would 

affect model relations. Further, self-reported data are also at risk of self-presentation bias and socially 

desirable responding. Health behaviors, particularly social distancing behavior in the context of a 

pandemic, are likely to be considered desirable, which may have compelled respondents to provide 

positive responses, without even being aware of such biases. Although we stressed anonymity to 

participants to make it clear that they had license to report their behavior without prejudice, this is 

unlikely to have fully eliminated such biases. Current data should therefore be interpreted in light of 

these potential biases and their potential to contribute to error variance in observed effects. Future 

research may consider use of devices such as GPS tracking of cellular phones as alternative means to 

measure social distancing behavior that do not rely on self-report. 

Conclusion 
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Table 1 
Sample Characteristics and Descriptive Statistics for Study Variables at Baseline and at One-Week 
Follow-Up 

Variable Australia sample  US sample 
 Baseline Follow-up  Baseline Follow-up 
Participants 495 365  701 440 
Age, M years (SD) 47.09 

(17.11) 
49.78 
(16.89) 

 45.55 
(17.40) 

51.77 
(16.26) 

Gender, n (%)a      
 Female 252 (51.1) 182 (50.1)  352 (48.9) 205 (46.6) 
 Male 241 (48.9) 181 (49.9)  341 (50.5) 231 (52.5) 
 Not specified/prefer not to answer 0 (0.0) 0 (0.0)  4 (0.6) 4 (0.9) 
Employment status, n (%)b      
 currently unemployed/full-time caregiver 231 (46.7) 180 (49.3)  330 (47.3) 216 (49.5) 
 part-time/casual employed 97 (19.6) 65 (17.8)  106 (15.2) 60 (13.8) 
 currently employed full-time 140 (28.3) 104 (28.5)  233 (33.4) 147 (33.7) 
 leave without pay/furloughed  27 (5.5) 16 (4.4)  28 (4.0) 13 (3.0) 
Marital status, n (%)c      
 Married 184 (37.2) 146 (40.0)  300 (43.0) 224 (51.4) 
 Widowed 8 (1.6) 7 (1.9)  22 (3.2) 18 (4.1) 
 Separated/divorced 53 (10.7) 39 (10.7)  69 (9.9) 47 (10.8) 
 Never married 160 (32.3) 103 (28.2)  255 (36.6) 126(28.9) 
 Married de facto 90 (18.2) 70 (19.2)  51 (7.3) 21 (4.8) 
Ethnicity, n (%)d      
 Black 3 (0.6) 1 (0.3)  52 (7.5) 26 (6.0) 
 Caucasian/White 392 (79.2) 304 (83.3)  566 (81.2) 376 (86.2) 
 Asian (South-East Asia/South Asia) 71 (14.3) 43 (11.8)  39 (5.6) 24 (5.5) 
 Middle-Eastern 6 (1.2) 3 (0.8)  1 (0.1) 0 (0.0) 
 Other 13 (2.6) 6 (1.6)  27 (3.9) 8 (1.8) 
 Prefer not to answer 10 (2.0) 8 (2.2)  12 (1.7) 2 (0.5) 
Income, n (%)e      
 zero income 8 (1.7) 4 (1.2)  31 (4.4) 19 (4.4) 
 $1-$199 ($1-$10,399) 9 (2.0) 6 (1.8)  40 (5.7) 24 (5.5) 
 $200-$299 ($10,400-$15,599) 12 (2.6) 8 (2.4)  34 (4.9) 23 (5.3) 
 $300-$399 ($15,600-$20,799) 19 (4.1) 12 (3.6)  38 (5.5) 23 (5.3) 
 $400-$599 ($20,800-$31,199) 42 (9.2) 33 (9.9)  62 (8.9) 33 (7.6) 
 $600-$799 ($31,200-$41,599) 57 (12.4) 42 (12.6)  61 (8.8) 39 (8.9) 
 $800-$999 ($41,600-$51,999) 45 (9.8) 31 (9.3)  68 (9.8) 46 (10.6) 
 $1,000-$1,249 ($52,000-$64,999) 39 (8.5) 32 (9.6)  48 (6.9) 38 (8.7) 
 $1,250-$1,499 ($65,000-$77,999) 28 (6.1) 22 (6.6)  59 (8.5) 41 (9.4) 
 $1,500-$1,999 ($78,000-$103,999) 72 (15.7) 50 (15.0)  72 (10.3) 48 (11.0) 
 $2,000 or more ($104,000 or more) 81 (17.6) 62 (18.6)  108 (15.5) 74 (17.0) 
 Prefer not to answer 47 (10.2) 32 (9.6)  76 (10.9) 28 (6.4) 
Education level, n (%)      
 Completed junior/lower/primary school 18 (3.6) 17 (4.7)  6 (0.9) 0 (0.0) 
 Completed senior/high/secondary school 133 (26.9) 98 (26.8)  265 (37.8) 132 (30.0) 
 Post-school vocational qualification/diploma 147 (29.7) 111 (30.4)  138 (19.7) 94 (21.4) 
 Undergraduate University degree 131 (26.5) 93 (25.5)  214 (30.5) 159 (36.1) 
 Postgraduate University degree 66 (13.3) 46 (12.6)  78 (11.1) 55 (12.5) 

Note. aTwo participants in the Australia sample did not report their gender, four participants in the US 
sample not report their gender; bFour participants in the US sample did not report their employment 
status; cFour participants in the US sample did not report their marital status; dFour participants in the 
US sample did not report their ethnicity; eThirty-one participants in the Australia sample did not 
report their income and four participants in the US sample did not report their income. 
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Appendix C 
Factor Loadings, Reliability Estimates, Average Variances Extracted, and Descriptive Statistics for the Variables of the Integrated Model 

Construct Australian sample  US sample 
 FL Rel. CR AVE M SD Skew. Kurt.  FL Rel. CR AVE M SD Skew. Kurt. 
Past behaviora  .734 .883 .790 6.503 0.697 -2.325 8.372   .846 .928 .866 6.457 0.891 -2.379 6.739 
 Past behavior item 1 .953         .981        
 Past behavior item 2 .969         .970        
Habit T1b  .943 .948 .821 5.024 1.471 -0.604 -0.377   .939 .950 .828 5.186 1.468 -0.669 -0.399 
 Habit T1 item 1 .968         .987        
 Habit T1 item 2 .993         .990        
 Habit T1 item 3 .997         .997        
 Habit T1 item 4 .966         .972        
Habit T2b  .938 .914 .726 5.258 1.437 -0.731 0.102   .950 .888 .665 5.253 1.471 -0.720 0.242 
 Habit T2 item 1 .960         .976        
 Habit T2 item 2 .988         .982        
 Habit T2 item 3 .991         .976        
 Habit T2 item 4 .960         .940        
Intentionb  .933 .955 .876 6.540 0.660 -1.578 2.697   .944 .962 .895 6.391 0.848 -2.089 5.288 
 Intention item 1 .966         .984        
 Intention item 1 .991         .992        
 Intention item 1 .995         .994        
Attitudeb  .823 .859 .671 5.901 1.110 -1.441 2.26   .828 .885 .719 5.875 1.185 -1.452 2.151 
 Attitude item 1 .921         .943        
 Attitude item 2 .983         .990        
 Attitude item 3 .905         .940        
Subjective normb  .907 .940 .838 6.393 0.787 -2.120 6.759   .925 .952 .868 6.290 0.968 -2.081 5.483 
 Subjective norm item 1 .990         .973        
 Subjective norm item 2 .994         .994        
 Subjective norm item 3 .994         .979        
Moral normb  .941 .961 .890 6.584 0.807 -3.111 13.986   .945 .963 .897 6.330 0.991 -1.969 4.517 
 Moral norm item 1 .988         .979        
 Moral norm item 2 .995         .997        
 Moral norm item 3 .996         .991        
Anticipated regretb  .926 .951 .866 5.508 1.342 -1.066 0.861   .942 .961 .892 5.202 1.592 -0.774 -0.238 
 Anticipated regret item 1 .985         .991        
 Anticipated regret item 2 .998         .997        
 Anticipated regret item 3 .989         .992        






























