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Measurement invariance consists of testing several increasingly more constrained models to assess whether different components of a measurement model are equal across time. Broadly, there are four models to be tested in metric invariance (Mackinnon et al., 2022). The first model is one for configural invariance, which allows factor loadings, item intercepts, and error variances to be freely estimated across waves and assesses whether the basic structure of the model (e.g., that identified items load onto specific factors) is consistent across time. The second model is for metric invariance, in which factor loadings are constrained across waves. This assesses whether the representativeness of each item (i.e., the extent to which it loads on a factor) remains consistent over time. The third model is for scalar invariance, which additionally constrains item intercepts to be equal across time and assesses whether mean scores on each item remain consistent over time. Finally, the most restrictive model is for residual invariance, which constrains factor loadings, item intercepts, and error variances to be equal across time, and assesses whether the influence of external factors on the model are equal over time. All models were estimated using the lavaan package in R (Rosseel, 2012). The R code containing the equations used for each invariance model, as well as for the longitudinal analysis models reported in the main text, is included in Appendix A. 

Understanding Society 
[bookmark: _Hlk124784075]We first tested for configural invariance by allowing the factor loadings, item intercepts and residual error variances to be freely estimated, and again constrained the residual variance of each item to be equal across waves. The configural model showed good fit to the data, χ2 (95) = 13121.67, p < .001, CFI = .94, RMSEA = .07, SRMR = .037. We next tested for metric invariance by constraining the factor loadings to be equal across waves. The metric invariant model also showed good fit to the data, χ2 (103) = 13280.102, p < .001, CFI = .939, RMSEA = .067, SRMR = .044. There are several methods used to assess whether metric invariance (as well as scalar and residual invariance) is achieved (Putnick & Bornstein, 2016). Commonly, a chi-square difference test is used to assess measurement invariance by comparing each progressively more restrictive model with the previous model (Reise et al., 1993). With such a criterion, a chi-square difference tested indicated that the more restrictive metric invariance model provided significantly worse fit to the data than the configural model, Δ χ2(8) = 134.52, p < .001. However, much like chi-square itself, the chi-square difference test is sensitive to changes when using large sample sizes, and several authors have proposed alternatives to evaluating model fit during measurement invariance testing. For example, Cheung and Rensvold (2002) (and also Chen, 2007) proposed using changes in CFI of less than .01 as an indication of invariance, and Rutkowski and Svetina (2014) proposed using changes in RMSEA of less than .03 as a criterion. Based on these alternatives, and because of the limitations of chi-square in large samples, we conclude that the social cohesion measures were metrically invariant on the basis that the CFI of the metric invariant model did not change by more than .01 (ΔCFI = .001) and the RMSEA did not change by more than .03 (ΔRMSEA = .003). On this basis we concluded that the measure of social cohesion was metrically invariant across time. 
We next tested for scalar invariance by constraining the item intercepts to be equal across time. This model also provided good fit to the data χ2 (111) = 13776.18, p < .001, CFI = .937, RMSEA = .066, SRMR = .046. A chi-square difference tested indicated that the more restrictive scalar invariance model provided significantly worse fit to the data than the metric model, Δ χ2(8) = 493.97, p < .001. However, the CFI of the metric model did not change by more than .01 (ΔCFI < .001) and the RMSEA did not change by more than .03 (ΔRMSEA = .001). We therefore concluded that the model was scalar invariant. 
Therefore, we finally tested a residual invariance model in which the residual variances we constrained to be equal across waves. This model also showed good fit to the data, χ2 (119) = 13903.95, p < .001, CFI = .936, RMSEA = .064, SRMR = .047. A chi-square difference test indicated that the more restrictive residual invariance model provided significantly worse fit to the data than the scalar model, Δ χ2(8) = 90.73, p < .001. However, the CFI of the metric model did not change by more than .01 (ΔCFI = .001) and the RMSEA did not change by more than .03 (ΔRMSEA = .002). Consequently, we concluded that the social cohesion measure was fully invariant across time.
Beyond Us and Them
We first tested for the configural invariance of the model in which the factor loadings, item intercepts and residual error variances were allowed to vary between study waves. The configural model was tested using the lavaan package in R (Rosseel, 2012). Given the complexity of the model, we constrained the covariance between the residual variance of each item to be equal across waves to reduce the number of estimated parameters in the model (Cole & Maxwell, 2003). By modelling the non-independence of each item we also account for the nested nature of the data with the same individuals answering the same questions across time points. The variance of the latent factors in the model was constrained to 1 to allow the factor loadings of all items to be freely estimated. The configural model provided excellent fit to the data, χ2 (300) = 1444.03, p < .001, CFI = .974, RMSEA = .039, SRMR = .053. This indicated that the basic configuration of the factor structure in the model was invariant across waves.
We next tested for metric invariance, which involved constraining the factor loadings to be equal across waves. This model also provided an excellent fit to the data, χ2 (318) = 1511.93, p < .001, CFI = .972, RMSEA = .039, SRMR = .056. A chi-square difference test indicated that the more restrictive metric invariant model provided significantly worse fit to the data than the configural model, Δ χ2(18) = 71.51, p < .001. However, as the CFI did not change by more than .01 (ΔCFI = .002) and the RMSEA did not change by more than .03 (ΔRMSEA < .001) we concluded that the model was metrically invariant. 
We next tested for scalar invariance by constraining the item intercepts to be equal across waves. This model again provided good fit to the data, χ2 (336) = 2205.57, p < .001, CFI = .957, RMSEA = .047, SRMR = .058. A chi-square difference test again indicated that the more restrictive scalar model provided significantly worse fit than the metric model, Δ χ2(18) = 690.20, p < .001. Although RMSEA did not change by more than .03 (ΔRMSEA = .008), the change in CFI was higher than the .01 threshold (ΔCFI = .015). Conservatively, we therefore conclude that the model was not scalar invariant. We therefore adopted the metric invariant model as the model of social cohesion.
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Appendix
Understanding Society Analysis Code
# Measurement Invariance
errorstructure <- '
scopngbha_W6 ~~ neigh1cov*scopngbha_W9
scopngbhb_W6 ~~ neigh2cov*scopngbhb_W9
scopngbhc_W6 ~~ neigh3cov*scopngbhc_W9
scopngbhd_W6 ~~ neigh4cov*scopngbhd_W9
scopngbhe_W6 ~~ neigh5cov*scopngbhe_W9
scopngbhf_W6 ~~ neigh6cov*scopngbhf_W9
scopngbhg_W6 ~~ neigh7cov*scopngbhg_W9
scopngbhh_W6 ~~ neigh8cov*scopngbhh_W9
'

# Configural Invariance
configural.model.v1 <- '
cohesionW6 =~ NA*scopngbha_W6 + scopngbhb_W6 + scopngbhc_W6 + scopngbhd_W6 + scopngbhe_W6 + scopngbhf_W6 + scopngbhg_W6 + scopngbhh_W6
cohesionW9 =~ NA*scopngbha_W9 + scopngbhb_W9 + scopngbhc_W9 + scopngbhd_W9 + scopngbhe_W9 + scopngbhf_W9 + scopngbhg_W9 + scopngbhh_W9

# Fix variances to 1 to set scale of the factors and allow identification
cohesionW6 ~~ 1*cohesionW6
cohesionW9 ~~ 1*cohesionW9
'

# Metric Invariance 
metric.model.v1 <- '
cohesionW6 =~ N1*scopngbha_W6 + N2*scopngbhb_W6 + N3*scopngbhc_W6 + N4*scopngbhd_W6 + N5*scopngbhe_W6 + N6*scopngbhf_W6 + N7*scopngbhg_W6 + N8*scopngbhh_W6
cohesionW9 =~ N1*scopngbha_W9 + N2*scopngbhb_W9 + N3*scopngbhc_W9 + N4*scopngbhd_W9 + N5*scopngbhe_W9 + N6*scopngbhf_W9 + N7*scopngbhg_W9 + N8*scopngbhh_W9

# Fix variances to 1 to set scale of the factors and allow identification
cohesionW6 ~~ 1*cohesionW6
cohesionW9 ~~ 1*cohesionW9

'

# Scalar Invariance Model
scalar.model.v1 <- '
cohesionW6 =~ N1*scopngbha_W6 + N2*scopngbhb_W6 + N3*scopngbhc_W6 + N4*scopngbhd_W6 + N5*scopngbhe_W6 + N6*scopngbhf_W6 + N7*scopngbhg_W6 + N8*scopngbhh_W6
cohesionW9 =~ N1*scopngbha_W9 + N2*scopngbhb_W9 + N3*scopngbhc_W9 + N4*scopngbhd_W9 + N5*scopngbhe_W9 + N6*scopngbhf_W9 + N7*scopngbhg_W9 + N8*scopngbhh_W9

# Fix variances to 1 to set scale of the factors and allow identification
cohesionW6 ~~ 1*cohesionW6
cohesionW9 ~~ 1*cohesionW9

# Constrain item intercepts
scopngbha_W6 ~ N1i*1
scopngbha_W9 ~ N1i*1

scopngbhb_W6 ~ N2i*1
scopngbhb_W9 ~ N2i*1

scopngbhc_W6 ~ N3i*1
scopngbhc_W9 ~ N3i*1

scopngbhd_W6 ~ N4i*1
scopngbhd_W9 ~ N4i*1

scopngbhe_W6 ~ N5i*1
scopngbhe_W9 ~ N5i*1

scopngbhf_W6 ~ N6i*1
scopngbhf_W9 ~ N6i*1

scopngbhg_W6 ~ N7i*1
scopngbhg_W9 ~ N7i*1

scopngbhh_W6 ~ N8i*1
scopngbhh_W9 ~ N8i*1
'

# Residual Model
residual.model.v1 <- '
cohesionW6 =~ N1*scopngbha_W6 + N2*scopngbhb_W6 + N3*scopngbhc_W6 + N4*scopngbhd_W6 + N5*scopngbhe_W6 + N6*scopngbhf_W6 + N7*scopngbhg_W6 + N8*scopngbhh_W6
cohesionW9 =~ N1*scopngbha_W9 + N2*scopngbhb_W9 + N3*scopngbhc_W9 + N4*scopngbhd_W9 + N5*scopngbhe_W9 + N6*scopngbhf_W9 + N7*scopngbhg_W9 + N8*scopngbhh_W9

# Fix variances to 1 to set scale of the factors and allow identification
cohesionW6 ~~ 1*cohesionW6
cohesionW9 ~~ 1*cohesionW9

# Constrain item intercepts
scopngbha_W6 ~ N1i*1
scopngbha_W9 ~ N1i*1

scopngbhb_W6 ~ N2i*1
scopngbhb_W9 ~ N2i*1

scopngbhc_W6 ~ N3i*1
scopngbhc_W9 ~ N3i*1

scopngbhd_W6 ~ N4i*1
scopngbhd_W9 ~ N4i*1

scopngbhe_W6 ~ N5i*1
scopngbhe_W9 ~ N5i*1

scopngbhf_W6 ~ N6i*1
scopngbhf_W9 ~ N6i*1

scopngbhg_W6 ~ N7i*1
scopngbhg_W9 ~ N7i*1

scopngbhh_W6 ~ N8i*1
scopngbhh_W9 ~ N8i*1

# Constrain residual variances
scopngbha_W6 ~~ res1*scopngbha_W6
scopngbha_W9 ~~ res1*scopngbha_W9

scopngbhb_W6 ~~ res2*scopngbhb_W6
scopngbhb_W9 ~~ res2*scopngbhb_W9

scopngbhc_W6 ~~ res3*scopngbhc_W6 
scopngbhc_W9 ~~ res3*scopngbhc_W9

scopngbhd_W6 ~~ res4*scopngbhd_W6 
scopngbhd_W9 ~~ res4*scopngbhd_W9

scopngbhe_W6 ~~ res5*scopngbhe_W6
scopngbhe_W9 ~~ res5*scopngbhe_W9

scopngbhf_W6 ~~ res6*scopngbhf_W6
scopngbhf_W9 ~~ res6*scopngbhf_W9

scopngbhg_W6 ~~ res7*scopngbhg_W6
scopngbhg_W9 ~~ res7*scopngbhg_W9

scopngbhh_W6 ~~ res8*scopngbhh_W6
scopngbhh_W9 ~~ res8*scopngbhh_W9
'

# Longitudinal analysis
model.v1 <- '
cohesionW9 ~ cohesionW6 + volYN_W6 + Zage + sex + race
volYN_W8 ~ cohesionW6 + volYN_W6 + Zage + sex + race

'

Beyond Us and Them Analysis Code
# Measurement Invariance
errorstructure <- '
# Error Structure 

# Neighbourhood scale
neighbourliness6_W6 ~~ neigh1cov*neighbourliness6_W7 
neighbourliness6_W6 ~~ neigh1cov*neighbourliness6_W8
neighbourliness6_W7 ~~ neigh1cov*neighbourliness6_W8

neighbourliness7_W6 ~~ neigh2cov*neighbourliness7_W7 
neighbourliness7_W6 ~~ neigh2cov*neighbourliness7_W8
neighbourliness7_W7 ~~ neigh2cov*neighbourliness7_W8

neighbourliness8_W6 ~~ neigh3cov*neighbourliness8_W7 
neighbourliness8_W6 ~~ neigh3cov*neighbourliness8_W8
neighbourliness8_W7 ~~ neigh3cov*neighbourliness8_W8

# ToleranceOthers
ZtoleranceOthers_W6 ~~ tol1cov*ZtoleranceOthers_W7
ZtoleranceOthers_W6 ~~ tol1cov*ZtoleranceOthers_W8
ZtoleranceOthers_W7 ~~ tol1cov*ZtoleranceOthers_W8

# Political Trust
poltrust1_W6 ~~ polT1*poltrust1_W7
poltrust1_W6 ~~ polT1*poltrust1_W8
poltrust1_W7 ~~ polT1*poltrust1_W8

poltrust2_W6 ~~ polT2*poltrust2_W7
poltrust2_W6 ~~ polT2*poltrust2_W8
poltrust2_W7 ~~ polT2*poltrust2_W8

poltrust3_W6 ~~ polT3*poltrust3_W7
poltrust3_W6 ~~ polT3*poltrust3_W8
poltrust3_W7 ~~ polT3*poltrust3_W8

# Legitimacy
poltrustcovid3_W6 ~~ leg1*poltrustcovid3_W7
poltrustcovid3_W6 ~~ leg1*poltrustcovid3_W8
poltrustcovid3_W7 ~~ leg1*poltrustcovid3_W8

poltrustcovid5_W6 ~~ leg2*poltrustcovid5_W7
poltrustcovid5_W6 ~~ leg2*poltrustcovid5_W8
poltrustcovid5_W7 ~~ leg2*poltrustcovid5_W8

'

configural.model.v1 <- '
### Measurement Model

# Neighbourliness factor models for each wave
horizontalCohesion_W6 =~ NA*neighbourliness6_W6 + neighbourliness7_W6 + neighbourliness8_W6 + ZtoleranceOthers_W6
horizontalCohesion_W7 =~ NA*neighbourliness6_W7 + neighbourliness7_W7 + neighbourliness8_W7 + ZtoleranceOthers_W7
horizontalCohesion_W8 =~ NA*neighbourliness6_W8 + neighbourliness7_W8 + neighbourliness8_W8 + ZtoleranceOthers_W8

# Vertical Cohesion 
verticalCohesion_W6 =~ NA*poltrust1_W6 + poltrust2_W6 + poltrust3_W6 + poltrustcovid3_W6 + poltrustcovid5_W6
verticalCohesion_W7 =~ NA*poltrust1_W7 + poltrust2_W7 + poltrust3_W7 + poltrustcovid3_W7 + poltrustcovid5_W7
verticalCohesion_W8 =~ NA*poltrust1_W8 + poltrust2_W8 + poltrust3_W8 + poltrustcovid3_W8 + poltrustcovid5_W8

# Fix variances to 1 to set scale of the factors and allow identification
horizontalCohesion_W6 ~~ 1*horizontalCohesion_W6
horizontalCohesion_W7 ~~ 1*horizontalCohesion_W7
horizontalCohesion_W8 ~~ 1*horizontalCohesion_W8

verticalCohesion_W6 ~~ 1*verticalCohesion_W6
verticalCohesion_W7 ~~ 1*verticalCohesion_W7
verticalCohesion_W8 ~~ 1*verticalCohesion_W8
'
metric.model.v1 <- '
### Measurement Model

# Neighbourliness factor models for each wave
horizontalCohesion_W6 =~ N1*neighbourliness6_W6 + N2*neighbourliness7_W6 + N3*neighbourliness8_W6 + N4*ZtoleranceOthers_W6
horizontalCohesion_W7 =~ N1*neighbourliness6_W7 + N2*neighbourliness7_W7 + N3*neighbourliness8_W7 + N4*ZtoleranceOthers_W7
horizontalCohesion_W8 =~ N1*neighbourliness6_W8 + N2*neighbourliness7_W8 + N3*neighbourliness8_W8 + N4*ZtoleranceOthers_W8

# Vertical Cohesion 
verticalCohesion_W6 =~ VC1*poltrust1_W6 + VC2*poltrust2_W6 + VC3*poltrust3_W6 + VC4*poltrustcovid3_W6 + VC5*poltrustcovid5_W6
verticalCohesion_W7 =~ VC1*poltrust1_W7 + VC2*poltrust2_W7 + VC3*poltrust3_W7 + VC4*poltrustcovid3_W7 + VC5*poltrustcovid5_W7
verticalCohesion_W8 =~ VC1*poltrust1_W8 + VC2*poltrust2_W8 + VC3*poltrust3_W8 + VC4*poltrustcovid3_W8 + VC5*poltrustcovid5_W8

# Fix variances to 1 to set scale of the factors and allow identification
horizontalCohesion_W6 ~~ 1*horizontalCohesion_W6
horizontalCohesion_W7 ~~ 1*horizontalCohesion_W7
horizontalCohesion_W8 ~~ 1*horizontalCohesion_W8

verticalCohesion_W6 ~~ 1*verticalCohesion_W6
verticalCohesion_W7 ~~ 1*verticalCohesion_W7
verticalCohesion_W8 ~~ 1*verticalCohesion_W8
'
scalar.model.v1 <- '
# Neighbourliness factor models for each wave
horizontalCohesion_W6 =~ N1*neighbourliness6_W6 + N2*neighbourliness7_W6 + N3*neighbourliness8_W6 + N4*ZtoleranceOthers_W6
horizontalCohesion_W7 =~ N1*neighbourliness6_W7 + N2*neighbourliness7_W7 + N3*neighbourliness8_W7 + N4*ZtoleranceOthers_W7
horizontalCohesion_W8 =~ N1*neighbourliness6_W8 + N2*neighbourliness7_W8 + N3*neighbourliness8_W8 + N4*ZtoleranceOthers_W8

# Vertical Cohesion 
verticalCohesion_W6 =~ VC1*poltrust1_W6 + VC2*poltrust2_W6 + VC3*poltrust3_W6 + VC4*poltrustcovid3_W6 + VC5*poltrustcovid5_W6
verticalCohesion_W7 =~ VC1*poltrust1_W7 + VC2*poltrust2_W7 + VC3*poltrust3_W7 + VC4*poltrustcovid3_W7 + VC5*poltrustcovid5_W7
verticalCohesion_W8 =~ VC1*poltrust1_W8 + VC2*poltrust2_W8 + VC3*poltrust3_W8 + VC4*poltrustcovid3_W8 + VC5*poltrustcovid5_W8

# Fix variances to 1 to set scale of the factors and allow identification
horizontalCohesion_W6 ~~ 1*horizontalCohesion_W6
horizontalCohesion_W7 ~~ 1*horizontalCohesion_W7
horizontalCohesion_W8 ~~ 1*horizontalCohesion_W8

verticalCohesion_W6 ~~ 1*verticalCohesion_W6
verticalCohesion_W7 ~~ 1*verticalCohesion_W7
verticalCohesion_W8 ~~ 1*verticalCohesion_W8

# Intercepts constrained

neighbourliness6_W6 ~ N1i*1
neighbourliness6_W7 ~ N1i*1
neighbourliness6_W8 ~ N1i*1

neighbourliness7_W6 ~ N2i*1
neighbourliness7_W7 ~ N2i*1
neighbourliness7_W8 ~ N2i*1

neighbourliness8_W6 ~ N3i*1
neighbourliness8_W7 ~ N3i*1
neighbourliness8_W8 ~ N3i*1

ZtoleranceOthers_W6 ~ N4i*1
ZtoleranceOthers_W7 ~ N4i*1
ZtoleranceOthers_W8 ~ N4i*1

poltrust1_W6 ~ P1i*1
poltrust1_W7 ~ P1i*1
poltrust1_W8 ~ P1i*1

poltrust2_W6 ~ P2i*1
poltrust2_W7 ~ P2i*1
poltrust2_W8 ~ P2i*1

poltrust3_W6 ~ P3i*1
poltrust3_W7 ~ P3i*1
poltrust3_W8 ~ P3i*1

poltrustcovid3_W6 ~ P4i*1
poltrustcovid3_W7 ~ P4i*1
poltrustcovid3_W8 ~ P4i*1

poltrustcovid5_W6 ~ P5i*1
poltrustcovid5_W7 ~ P5i*1
poltrustcovid5_W8 ~ P5i*1
'
# Longitudinal Model
model.v1 <- '
volunteeredYN_W7 ~ horizontalCohesion_W6 + verticalCohesion_W6 + volunteeredYN_W6 + Zage + gender_W6 + ZpolOrient + Zstatusladder + Zincome + whether_white
horizontalCohesion_W7 ~ horizontalCohesion_W6  + volunteeredYN_W6 + Zage + gender_W6 + ZpolOrient + Zstatusladder + Zincome + whether_white
verticalCohesion_W7 ~ verticalCohesion_W6 + volunteeredYN_W6 + Zage + gender_W6 + ZpolOrient + Zstatusladder + Zincome + whether_white

volunteeredYN_W8 ~ horizontalCohesion_W7 + verticalCohesion_W7 + volunteeredYN_W7 + Zage + gender_W6 + ZpolOrient + Zstatusladder + Zincome + whether_white
horizontalCohesion_W8 ~ horizontalCohesion_W7 + volunteeredYN_W7 + Zage + gender_W6 + ZpolOrient + Zstatusladder + Zincome + whether_white
verticalCohesion_W8 ~ verticalCohesion_W7 + volunteeredYN_W7 + Zage + gender_W6 + ZpolOrient + Zstatusladder + Zincome + whether_white
'


