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Document Purpose 

The purpose of this document is to describe the methods used in fall 2020 to administer the 

Wellbeing Assessment, condition the data, and score dimensions with outcome items. Information 

about the validity and reliability of the Assessment’s factor scores can be found in the Spring 2019 

Technical Report. 

Major Differences Between 2019 and 2020 

 Although we might normally focus only on differences between surveys’ technical features, the 
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2. Social unrest in reaction to systemic racism 

a. Although deaths in the U.S. of African-American people (particularly men) due to police 

interactions have a long history of being disproportionately higher relative to the deaths 

of people who hold other racial and ethnic identities, a string of these violent, police-

related deaths caught public attention and social media during the late spring and 
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meaning, purpose, civic values – moral, and civic v
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Individual schools provided participation incentive
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Of the 31 participating schools in the U.S.: 

●           Public/private: 14 were private, 17 were public 

●           Size: 18 schools had undergraduate FTE enrollments of <10,000; 13 had 

enrollments of >10,000  

●            Region:  

o   North: 2 schools 

o   South: 17 schools 

o   Midwest: 8 schools 

o   West: 4 schools 

Data Conditioning 

�����	�
��


For the variables used to generate the factor scores in the 15 dimensions all participants 

received, unplanned missing data rates range from 0.10% to 19.62%. If you are reading this report in 

preparation for conducting analyses with data we have provided you, we strongly recommend you 

evaluate rates of missing data for the variables in your study.  

For the variables used to generate the factor scores, we tested for MCAR using Little’s (1988) 

MCAR test using the TestMCARNormality function in the MissMech package (Jamshidian et al., 2014)  in 

RStudio 3.51 (RStudio Team, 2016). MCAR was not rejected (χ2 = 17267.42,
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Skewness for the variables was modest on average (mean = -0.16, median = -0.39). However, 

some items did display greater skewness than is typically recommended, with a maximum value of 1.76 

and a minimum value of -1.32. 

Kurtosis were more varied, although were modest on average (mean = -0.32, median = -0.51). 

The values ranged from -1.37 to 2.00.  

In all our modeling, we used a robust maximum likelihood estimator (MLR) to generate standard 

errors that were robust to non-normalities in the item distributions. 

Factor Scores 
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generate factor scores that could be compared across the years. We did two sets of measurement 

invariance tests: (a) a set with 15 dimensions both years had in common; and (b) a set with all 18 

dimensions in which Friendships, Civic - Moral, and Civic - Political were treated as missing for fall 2020.  

We started with a 15-dimension model because all items in the 15 common dimensions were 

administered across two years. The full information maximum likelihood (FIML) estimator was used to 

reduce bias in parameter estimations caused by missing data. Then we conducted a series of 

measurement invariance analysis with an “assumed” 18-dimension model using a multiple imputation 

method to deal with missingness on items that were not administered in fall 2020. Multiple imputation 

allows for the uncertainty about the missing data by creating several different plausible imputed data 

sets and appropriately combining results obtained from each of them. 

15-dimension Measurement Invariance  

We conducted the measurement invariance analyses for the 15 common dimensions of the two 

surveys administered in 2019 and 2020 with the following procedure. For these models, we used FIML 

to reduce bias in parameter estimations with missingness under an MCAR (missing completely at 

random) or an MAR (missing at random) mechanism. 

Following previous literature (Vandenberg & Lance, 2000), we first established a baseline model 

(configural invariance) in which the model structures are the same across two years while all parameters 

are freely estimated for two different groups. Next, we constrained the intercepts of the measurement 

model for each race group to be equal and fit a metric-invariant model through an application of a 

confirmatory analysis (CFA). Finally, we constrained both intercepts and loadings of the measurement 

model to be equal for each group and fit a scalar-invariant model. For each step, we examined fit 

indexes including χ2, CFI, TLI, RMSEA, and SRMR. Considering the large sample size and sensitivity of chi-

square tests, we used changes in goodness of fit (GOF) statistics including CFI and RMSEA to determine 

whether we achieved measurement invariance for each step. Specifically, when the change of CFA and 
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RMSEA is less than 0.01 and the change of SRMR is less than 0.025, we determine the measurement 

invariance is established (Chen et al., 2008; Cheung & Rensvold, 2002). Table 3 summarized detailed 

results. 

18-dimension measurement invariance with multiple imputations 

The mice function (Buuren & Groothuis-Oudshoorn, 2011) in Rstudio was used to conduct 

multiple imputations for the joint dataset. Since we have complete missingness on items that were not 

administered in 2020, we used a multiple imputation method to generate five imputed data sets; 

computational issues limited us to five data copies. We then used a normal estimation method to 

conduct measurement invariance analyses after imputations. The cfa.mi function from semtools 

(Jorgensen et al., 2019) package in R was used to test the measurement invariance for the 18 latent 

wellbeing dimensions model across two years with five imputed datasets. The results indicated that the 

metric, loading and scalar measurement invariance was achieved for the 18-dimension model with 

imputed datasets. Specifically, the change of CFI is 0.007 and the change of RMSEA is 0.003, which are 

both smaller than the criteria. Table 4 summarized detailed results. 

3. Examinations of items of the Activity Engagement dimension 

ACT2_1-ACT2_3 items 

We changed the Activity Engagement items in the 2020 fall administrations to capture all forms 

of respondents’ activity engagement because on-campus engagement was highly restricted due to the 

coronavirus pandemic. Table 1 (see Appendix) displays the spring 2019 wording and the fall 2020 

wording.  



Fall 2020 WFU WBA Technical Report 14 

05/25/21 

 

 

A. Tests of partial measurement invariance using the 15 common dimensions across the 

spring 2019 and fall 2020 samples treating the ACT2_1, ACT2_2 and ACT2_3 items as 

though it was the same item in both years.  

B. Comparisons of item and score distributions across the spring 2019 and fall 2020 

samples using the 15 common dimensions. 

To conduct these analyses, we began with the 15-dimension FIML model from Step 2. We used 

this approach rather than attempting multiple imputation with all 18 dimensions because imputing all 

data for three dimensions (Friendships, Civic - Moral, Civic - Political) in fall 2020 would be unreliable. A 

drawback to this approach is that we were unable to examine the effects of the wording changes within 

the original, 18-dimension framework. 

A. Partial measurement invariance testing 

Partial measurement invariance testing evaluates the impact of constraining/freeing just a few 

model parameters of a certain type instead of all the parameters of that type (e.g., just a few of the 

item-factor loadings, just a few of the item intercepts; Cheung & Rensvold,1999). The purpose of this 

kind of testing is to evaluate the extent to which particular items might be contributing to the overall fit 

of the model.  

Typically, partial measurement invariance testing is conducted by starting with the most 

constrained model and then releasing parameter estimates until acceptable model fit is achieved.  
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Figure 1. Response distributions for 2020 scores extracted with 2019 model parameter estimates and 

parameter estimates recalibrated to the 2020 data. 

 

4. Concurrent calibration and factor score calculations 

We next extracted factor scores for the fall 2020 data using an 18-dimension concurrent 

calibration model with the joint dataset (i.e., spring 2019 and fall 2020). We chose this method to 

estimate the fall 2020 scores because the analyses 
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not presented; the items for Friendships, civic-moral and civic-political are specified as missing values in 

the concurrent calibrations. 

 When concurrent calibration is used, item parameters for the operational items in both the new 

and the old forms are estimated simultaneously in a single calibration run (Hanson, 1999) . Because the 

new and old forms have items in common, the resulting item parameters for all items in the concurrent 

calibration run are on the same scale.  

After we have the estimated parameters, we calculated the unscaled factor scores for the joint 

dataset with the lavPredict function in the lavaan (Rosseel, 2012) package. 

5. Observed score scaling and linking 

Although factor score extraction theoretically results in factor scores that are normally 

distributed on a latent trait continuum ranging from -3 to +3 with a mean of 0 and standard deviation of 

1, in practice those scores are on slightly different scales: the means, standard deviations, and scale 

continuum ranges may be slightly different from the values listed above, and those differences may vary 

across the scales (DiStefano & Hess, 2005). To make meaningful comparisons between scores calculated 

with the concurrent calibrated model and the scores generated in 2019, we conducted the following 

scaling and linking procedure. 

First, we conducted a scaling procedure to transform all the scores (i.e., the joint dataset of 

spring 2019 and fall 2020) calculated using the concurrent calibration model to a scale with a mean of 50 

and a standard deviation of 10. It seems at this point that we should be finished because the original 

spring 2019 scores also were scaled to have means of 50 and standard deviations of 10. However, when 

we add the spring 2019 and fall 2020 datasets together, we change the relative position of the spring 

2019 participants to the overall distribution. We can use the Happiness dimension scores as an example. 

The Happiness dimension’s original spring 2019 mean is 50 with a standard deviation of 10. From the 
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concurrent calibration model with the joint dataset, the spring 2019 Happiness dimension’s mean and 

standard deviation are 52.78 and 9.87. The spring 2019 participants’ responses did not change, but 

because the overall distribution of factor scores changed when we combined the spring 2019 and fall 

2020 data, the spring 2019 scores’ relative mean and standard deviation values changed.  

To get the scores back into the same scale as the original spring 2019 scores (i.e., mean 50, 

standard deviation of 10), we used a linear linking and equating procedure (Kolen et al., 2014, p31). The 

first step in this procedure is to develop a formula that links (a) the spring 2019 scores calculated from 

the concurrent calibration to (b) the original spring 2019 scores. The linear linking and equating 

procedure is defined by setting standard deviation scores (z-scores) on the two forms to be equal. After 

some algebra, the resultant formula is a linear regression in which we solve for y:  

��(�) = � = �	 + � 
In this formula, ��(�) (or �) is the converted scores we need, and 	is the scores from the 

concurrent calibration model. Using the Happiness dimension as an example, ��(�)is the spring 2019 

Happiness scores after they have been converted from the concurrent calibration model scoring (x 

scores, mean = 52.87) to the original spring 2019 scale (y scores, mean = 50). The slope (a) for this 

formula is 
(�)
�(�), and the intercept (b)  is ��(�) − (�)

(�)�. If we substitute those values into our regression 
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Continuing with our Happiness dimension example, Happiness dimension scores for all 2019 

participants calculated from the concurrent calibration model have a mean of 52.78 (�(�)) and a 

standard deviation of 9.87 (



Fall 2020 WFU WBA Technical Report 21 

05/25/21 

 

 

 

References 

Buuren, S. van, & Groothuis-Oudshoorn, K. (2011). mice: Multivariate Imputation by Chained Equations 

in R. Journal of Statistical Software, 45(1), 1–67. https://doi.org/10.18637/jss.v045.i03 

Chen, F., Curran, P. J., Bollen, K. A., Kirby, J., & Paxton, P. (2008). An empirical evaluation of the use of 



Fall 2020 WFU WBA Technical Report 22 



Fall 2020 WFU WBA Technical Report 23 

05/25/21 

 

 

 

Tables  

Table 1. Content differences for items in the Activity Engagement dimension  

ACT2_1 Spring 2019 I am involved in at least one activity at my school that I enjoy. 

Fall 2020 I am involved in at least one activity that I enjoy. 

ACT2_2 Spring 2019 I am involved in at least one activity at my school that has expanded my skills. 

Fall 2020 I am involved in at least one activity that has expanded my skills 

ACT2_3 Spring 2019 I am involved in at least one activity at my school that is meaningful to me. 

Fall 2020 I am involved in at least one activity that is meaningful to me. 
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o Asian = Asian, not Hispanic 

o 
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Table 5 Correlations between the scores extracted from the model generated with the spring 2019 parameters and the model that was 

recalibrated to the fall 2020 data 

 

 

 happiness anxiety depression loneliness 

social 

anxiety 

life 

satisfaction 

self- 

esteem optimism perseverance

activity 

engagement 

academic 

 engagement belonging meaning purpose coping 
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Appendix 

2020 fall administration Scoring Code 

###Prepare data  
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                        "COPING_1","COPING_2","COPING_3", 

                        "TRIM_WTS") 

dat_concu_2019<-dat_2019[,var_list2019] 

dat_concu_2019$year<-paste("2019") 

dat_concu_2020<-dat_2020[,var_list2020_15dimen]  

dat_concu_2020$year<-paste("2020") 

dim(dat_concu_2020)  

###change dat_concu_2020 colnames the same as dat_concu_2019   

colnames(dat_concu_2020) <- c("HAPPY_1","HAPPY_2","HAPPY_3","HAPPY_5" 

                              ,"ANX_1","ANX_2","ANX_3","ANX_5" 

                              ,"DEP_1", "DEP_2","DEP_3","DEP_6", "DEP_7" 

                              ,"LONE_1","LONE_2","LONE_3","LONE_4","LONE_5" 

                              ,"SOCANX_1","SOCANX_2","SOCANX_3" 

                              ,"LIFESAT_1","LIFESAT_2","LIFESAT_4" 

                              ,"SELFEST_1","SELFEST_3","SELFEST_4" 

                              ,"OPT_2","OPT_3","OPT_5" 

                              ,"PERS_1","PERS_2","PERS_3" 

                              ,"ACT2_1","ACT2_2","ACT2_3" 

                              ,"ACAENG_1","ACAENG_2","ACAENG_3" 

                              ,"BELONG_1","BELONG_2","BELONG_3" 

                              ,"MEANING_1","MEANING_2","MEANING_3" 

                              ,"PURP_1","PURP_2","PURP_3", 

                              "COPING_1","COPING_2","COPING_3", 

                              "TRIM_WTS","year") 

 

####Add back 10 items in friendship civi1 civic2 di
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dat_score_joint<-rbind(dat_2019_nongrad_tem,dat_2020_nongrad_tem) 
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fit_newweightsconcu<-cfa(model2019, missing='fiml', 

data=dat_score_joint,sampling.weights="TRIM_WTS", 

                         estimator="MLR",std.lv=TRUE ) 

score_concu<-lavPredict(fit_newweightsconcu,method="Bartlett") 

 

###Linear equating to the original scaled 2019 scores 

##First scaling two scores to a scale with a mean of 50 and a standard deviation of 10 

score_concu<-as.data.frame(score_concu) 

for (i in (1:18)) { 

  score2019[,i]<-scale(score2019[,i],scale=TRUE)*10+50 

  score_concu[,i]<-scale(score_concu[,i],scale=TRUE)*10+50 

} 

###Adjusted scales so that the  scores calculated from concurrent calibrations could be comparable to 

the original 2019 scores  

score_concu_2019scale<-score_concu_2019 

for (i in (1:18)) { 

  score_concu_2019scale[,i]<-scale(score_concu_2019[,i],scale=TRUE)*10+50 

} 

##put 2020 scores (calculated from concurrent calibration to original 2019 score scale) 

score_concu_2020<-score_concu[11922:22821,] 

score_concu_2020scale<-score_concu_2020 

for (i in (1:18)) { 

  for  (j in (1:10900)){ 

    score_concu_2020scale[j,i]<-(score_concu_2020[j,i]-

mean(score_concu_2019[,i],na.rm=TRUE))/sd(score_concu_2019[,i],na.rm = TRUE)*10+50 

  } 

} 

 

###Change score names to "xx.FS" 

colnames(score2020_2019parameters_18dimension)<-

c("HAPPY_FS","ANX_FS","DEP_FS","LONE_FS","SOCANXO c8dimension)<-bzO3E4x)okD3z3w4j3)rkOOzjb4w)ekDwzEfIIO)_kDjzEE4Ex)ckbzO3E4x)okD3z3wxf)nk*?LAwxjz4I3gIg?dA')ckDOzjz4I3gI3en (1:1-w3)OkDwbfwEE4)Nkj)_kfzEEObx)1kDEz4Eb3j)8kD_FS","SOCANXO 
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dat_2020_scores<-cbind(dat_2020,score_concu_2020scale[,c(1:15)]) 

##save the file 2020 fall scores calculations 

write.csv(dat_2020_scores,"2020fall_factorscores_originaldatiswba_fall_2020_power_bi_dummy_v2no

friedncivic1&2_new scaling.csv",row.names = FALSE） 


