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Executive Summary 

In this report we detail psychometric analyses undertaken on the Mental Health Services 

Use Questionnaire (MHSUQ), with a primary focus on models for indirect items developed 

under the theory of planned behaviour (TPB). Results of initial confirmatory models, exploratory 

models, and models that combine indirect and direct items are presented. In brief, we argue that 

meaningful subconstructs can be found for most indirect constructs on the MHSUQ. Reflective 

models for these indirect subconstructs did an adequate job of predicting direct measures of TPB 

constructs. In addition, little difference was found between recoded and originally coded versions 

of the indirect items. However, for some constructs caution is warranted due to concerns over 

model fit. Synthesizing across these results we present estimates of reliability along with 

recommendations for scoring and specific recommendations for scale revision. Several 

additional structural equation models evaluated the plausibility of the TPB in predicting 

behaviour (self-reported mental health services use) and longitudinal changes in TPB constructs 

throughout the course of training.  
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 In this report, we detail psychometric analyses and structural equation models conducted 

on the indirect and direct items of the Mental Health Services Use Questionnaire (MHSUQ). 

This questionnaire was administered as part of the Road to Mental Readiness (R2MR) training 

program. Due in part to the vast quantity of results, the main text of this report is kept brief and 

results (Tables and Figures) are mixed with text. We assume the reader has read the 

accompanying report for Task 6.11 of the same contract or other publications to obtain further 

details on the background of the questionnaire, its test development process and underlying 

theory, and the dataset and study used for analysis. The psychometric analyses reported here 

follow the analysis plan in Task 6.11 with some modifications as a result of discussions with 

content experts (e.g., Deniz Fikretogolu) and challenges encountered when analyzing such items. 

 The main analyses of this report are organized into six sections. In Section A, we report 

results of the seven confirmatory factor analysis (CFA) models initially proposed as part of Task 

6.11. These models were based on knowledge of how items were initially grouped based on the 

Theory of Planned Behaviour (TPB) and the existence of pairs of items with similar content, but 

no further considerations of item content. In Section B, we report some results regarding 

exploratory factor analysis (EFA) models fit to MHSUQ data. These models were an attempt at 

synthesizing both model fit and an inspection of item content to find groups of items that may 

both yield models that fit the data and make substantive/theoretical sense. In Section C, we are 

primarily concerned with how indirect items for the MHSUQ predict their corresponding direct 

constructs (i.e., combined models), and whether newly defined CFA models based in part on the 

results of EFA models have adequate model-data fit. In addition, formative measurement models 

for indirect items are also included in Section C as these models are sometimes recommended for 

indirect items developed under TPB. Combined, the above three sections encompass Task 6.12 
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and touch on some results relevant for scale revision under Task 6.13. Due to concerns over 

model fit for some constructs, Section C did not yet include other behavioural outcomes and 

analyses were separate for each TPB construct. In Section D, we provide some results and 

recommendations regarding scoring of the indirect items for the MHSUQ in conjunction with 

model-based reliability estimates. These recommendations are based largely on the results of the 

models in Section C. Section E provides recommendations for scale revision and conclusions 

based on previously presented psychometric analyses. Taken together, Section C, D, and E 

encompass Task 6.13 with the goal of providing scoring and scale revision recommendations. 

Finally, Section F provides results of analyses for Task 6.14, which is aimed at testing the TPB 

model that underlies development of the MHSUQ.  

Accompanying some sections (Sections A and C) are separate Appendices that provide 

further statistical results. That is, not all Tables and Figures are reported in this primary report 

due to space constraints. If reference to a Table or Figure appears in the text that follows, we will 

use the corresponding letter so that the reader knows which Appendix to reference (e.g., “Table 

A1”). Before detailing results from each of these sections, we briefly provide an overview 

regarding how data were handled for each Section. 

Data and Analysis Overview 

Sections A through E. The data used for psychometric analyses (Sections A through E) 

comprised of the first time point in a group randomized control trial (GRCT) of the R2MR and 

were collected from January 15, 2017 to June 30, 2018. It was expected that this first time point 

would have the least amount of missing data. It is also the baseline measurement point where the 

intervention has not yet been applied and group clustering (recruits nested in platoons) would 
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have the least effect, meaning that such clustering is arguably ignorable at this point and a 

multilevel model may not be required. 

Upon receipt of the data, we noted that 2,831 available respondents were not duplicated 

entries, had not been recoursed, and had valid platoon numbers in the data file. We randomly 

divided this sample into two with 1,400 (Sample 1) and 1,431 (Sample 2) respondents, 

respectively. Sample 1 was used for all analyses in Sections A and B. Although some models 

were “confirmatory” in Section A, many of these analyses were exploratory as little 

psychometric analyses have been conducted with the indirect MHSUQ items. Sample 2 was used 

for all analyses in Sections C and D, as these were primarily confirmatory and based on results 

from Sections A and B. Note that the strategy of dividing a sample into two to perform EFA and 

then CFA is sometimes recommended (Cudeck & Browne, 1983), but may be controversial. In 

particular, since both samples come from the same population and completed the same versions 

of the questionnaire, any capitalization on chance that exists in the exploratory phase of the 

analyses may be expected to also be present in the confirmatory phase. However, we note that in 

the models in the confirmatory phase are not identical to those in the exploratory phase, and 

additional sources of information to judge the relative merits of various modeling approaches 

were considered in Sections C and D that were not initially considered. In particular, the criterion 

validity (i.e., prediction of constructs measured using direct items) and a comparison of various 

scoring procedures were not considered in the exploratory phase when deciding among models. 

Therefore, we expect that the confirmatory phase may represent a relatively fair comparison of 

modeling approaches. Ideally, future research should collect additional data based on these 

results and revisions to the MHSUQ. 
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 The presence of missing data was examined before continuing with the proposed analyses. 

In all across all 90 MHSUQ questions and the sample detailed above, 2,166 respondents had 

complete data, meaning that 655, or approximately 23% of respondents had at least some missing 

responses. The actual amount of missingness per respondent was quite low and overall 

approximately 3.4% of responses were missing. With the exception of slightly higher 

missingness on the first three items (measuring direct instrumental attitudes), the pattern of 

missing data resembled a fatigue or boredom effect. In particular, higher rates of missing data 

were present for items that appeared later in the MHSUQ. Figure 1 displays the proportion of 

missing data per item (the left-hand panel) and visually depicts all missing data patterns (on the 

right-hand panel). On the left-hand panel, each bar represents the proportion of missing 

responses per item, and items are in the order of appearance. Thus, we see that rates of missing 

data increased for items that appeared later in the questionnaire. Also consistent with a fatigue 

effect, there were also many missing data patterns whereby the respondent completed some 

initial set of items diligently, but then exhibit missingness for all or some of the remaining items 

on the questionnaire. In particular, each row of the right-hand panel indicates a response pattern 

with “blue” indicating a complete response and “red” indicating missing response. As discussed 

in the report for Task 6.11, all analyses we report here (EFA and CFA models), where possible 

we used appropriate modeling techniques to include all available responses, even if respondents 

had some missing data. Only if respondents have missing data on all relevant items, we conduct 

parallel analysis for EFA models in Section B, or when we provide comparisons with sum scores 

in Section D do we remove additional respondents from the data. 
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Figure 1. Missing data proportion and patterns for all MHSUQ items. 

 

Three different estimation approaches were used for all psychometric models: lavaan 

with complete data only, lavaan with missing data, and rsem. These estimation approaches are 

discussed in the report for Task 6.11. In brief, the latter two approaches both handle missing data. 

Rsem additionally down-weights 10% of multivariate outliers. In most cases, however, negligible 

differences were found between these estimation techniques. As an example, we do present some 

results of model fit from rsem in Section A, but otherwise concentrate mostly on lavaan with 



  8 
 

complete data results. Differences across lavaan and rsem appeared to be small for these 

analyses. A second reason for this focus is that it was discovered that rsem does not readily 

provide standardized estimates of model coefficients alongside standard errors for hypothesis 

testing, making results slightly harder to interpret. 

Section F. Section F required data used from across all three time points of the GRCT, 

which we will refer to as T1, T2, and T3, respectively. For analyses in Section F, the sample was 

not randomly divided. There are two reasons for this. First, based on the results of sections A 

through E, it was decided that due to concerns over model fit for some TPB constructs, only 

direct items would be used in models to test the TPB underlying the items and to investigate 

longitudinal change. Since the models in Section F are essentially confirmatory models and are 

not relevant to exploratory analyses on indirect items, it seemed appropriate to use the entire 

sample. Second, some of the models in Section F were found to be quite difficult to estimate. We 

therefore sought to utilize the entire sample where possible to help stabilize estimation of these 

difficult models. In fact, we switched software to Mplus (Muthén & Muthén, 1998-2017) as 

lavaan experienced some estimation difficulty. For analyses, direct items were declared as 

(ordered) categorical, missing data was declared, and the WLSMV estimator was used for 

estimation (e.g., see Newsom, 2015, for a discussion of this estimation approach for longitudinal 

models). These estimation options are similar to lavaan with appropriately handling missing data, 

except instead of adjusting for nonnormality after the fact, the data are assumed ordered 

categorical during estimation. Whether all time points, some time points were considered is later 

discussed in Section F alongside each model. Models presented in Section F concerned only the 

control participants. One platoon was removed due to notes in the data file indicating they 

received the R2MR before T3. The total sample size utilized for such analyses was N=1,331. As 
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a final note, missing data was far more prominent at T2 and T3. Across the available sample 

(both control and treatment), approximately 26% and 37% missing data was observed at T2 and 

T3, respectively. 

Items and Construct labels. In what follows, we also refer to Table 1 and 2 for 

abbreviations for items for both original and recoded items, respectively. Note that some labels 

have changed for this report, such as the abbreviations for originally coded items. This change in 

labels was done so that each item would be more readily identifiable in Tables of results. A full 

list of items appears in Appendix A. 

Table 1. Original indirect items for each construct on the MHSUQ. 

Type TPB Construct Subconstruct # of 

Items 

Abbreviation 

Indirect Attitudes Behavioural Beliefs 12 BB 

Indirect Attitudes Outcome Evaluation 12 OE 

Indirect Norms Subjective Norms 8 SN 

Indirect Norms Motivation to Comply 8 MC 

Indirect Perceived Behavioural Control Control Beliefs 10 CB 

Indirect Perceived Behavioural Control Power of Control Beliefs 10 PCB 

 

Table 2. Recoded indirect items for each construct on the MHSUQ. 

Type TPB Construct # of 

Items 

Abbreviation 

Indirect Attitude 12 IA 

Indirect Subjective Norms 8 IN 

Indirect Perceived Behavioural Control 10 PBC 
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Section A: Initial CFA Models 

 Overall, the initially proposed CFA models did not adequately fit the data, and those that 

were the best-fitting often had interpretational problems. That is, the results of such models did 

not make substantive sense. We therefore report only on overall model fit in this report, and refer 

the reader to Appendix A for full results of each model. Recall that all such models were fit to 

each of the three TPB constructs separately. That is, TPB constructs were not combined into a 

single model. 

 As an example, see Tables 3 and 4, which contain results of overall model fit for Models 

1 through 7 for Attitudes using both lavaan (complete data) and rsem. We report results of a 

scaled chi-square, which appropriate adjusts for non-normality, along with its significance test, 

CFI, RMSEA, lower and upper 90% confidence limits for RMSEA (i.e., RMSEA.L90 and 

RMSEA.U90) and standardized root mean square residual (SRMR). 

 Note that none of the models fit the data according to the scaled chi-square (i.e., p-values 

are all so small they round to zero). Other indices of model fit provide a similar story as CFI 

values are generally small than typically acceptable ranges – we would hope for .95 or above – 

and RMSEA and SRMR are also too high (ideally we hope for smaller values, than .06 or so; Hu 

& Bentler, 1999). Only Models 5 and 6 are anywhere near such conventionally accepted values. 

These models were fit to originally coded items, and represent bifactor models that have what we 

hope is a main substantive dimension that we wish to interpret, along with two “method” factors 

that we hope merely explain additional dependency among the indicators. Model 6 additionally 

has residual covarainces among pairs of items that have similar content. Figures illustrating these 

seven types of models appear in the report for Task 6.11, and are repeated at the end of Appendix 

A. 
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Table 3. Attitudes: Overall model fit for initial CFA models fit with lavaan. 

Model 
Scaled Chi-

square df p-value CFI RMSEA RMSEA.L90 RMSEA.U90 SRMR 
1 1888.38 54 0 0.34 0.17 0.16 0.17 0.19 
2 4582.00 252 0 0.46 0.12 0.11 0.12 0.13 
3 3880.81 251 0 0.54 0.11 0.11 0.11 0.15 
4 4556.41 240 0 0.46 0.12 0.12 0.12 0.13 
5 1127.04 228 0 0.89 0.06 0.05 0.06 0.05 
6 1068.00 216 0 0.89 0.06 0.05 0.06 0.05 
7 3298.49 239 0 0.62 0.10 0.10 0.10 0.15 
 

Table 4. Attitudes: Overall model fit for initial CFA models fit with rsem. 

Model 
Scaled Chi-

square df p-value RMSEA SRMR 
1 2731.44 54 0 0.19 0.22 
2 5611.29 252 0 0.12 0.14 
3 4454.60 251 0 0.11 0.15 
4 5370.25 240 0 0.12 0.14 
5 1363.08 228 0 0.06 0.05 
6 1291.46 216 0 0.06 0.05 
7 3818.76 239 0 0.10 0.15 
 

Table 5. Norms: Overall model fit for initial CFA model fit with lavaan. 

Model 
Scaled Chi-

square df p-value CFI RMSEA RMSEA.L90 RMSEA.U90 SRMR 
1 504.58 20 0 0.76 0.14 0.13 0.14 0.08 
2 3090.78 104 0 0.40 0.15 0.14 0.15 0.15 
3 1405.86 103 0 0.74 0.10 0.09 0.10 0.08 
4 4021.69 96 0 0.21 0.18 0.17 0.18 0.14 
5 911.33 88 0 0.83 0.08 0.08 0.09 0.07 
6 871.91 80 0 0.84 0.09 0.08 0.09 0.06 
7 1321.24 95 0 0.75 0.10 0.10 0.10 0.08 
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Table 6. Norms: Overall model fit for initial CFA model fit with rsem. 

Model 
Scaled Chi-

square df p-value RMSEA SRMR 
1 700.47 20 0 0.16 0.08 
2 3614.08 104 0 0.16 0.15 
3 1676.99 103 0 0.10 0.08 
4 3547.88 96 0 0.16 0.15 
5 1030.47 88 0 0.09 0.07 
6 981.30 80 0 0.09 0.07 
7 1585.66 95 0 0.11 0.08 
 

Table 7. Perceived Behavioural Control: Overall model fit for initial CFA model fit with lavaan. 

Model 
Scaled Chi-

square df p-value CFI RMSEA RMSEA.L90 RMSEA.U90 SRMR 
1 483.45 35 0 0.75 0.10 0.09 0.11 0.09 
2 1891.30 170 0 0.57 0.09 0.09 0.09 0.09 
3 1455.64 169 0 0.68 0.08 0.07 0.08 0.08 
4 1776.61 160 0 0.60 0.09 0.09 0.09 0.09 
5 769.29 150 0 0.85 0.06 0.05 0.06 0.05 
6 671.59 140 0 0.87 0.05 0.05 0.06 0.05 
7 1316.00 159 0 0.71 0.08 0.07 0.08 0.08 
 

Table 8. Perceived Behavioural Control: Overall model fit for initial CFA model fit with rsem. 

Model 
Scaled Chi-

square df p-value RMSEA SRMR 
1 589.50 35 0 0.11 0.09 
2 2137.95 170 0 0.09 0.09 
3 1636.61 169 0 0.08 0.08 
4 2000.07 160 0 0.09 0.09 
5 840.40 150 0 0.06 0.05 
6 732.24 140 0 0.06 0.05 
7 1471.60 159 0 0.08 0.08 
 



  13 
 

 For these two models, most loadings on the main substantive dimension make theoretical 

sense (see Tables A5 and A6). For example, BB items have either positive or negative loadings 

depending on whether the item pertains to some beneficial or harmful belief about seeking 

mental health services. However, some main loadings are quite close to zero (e.g., BB3 and BB4 

for Model 5) and many loadings for the method factors are stronger than those for the 

substantive dimension (e.g., OE7 through OE12 for Model 5). Furthermore, residual covariances 

among items under Model 6 are not always positive as one might expect with such pairs of items 

(e.g., Items BB and OE 1, 2, 4, and 7). 

 This similar pattern of results held for Norms and Perceived Behavioural Control. Models 

5 and 6 tended to be the best fitting models (Tables 5 through 8), but a closer inspection revealed 

interpretational problems with the loadings on the main dimension that were close to zero, in an 

unexpected direction, or were weaker than the corresponding loading on the so-called method 

factor. We take this as substantial evidence that such bifactor models are not an accurate 

representation. 

Section B: EFA Models 

 As mentioned in the report for Task 6.11, it is possible that a different CFA model not yet 

proposed may provide an adequate representation for the relationships among indirect items. 

Based on an inspection of item content, we decided that such a model may in fact produce a 

more parsimonious and useful model than one that supposes a formative measurement model.  

The exact configuration of how items for each items would form into clusters was someone 

difficult to determine a priori due in part to content heterogeneity, but we expected such an 

inspection of item content may prove useful for interpreting EFA results and suggesting scale 



  14 
 

modifications. We therefore attempted a series of exploratory factor analysis (EFA) models to 

provide additional clues. 

 The procedure for these EFA analyses was as follows. First, scree plots along with results 

of parallel analysis (both conducted on complete data and using maximum likelihood estimation) 

were examined to determine approximately how many factors may be reasonable for each 

construct and each set of items (recoded versus original items separately). Second, EFAs were 

conducted separately for each construct and set of items using a range of factors informed by the 

above analyses. For each set of items, EFAs were conducted twice: once with lavaan (complete 

data) and once with rsem. However, in most cases these results were rather congruent. In what 

follows, we therefore primarily discuss and report the lavaan results. In both cases, the 

GPARotation package was used in conjunction with an oblique rotation method (i.e., Oblimin) 

on standardized factor loadings, allowing for factor correlations. In both cases, the initial 

covariance matrix among latent variables was fixed to an identity matrix (i.e., orthogonal latent 

variables), and loadings above the upper diagonal of the loadings matrix were fixed to zero in 

order to identify the EFA model prior to rotation. In what follows, we report rotated standardized 

factor loadings and results of model fit. 

 Third, a “best solution” for each set of items based on these initial analyses was chosen 

by balancing considerations regarding both model fit and interpretability. That is, we sought a 

solution that would be interpretable given knowledge of item content, but also chose a more 

complicated solution if it was both more interpretable and appeared to have much better model 

fit. These decisions are holistic in some sense and no explicit statistical criterion was used.  

However, an independent clusters solution was sought in that it would provide the best 

operational ease in interpretability and scoring. That is, we hoped that items would load 
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substantially on only one factor and that the pattern of loadings would allow easy interpretation 

of the factors. The “best solution” in some cases still had challenges. For example, some items 

did not load on a single factor (i.e., cross-loadings, with an absolute value of .2 as a rough 

guideline; values above this threshold appear in bold in Tables below), which can cause further 

downstream confusion regarding how to appropriately produce scores for constructs that contain 

such items, and which can lead to problems with model fit if revised CFA models are later 

attempted. In addition, some solutions were interpretable, but still had inadequate model fit. We 

therefore decided in some cases to attempt removing some problematic items from EFA analyses, 

and re-run EFA models to see if results were clearer. In a number of cases, models with more 

estimated factors were no longer estimable due to estimation difficulty or failure of rotation 

methods to converge to a solution. Decisions regarding which items were problematic were 

based in part on the presence of cross-loadings, or considerations regarding what items might be 

problematic based on inspection of item content. Any such decisions will be briefly discussed 

along with each construct. We now discuss each construct separately and for both recoded and 

original items. 
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Attitudes – Recoded Items 

Figure 2. Attitudes: Scree plot for recoded items. 

 

 The parallel analysis and scree plot appear to suggest two to four factors may be adequate 

for the recoded Attitudes items, though the first two factors would likely explain the majority of 

relationships among items. We therefore attempted EFAs between two to four factors. The two-

factor solution was the most interpretable, with most loadings suggesting that the two factors 

pertained to positive (Factor 1) and negative (Factor 2) consequences of seeking mental health 

services. However, items 3 and 4 exhibited cross-loadings.1 Item 3 seemed to be the most 

ambiguous; for example, it may not be clear whether there are positive or negative consequences 

to others finding out that mental health services were sought. EFA solutions were therefore 

attempted dropping only item 3, yet item 4 still exhibited cross-loadings. Additionally, in 

                                                           
1 Recall that Item 3 here is a recoded item, and is therefore the product of BB3 and OE3. The 
same concept holds for other items in which an exact prefix label is not used. 
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considering originally coded items, items 4 and 8 were also somewhat problematic. The final 

EFA solution that appeared to have decent fit and interpretable loadings therefore omitted items 

3, 4, and 8 (see Tables 9 through 11). Some minor modifications were made to this model in 

Section C. Specifically, item 4 appeared to be less problematic for recoded items and was in fact 

retained. 

Table 9. Final EFA models for recoded Attitudes. 

Number 
of 
Factors 

Scaled 
Chi-square df p-value CFI RMSEA RMSEA.L90 RMSEA.U90 SRMR 

2 144.81 19 0 0.94 0.07 0.06 0.08 0.03 
 

Table 10. Rotated factor loadings for 2-factor recoded Attitudes items. 

Item Factor 1 Factor 2 
IA1 0.76 -0.03 
IA2 0.78 0.04 
IA5 0.63 -0.09 
IA6 0.60 0.10 
IA7 0.07 -0.60 
IA9 0.10 -0.69 
IA10 -0.08 -0.55 
IA11 -0.06 -0.76 
IA12 -0.03 -0.70 
Table 11. Factor correlations for 2-factor recoded Attitudes items. 

 Factor 1 Factor 2 
Factor 1 1 0.08 
Factor 2 0.08 1 
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Attitudes – Original Items 

Figure 3. Attitudes: Scree plot for original items. 

 

 For original Attitudes items, it appeared as though three to five factors might be 

appropriate. We attempted all such EFA solutions. Model fit was clearly inadequate for only two 

factors and improved to decent levels with three or more Factors. The four-factor solution was 

most similar to results found with recoded items in that two factors appeared to mostly represent 

positive and negative consequences for BB items, and also two similar such factors for OE items. 

However, there was not prefect correspondence due to some items either loading on what 

appeared to be the wrong factor for such an interpretation, or cross-loading on more than one 

factor. In particular items BB8 and OE4 exhibited such problems (along with items OE7 and 

OE9). Items 3 and 8 were noted to have been identified during testing as potentially being 

confusing to respondents. However, it appeared to also be necessary to drop item 4 (despite its 
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appealing coverage of content) otherwise it resulted in a negative and uninterpretable loading. 

We then re-ran EFA analyses with two to four factors. Unfortunately, a 4-factor solution, 

although most defensible due to interpretational considerations, experienced estimation problems. 

The three-factor model, with rotated loadings in Table 13, appeared to show a pattern of loadings 

similar to that found for recoded items, with the exception that positive BB and OE items all 

loaded on the same factor (Factor 1), with the other two factors representing negative versions of 

BB (Factor 2) and OE (Factor 3) as separate factors. We therefore suspect that it is possible that 

separate positive BB and OE factors may be defensible theoretically, but may correlate highly 

such that EFAs experience such estimation and/or rotation problems. We therefore report results 

of fit from the two and three factor models, omitting items 3, 4, and 8, along with loadings and 

factor correlations from the corresponding 3-factor EFA model. A four-factor confirmatory 

model will later be attempted in Section C.2 

Table 12. EFA Models for original Attitudes items. 

Number 
of 
Factors 

Scaled 
Chi-square df p-value CFI RMSEA RMSEA.L90 RMSEA.U90 SRMR 

2 1945.75 118 0 0.70 0.11 0.11 0.11 0.09 
3 488.11 102 0 0.94 0.05 0.05 0.06 0.03 
 

  

                                                           
2 Positive BB and OE factors correlated .84 in the model attempted in Section C; these full 
results are in Table C4 in Appendix C. 
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Table 13. Rotated factor loadings for 3-factor original Attitudes items. 

Item Factor 1 Factor 2 Factor 3 
BB1 0.52 0.00 -0.05 
BB2 0.72 0.07 -0.01 
BB5 0.74 -0.05 0.09 
BB6 0.71 0.01 0.03 
BB7 -0.01 0.68 -0.07 
BB9 0.09 0.82 -0.02 
BB10 -0.09 0.53 0.12 
BB11 -0.01 0.76 0.04 
BB12 -0.11 0.63 0.02 
OE1 0.70 0.01 -0.03 
OE2 0.61 0.03 -0.11 
OE5 0.60 -0.13 0.01 
OE6 0.40 0.03 -0.22 
OE7 0.09 -0.17 0.52 
OE9 0.14 -0.09 0.64 
OE10 -0.11 0.04 0.61 
OE11 -0.02 0.02 0.80 
OE12 -0.04 0.08 0.77 
 

Table 14. Factor correlations for 3-factor original Attitudes items. 

 Factor 1 Factor 2 Factor 3 
Factor 1 1 -0.35 -0.21 
Factor 2 -0.35 1 0.02 
Factor 3 -0.21 0.02 1 
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Norms – Recoded Items 

Figure 4. Norms: Scree plot for recoded items. 

 

 One to three factors were attempted for recoded Norms items. Model fit only approached 

acceptable levels with two and three factors. The solution with only two factors made the most 

substantive sense as the two factors corresponded closely to norms coming from others in the 

Canadian Forces (Factor 1) and norms from others close to the respondent (Factor 2). Only item 

2 exhibited cross-loadings and this item pertained to norms from one’s family. It was expected 

based on initial inspection of content that this item may not clearly fit with items pertaining to 

close others, unless it is somehow clear that respondents are close with their family. Thus, this 

item may not be relevant for all respondents, even if it were to be relevant to many respondents. 

We return to this issue in Section C. Although the cross-loading for item 2 was slightly smaller 

when rsem was used for estimation, RMSEA of the 2-factor rsem model (.11) potentially 
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indicated some model misfit. We therefore experimented with dropping item 2 and re-running 

EFAs with one to three factors. The two-factor solution again exhibited the most interpretable 

solution, and model fit appeared to be reasonable, though did not strictly fit the data according 

the scaled chi-square (Tables 15 through 17). 

Table 15. Final EFA models for recoded Norms items. 

Number 
of 
Factors 

Scaled 
Chi-square df p-value CFI RMSEA RMSEA.L90 RMSEA.U90 SRMR 

1 393.37 14 0.00 0.77 0.14 0.13 0.15 0.08 
2 36.40 8 0.00 0.98 0.05 0.04 0.07 0.02 
3 7.18 3 0.07 1.00 0.03 0.00 0.06 0.01 
 

Table 16. Rotated factor loadings for 2-factor recoded Norms items. 

Item Factor 1 Factor 2 
IN1 0.50 0.13 
IN3 0.14 0.43 
IN4 0.89 -0.09 
IN5 0.48 0.15 
IN6 0.00 0.77 
IN7 0.75 0.10 
IN8 0.00 0.84 
 

Table 17. Factor correlations for 2-factor recoded Norms items. 

 Factor 1 Factor 2 
Factor 1 1 0.53 
Factor 2 0.53 1 
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Norms – Original Items 

Figure 5. Norms: Scree plot for original items. 

 

 For originally coded Norms items, somewhere between three and five factors were 

suggested by the scree plot and parallel analysis. Visually, it appeared that three factors might 

explain most of the relationship among items. Two through five factors were attempted. 

Although the two-factor solution was interpretable with a very clear separation of Motivation to 

Comply and Subjective Norms items, it did not have good fit. Fit did not approach a reasonable 

level until four or more factors. The four-factor solution appeared to be most interpretable with 

Forces (Factor 1) and close others (Factor 2) for Motivation to Comply items, and Forces (Factor 

3) and close others (Factor 4) for Subjective Norms items. However, item MC2 and SN1 had 

cross-loadings. Since item 2 was also problematic for recoded items, we re-ran EFA analyses 

without items MC2 and SN2 (Tables 18 through 20). Items SN1 and SN5 also exhibited small 
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cross-loadings, however, these values were very close to .2 and we do not have a good 

theoretical reason to understand why such cross-loadings may exist. If either item were dropped, 

there would not be enough items for an identifiable factor corresponding to close others. In other 

words, further dropping such items may yield estimation problems. We therefore retained these 

items in Section C. 

Table 18. EFA Models for original Norms items. 

Number 
of 
Factors 

Scaled 
Chi-square df p-value CFI RMSEA RMSEA.L90 RMSEA.U90 SRMR 

2 938.68 64 0 0.80 0.10 0.10 0.11 0.07 
3 451.11 52 0 0.91 0.08 0.07 0.08 0.04 
4 122.46 41 0 0.98 0.04 0.03 0.05 0.02 
5 83.92 31 0 0.99 0.04 0.03 0.05 0.01 
 

Table 19. Rotated factor loadings for 4-factor original Norms items. 

Item Factor 1 Factor 2 Factor 3 Factor 4 
MC1 0.46 0.18 0.00 -0.02 
MC3 0.19 0.35 -0.13 -0.06 
MC4 0.90 -0.08 0.00 -0.03 
MC5 0.44 0.17 -0.01 0.09 
MC6 -0.01 0.80 -0.01 0.00 
MC7 0.74 0.12 0.00 0.03 
MC8 0.02 0.80 0.00 0.00 
SN1 0.21 -0.07 -0.04 0.43 
SN3 0.01 0.03 -0.49 0.14 
SN4 -0.01 0.00 0.01 0.87 
SN5 0.05 -0.08 -0.20 0.49 
SN6 0.00 0.01 -0.65 0.03 
SN7 -0.02 0.02 0.01 0.89 
SN8 -0.02 0.00 -0.78 -0.04 
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Table 20. Factor correlations for 4-factor original Norms items. 

 Factor 1 Factor 2 Factor 3 Factor 4 
Factor 1 1 0.49 -0.14 0.14 
Factor 2 0.49 1 -0.22 0.00 
Factor 3 -0.14 -0.22 1 -0.48 
Factor 4 0.14 0.00 -0.48 1 
 

Perceived Behavioural Control – Recoded Items 

Figure 6. Perceived Behavioural Control: Scree plot for recoded items. 

 

 Scree plot and parallel analysis suggested about two to three factors for recoded items for 

Perceived Behavioural Control. Between two and four solutions were attempted. However, three 

and four factor solutions experienced some estimation difficulty and convergence criterion had to 

be modified in order to reach a solution. It therefore seems that only the two-factor solution was 

acceptable on grounds of model fit (Table 21). We were pleasantly surprised that the two-factor 
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solution also had decent model fit and an interpretable pattern of factor loadings. In particular, 

the two factors appear to focus on support/ease of accessibility (Factor 1) and negative aspects or 

barriers (Factor 2) that may affect whether the respondent thinks it will be easy to access mental 

health services (Tables 22 and 23). 

 

Table 21. Final EFA models for recoded Perceived Behavioural Control items. 

Number 
of 
Factors 

Scaled 
Chi-square df p-value CFI RMSEA RMSEA.L90 RMSEA.U90 SRMR 

2 87.39 26 0 0.97 0.04 0.03 0.05 0.02 
3 71.36 18 0 0.97 0.05 0.04 0.06 0.02 
 

Table 22. Rotated factor loadings for 2-factor recoded Perceived Behavioural Control items. 

Item Factor 1 Factor 2 
PBC1 0.68 -0.01 
PBC2 0.63 0.07 
PBC3 -0.09 0.51 
PBC4 0.64 0.08 
PBC5 0.01 0.75 
PBC6 0.67 -0.07 
PBC7 0.15 0.45 
PBC8 -0.04 0.38 
PBC9 0.49 0.11 
PBC10 0.64 -0.09 
 

Table 23. Factor Correlations for 2-Factor Recoded Perceived Behavioural Control Items. 

 Factor 1 Factor 2 
Factor 1 1 0.18 
Factor 2 0.18 1 
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Perceived Behavioural Control – Original Items 

Figure 7. Perceived Behavioural Control: Scree plot for original items. 

 

The scree plot and parallel analysis suggested between four to six factors for original 

items for Perceived Behavioural Control. This seems like many factors considering that there are 

only twenty items (ten per Control Beliefs and Power of Control Beliefs). However, it did appear 

to be the case that model fit did not look acceptable until four or more factors were extracted 

(Table 24). Rotated solutions were difficult to interpret. For instance, in the four-factor solution, 

items CB2 and CB9 were the only items that substantially loaded on the second factor (Tables 25 

and 26). While this made sense given content for these items – both pertained to whether the 

individual would know when to seek help or would be able to properly introspect and know 

when they had an issue that required mental health services – it still caused some estimation 
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difficulty to have only two items for a factor. It was also curious why PCB2 and PCB9 did not 

load on their own factor given that CB2 and CB9 did. PCB items loaded primarily on two factors 

(Factors 3 and 4) in a similar pattern to that found for recoded items. However, PCB7 had 

substantial cross-loadings and several other CB items also loaded on these two factors (CB5, 

CB6, CB7). 

Table 24. EFA models for original Perceived Behavioural Control – all items. 

Number 
of 
Factors 

Scaled 
Chi-square df p-value CFI RMSEA RMSEA.L90 RMSEA.U90 SRMR 

2 1275.85 151 0 0.72 0.08 0.07 0.08 0.06 
3 636.79 133 0 0.87 0.05 0.05 0.06 0.04 
4 439.35 116 0 0.92 0.05 0.04 0.05 0.03 
5 268.42 100 0 0.96 0.04 0.03 0.04 0.02 
6 198.32 85 0 0.97 0.03 0.03 0.04 0.02 
 

Table 25. Rotated factor loadings for 4-factor original Perceived Behavioural Control – all 

items. 

Item Factor 1 Factor 2 Factor 3 Factor 4 
CB1 0.61 -0.08 -0.01 -0.03 
CB2 0.00 -1.09 0 0.01 
CB3 -0.37 -0.06 0.06 -0.01 
CB4 0.52 -0.01 -0.12 -0.01 
CB5 -0.35 0.01 0.23 0.02 
CB6 0.22 -0.07 0.06 -0.40 
CB7 -0.09 0.08 0.19 0.28 
CB8 -0.48 -0.08 -0.1 -0.13 
CB9 0.08 -0.37 0.1 -0.19 
CB10 0.59 -0.01 0.02 -0.08 
PCB1 0.05 0.02 0.02 -0.64 
PCB2 0.01 -0.02 -0.05 -0.68 
PCB3 0.04 0.02 -0.50 0.13 
PCB4 -0.09 0.00 -0.09 -0.71 
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PCB5 0.06 -0.02 -0.65 -0.04 
PCB6 0.03 0.03 0.05 -0.65 
PCB7 -0.04 0.04 -0.50 -0.23 
PCB8 0.01 0.00 -0.51 0.17 
PCB9 0.05 -0.04 -0.08 -0.48 
PCB10 0.08 0.04 0.17 -0.59 
 

Table 26. Factor correlations for 4-factor original Perceived Behavioural Control – all items. 

 Factor 1 Factor 2 Factor 3 Factor 4 
Factor 1 1 -0.28 -0.13 -0.36 
Factor 2 -0.28 1 0.05 0.06 
Factor 3 -0.13 0.05 1 0.06 
Factor 4 -0.36 0.06 0.06 1 

 

Initial inspection of item content suggested substantial content heterogeneity to the point 

that it was not clear ahead of time what factors may emerge. In addition, it seemed that items 3, 5, 

and 6 might actually overlap with content from other TPB constructs (e.g., Motivation to 

Comply, Behavioural Beliefs, and Norms) and that item 7 might be a lone item pertaining to the 

warmth of the therapist. We therefore experimented with dropping all four of these items from 

both CB and PCB and re-running EFAs (Table 27). Once again, a solution that balanced both 

model fit and interpretability was not apparent. For brevity, we report one example of this where 

all four of these items were dropped (Tables 28 and 29). Here, model fit does not appear to 

approach acceptable ranges until three or more factors, though none of these models strictly fits 

according to the scaled chi-square. However, the two-factor solution is the cleanest in which CB 

and PCB items largely separate into two factors and without substantial cross-loadings. 
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Table 27. EFA models for original Perceived Behavioural Control – Dropping items 3, 5, 6, and 

7. 

Number 
of 
Factors 

Scaled 
Chi-square df p-value CFI RMSEA RMSEA.L90 RMSEA.U90 SRMR 

2 335.68 43 0 0.86 0.07 0.07 0.08 0.05 
3 153.63 33 0 0.94 0.05 0.05 0.06 0.03 
4 64.61 24 0 0.98 0.04 0.03 0.05 0.02 
 

Table 28. Rotated factor loadings for 2-factor original Perceived Behavioural Control – 

Dropping items 3, 5, 6, and 7. 

Item Factor 1 Factor 2 
CB1 0.67 -0.01 
CB2 0.43 -0.10 
CB4 0.53 0.01 
CB8 -0.34 0.08 
CB9 0.29 0.12 
CB10 0.60 0.07 
PCB1 0.04 0.65 
PCB2 0.02 0.70 
PCB4 -0.09 0.70 
PCB8 0.10 -0.16 
PCB9 0.06 0.49 
PCB10 0.05 0.58 
 

Table 29. Factor correlations for 2-factor original Perceived Behavioural Control – Dropping 

items 3, 5, 6, and 7. 

 Factor 1 Factor 2 
Factor 1 1 0.38 
Factor 2 0.38 1 
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Section C: Combined Models 

 We next examined models that combined both indirect and direct items for each TPB 

construct. We thus refer to these models as combined models, though in this report we stop short 

of including all TPB constructs in the same model. We were primarily interested in comparing 

measurement models for the indirect items: 1) reflective measurement models informed by the 

results of the above EFA analysis; and 2) formative measurement models. The details for 

formative measurement models are further discussed in the report for Task 6.11. Thus, the 

reflective models were fitted as a test of model fit of these new confirmatory models, and to 

provide a comparison against models in which a formative measurement model was used for 

indirect items. 

Since at this stage we expected that there may be some misfit might occur even just 

within TPB constructs, especially for Perceived Behavioural Control, analyses were performed 

separately for TPB constructs. As an example, we refer to Figure 8 below, which was modified 

from Figure 13 in the report for Task 6.11. Here we illustrate what the structural model looks 

like among latent variables using recoded items for Norms. The measurement model is omitted 

from this Figure, and later in this section we detail which items were paired with which factor 

(see also Appendix C). Analogous models were used for other constructs with some minor 

differences. Specifically, other TPB constructs had direct items that were composed of two latent 

variables instead of the one latent variable we depict in Figure 8. In addition, when originally 

coded items were used, the indirect portion of the model was composed of four latent variables. 

Here, and based on EFA results, Norms items appeared to separate into two factors representing 

the Canadian Forces and close others. These two factors are predictors of a latent variable 

representing Direct Norms. 
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Figure 8. Structural model among indirect and direct Norms for recoded items and a reflective 

measurement model. 

 

 

 

 In contrast, the observed variables that make up each of the indirect Norms items can be 

treated all as items from a formative measurement model (Figure 9). With a formative 

measurement model, there is no latent variable representing the indirect portion of the model. 

Thus, the difference between the reflective and formative models is only the measurement model 

assumed for the indirect items. In both cases, indirect items are predictors of direct Norms. 

Several other changes are possible across these two models. First, results of EFA analyses 

suggested some items may be problematic for model fit and finding an interpretable solution. 

These items may be omitted from both reflective and formative versions of combined models. If 

the items are the same for both, then this may provide a fair comparison of model fit and 

prediction of Norms across reflective and formative models. In Tables that follow, we refer to 

these models with the short-hand “R” and “F” for reflective and formative, respectively. 

However, we can also include all such items in the case of formative measurement models as 
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such items should not contribute to misfit – the measurement portion of formative measurement 

models is saturated and should fit the data perfectly. We refer to these models as “Fall” in Tables 

below. 

Finally, we have a choice between use of recoded and originally coded items for the 

indirect constructs. Model fit is not directly comparable across models that use these two 

versions of indirect items. However, in both Figures 8 and 9 direct Norms is an outcome variable. 

Thus, we may still be able to compare 𝑅𝑅2 estimates, or the proportion of explained variance in 

the dependent variable that is accounted for by the indirect portion of the model. The higher the 

𝑅𝑅2, the better the indirect portion is able to predict the direct TPB constructs. In the case of all 

combined models examined here, better prediction is desirable. 

 

Figure 9. Structural model among indirect and direct Norms for recoded items and with a 

formative measurement model. 
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 In summary, we therefore proceed TPB construct by construct and with both recoded and 

original items in comparing both reflective and formative measurement models. We compare 

model fit, though note that formative measurement models may have an advantage. The reader is 

reminded that such models may also be much less parsimonious and less useful. We also 

compare how well direct constructs are predicted by their indirect counterparts. In particular, we 

computed 𝑅𝑅2 for all direct constructs. However, we note that there may be some capitalization 

on chance when formative models are used (i.e., we may over-estimate how well the items 

predict the direct constructs), but at the same time the reflective models adjust for measurement 

error and may have higher 𝑅𝑅2 estimates as a result. It is therefore an interesting question whether 

either approach has a substantial advantage in predicting direct constructs. In what follows we 

concentrate only on overall model fit and 𝑅𝑅2. All models were also estimated twice: once with 

lavaan and once with rsem. Since results were comparable, only lavaan results are presented. 

Additional Tables, including standardized loadings and path coefficients, appear in Appendix C. 

Attitudes 

 Omitting items 3 and 8, two indirect latent variables representing positive (P) and 

Negative (N) aspects of indirect Attitudes were used for the reflective model with recoded items. 

P included loadings on items 1, 2, 4, 5, and 6, whereas N had loadings for items 7, 9, 10, 11, and 

12. For originally coded items, four latent variables pertaining to Positive (PBB) and Negative 

Behavioural Beliefs (NBB), and Positive/Negative Outcome Evaluation (POE and NOE). The 

pattern of loadings was the same as that for recoded items, except that item 4 was omitted from 

the original items due to a negative loading on PBB. In all cases, Instrumental and Affective 

Attitudes represented direct Attitude constructs and were measured by three items each. 
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Table 30. Model fit for combined model for recoded Attitudes items 

Model 
Scaled 

Chi-square df p-value CFI RMSEA RMSEA.L90 RMSEA.U90 SRMR 
R 470.42 98 0.00 0.93 0.06 0.05 0.06 0.06 
F 72.02 48 0.01 1.00 0.02 0.01 0.03 0.01 
Fall 74.77 56 0.05 1.00 0.02 0.01 0.03 0.01 
Note: R = reflective model as described in main text; F = Formative model with same items as 
reflective model; Fall = Formative model with all items. 
 

Table 31. R-squared for recoded Attitudes items 

Model Direct Construct 𝑅𝑅2 
R Instrumental Attitudes 0.55 
R Affective Attitudes 0.52 
F Instrumental Attitudes 0.47 
F Affective Attitudes 0.48 
Fall Instrumental Attitudes 0.47 
Fall Affective Attitudes 0.50 
Note: R = reflective model as described in main text; F = Formative model with same items as 
reflective model; Fall = Formative model with all items. 
 

Table 32. Model fit for combined model for original Attitudes items 

Model 
Scaled 

Chi-square df p-value CFI RMSEA RMSEA.L90 RMSEA.U90 SRMR 
R 1041.50 237 0.00 0.91 0.05 0.05 0.06 0.06 
F 107.54 80 0.02 1.00 0.02 0.01 0.02 0.01 
Fall 134.75 104 0.02 1.00 0.02 0.01 0.02 0.01 
Note: R = reflective model as described in main text; F = Formative model with same items as 
reflective model; Fall = Formative model with all items. 
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Table 33. R-squared for original Attitudes items 

Model Direct Construct 𝑅𝑅2 
R Instrumental Attitudes 0.59 
R Affective Attitudes 0.60 
F Instrumental Attitudes 0.53 
F Affective Attitudes 0.58 
Fall Instrumental Attitudes 0.54 
Fall Affective Attitudes 0.62 
Note: R = reflective model as described in main text; F = Formative model with same items as 
reflective model; Fall = Formative model with all items. 
 

 In general, formative models fit better than reflective models, but this was unsurprising. 

Reflective models still had CFI above .9, RMSEA near .05 or .06 and SRMR near .06. Note that 

none of the models passed the scaled chi-square test of overall fit. Interestingly, reflective 

measurement models performed comparably in prediction of direct Instrumental and Affective 

Attitudes. 𝑅𝑅2, or the proportion of variance explained in these constructs by the predictor 

variables, was generally above .5 when reflective measurement models were used for indirect 

items, which represents a large effect size. In only one case (Affective Attitudes for originally 

coded items) did any of the formative models have a better 𝑅𝑅2 than a reflective model. We take 

this as evidence that a reflective model may be a reasonable approximation that is still more 

parsimonious and useful for predicting direct Attitudes than if indirect attitudes follow a 

formative model. Formative models had much better fit, but at the cost of parsimony and did not 

provide much in substantial gains in predicting direct Attitudes. Finally, models with originally 

coded items did slightly better in predicting direct Attitudes than those using recoded items. 

Norms 

 Only item 2 was omitted from all models for Norms. Two indirect latent variables 

representing Forces (FO) and Close/Important Others (IP) for indirect Norms were used for the 
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reflective model and recoded items. FO included loadings on items 1, 4, 5, and 6, whereas IP had 

loadings for items 3, 6, and 8. For originally coded items, there were four latent variables 

pertaining to Motivation to Comply for Forces (FOMC) and Important Others (IPMC), and 

Subjective Norms for Forces (FOSN) and Important Others (IPSN). The pattern of loadings was 

the same as that for recoded items. In all cases, direct Norms was measured by six items. 

Table 34. Model fit for combined model for recoded Norms items 

Model 
Scaled 

Chi-square df p-value CFI RMSEA RMSEA.L90 RMSEA.U90 SRMR 
R 276.75 62 0.00 0.96 0.05 0.05 0.06 0.05 
F 89.35 44 0.00 0.99 0.03 0.02 0.04 0.01 
Fall 101.74 49 0.00 0.99 0.03 0.02 0.04 0.01 
Note: R = reflective model as described in main text; F = Formative model with same items as 
reflective model; Fall = Formative model with all items. 
 

Table 35. R-squared for recoded Norms items 

Model Direct Construct 𝑅𝑅2 
R Direct Norms 0.46 
F Direct Norms 0.44 
Fall Direct Norms 0.50 
Note: R = reflective model as described in main text; F = Formative model with same items as 
reflective model; Fall = Formative model with all items. 
 

Table 36. Model fit for combined model for original Norms items. 

Model 
Scaled 

Chi-square df p-value CFI RMSEA RMSEA.L90 RMSEA.U90 SRMR 
R 547.14 160 0.00 0.95 0.04 0.04 0.05 0.05 
F 158.15 79 0.00 0.99 0.03 0.02 0.03 0.02 
Fall 171.57 89 0.00 0.99 0.03 0.02 0.03 0.02 
Note: R = reflective model as described in main text; F = Formative model with same items as 
reflective model; Fall = Formative model with all items. 
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Table 37. R-squared for original Norms items 

Model Direct Construct 𝑅𝑅2 
R Direct Norms 0.51 
F Direct Norms 0.48 
Fall Direct Norms 0.54 
Note: R = reflective model as described in main text; F = Formative model with same items as 
reflective model; Fall = Formative model with all items. 
 

A similar overall pattern of results was achieved for model fit for Norms. Although 

reflective models here appeared to fit slightly better than those for Attitudes, we note that Norms 

has fewer items and we experienced fewer problems at the EFA stage of this study.  

𝑅𝑅2 for direct Norms was in general above .4 and close to .5 for most models. Reflective models 

did slightly better than formative models when the same items composed each model. However, 

formative models with all items performed slightly better than all other models. We take this to 

suggest that dropping just the single item pertaining to family appears to slightly worsen 

prediction of direct Norms.  

Perceived Behavioural Control 

 Despite problems with model fit for Perceived Behavioural Control items, we retained all 

indirect items in the models that follow. For the recoded items, two factors corresponding to 

positive aspects of support/ease of accessibility (A; items 1, 2, 4, 6, 9, and 10) and negative 

aspects or barriers (N; items 3, 5, 7, and 8) to seeking mental health services. For originally 

coded items, we forced a 4-factor solution that essentially had these same factors and 

corresponding items, but separate factors for Control Beliefs (ACB and NCB) and Power of 

Control Beliefs (APCB and NPCB). In all cases, direct items comprised of Self-Efficacy (7 items) 

and Control (6 items). 
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Table 38. Model fit for combined model for recoded Perceived Behavioural Control items. 

Model 
Scaled 

Chi-square df p-value CFI RMSEA RMSEA.L90 RMSEA.U90 SRMR 
R 1013.91 224 0.00 0.89 0.05 0.05 0.06 0.06 
Fall 763.17 174 0.00 0.92 0.05 0.05 0.06 0.05 
Note: R = reflective model as described in main text; Fall = Formative model with all items. 
 

Table 39. R-squared for recoded Perceived Behavioural Control items. 

Model Direct Construct 𝑅𝑅2 
R Self-efficacy 0.52 
R Control 0.22 
Fall Self-efficacy 0.47 
Fall Control 0.20 
Note: R = reflective model as described in main text; Fall = Formative model with all items. 
 

Table 40. Model fit for combined model for original Perceived Behavioural Control items. 

Model 
Scaled 

Chi-square df p-value CFI RMSEA RMSEA.L90 RMSEA.U90 SRMR 
R 2008.58 480 0.00 0.84 0.05 0.05 0.05 0.06 
Fall 1057.31 284 0.00 0.92 0.05 0.04 0.05 0.04 
Note: R = reflective model as described in main text; Fall = Formative model with all items. 
 

Table 41. R-squared for original Perceived Behavioural Control items. 

Model Direct Construct 𝑅𝑅2 
R Self-efficacy 0.76 
R Control 0.35 
Fall Self-efficacy 0.64 
Fall Control 0.31 
Note: R = reflective model as described in main text; Fall = Formative model with all items. 
 

As was somewhat expected based on EFA results, the reflective model with originally 

coded items did not fit the data well (e.g., CFI=.84), and model fit improved when a formative 
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model was used. Surprisingly, although EFA results suggested that a reflective model may fit 

well for recoded items, some misfit was also apparent for this model. For instance, for both 

formative models, CFI reached .92 at most, and RMSEA was similarly at .05. We would have 

expected these fit indices to improve much more as they did for other TPB constructs. To us, this 

suggests that there may also be some misspecification with the measurement model for direct 

items, Self-Efficacy and Control, though we have not investigated the possible source of this 

misfit. 

Turning to 𝑅𝑅2 results, prediction of Self-Efficacy was good, and ranged from .47 to .76, 

depending on the model, whereas these results ranged from .20 to .35 for Control. Again, a 

similar pattern was found when contrasting formative and reflective models - 𝑅𝑅2 was higher for 

reflective models. However, we caution that because model fit is a potential issue, it is possible 

that there may also be issues with the reliability of the indirect subconstructs. If reliability is low 

in part due to an imperfect model and some misspecification, for example, it could be that there 

is some overadjustment for unreliability and that 𝑅𝑅2 is biased high. Consistent with this intuition, 

recall that EFA results for recoded items appeared to be interpretable for Perceived Behavioural 

Control, but the same was not necessarily so for originally coded items. Note here how 𝑅𝑅2 

appears to be quite a bit higher when originally coded items form the respective measurement 

models. We suspect that this result may also be in part a symptom of misspecification, and it is 

not necessarily the case that originally coded items are best for predicting Self-Efficacy and 

Control. 

Section D: Scoring 

 In this section, we present some recommendations for scoring along with model-based 

reliability estimates. These results and recommendations are based largely on the reflective 
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models presented in Section C, and estimates of model-based reliability are based on coefficient 

“rho”, 𝜌𝜌, as we suspect that the assumptions underlying Cronbach’s alpha are likely violated 

(e.g., Bentler, 2009). Note that judging the reliability of formative measurement models is still an 

ongoing challenge in the methodology literature (e.g., Hardin, 2017), and it is not clear how 

reliability can be assessed for measurements based on formative models, if at all. 

Furthermore, the results thus far do not support combining all respective indirect items 

into a single index. For instance, it does not make sense to sum together all recoded indirect 

Norms items and treat them as a single construct. This conclusion can largely be drawn from 

Section A results in that Models 1, 2, and 3 had model fit that was severely deficient, regardless 

of the TPB construct. In moving through EFA models in Section B and to reflective confirmatory 

models in Section C, indirect items are split up into smaller sets of cohesive items that may make 

sense to combine as is often done in practice (e.g., compute the mean or sum together respective 

items for a given subconstruct). We base our scoring recommendations and results on these 

smaller subsets of items. 

Model-Based Reliability 

We first compute and interpret model-based reliability estimates (Tables 42 and 43) in 

light of previously presented results. Most reliability estimates were within .73 to .82. Although 

not ideal, such reliabilities may be acceptable for use until additional scale revision can be 

conducted. The exception to this range pertained to Perceived Behavioural Control items, and in 

particular those corresponding to barriers to use of mental health services. These reliabilities 

were generally quite low (.46 to .56). However, given what we know about problems with model 

fit, this is perhaps unsurprising. 
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Table 42. Model-based reliability estimates – recoded items. 

TPB Construct Subconstruct # of Items 𝜌𝜌 

Attitude Positive Aspects 5 .78 

Attitude Negative Aspects 5 .79 

Subjective Norms Forces 4 .81 

Subjective Norms Important Others 3 .76 

Perceived Behavioural Control Accessibility 6 .80 

Perceived Behavioural Control Negative Barriers 4 .54 

 

Table 43. Model-based reliability estimates – original items. 

TPB Construct Subconstruct # of Items 𝜌𝜌 

Attitude Positive - Behavioural Beliefs 4 .79 

Attitude Negative - Behavioural Beliefs 5 .80 

Attitude Positive - Outcome Evaluation 4 .75 

Attitude Negative - Outcome Evaluation 5 .80 

Subjective Norms Forces - Subjective Norms 4 .82 

Subjective Norms Others – Subjective Norms 3 .73 

Subjective Norms Forces - Motivation to Comply 4 .81 

Subjective Norms Others - Motivation to Comply 3 .76 

Perceived Behavioural Control Accessibility – Control Beliefs 6 .64 

Perceived Behavioural Control Accessibility – P. Control Beliefs 4 .80 

Perceived Behavioural Control Negative – Control Beliefs 6 .46 

Perceived Behavioural Control Negative – P. Control Beliefs 4 .56 

 

Sum Score and Factor Score Comparisons 

 Next, we computed factor scores from the Models in Section C and compared them to 

sum scores based on complete data. Factor scores were computed using the so-called regression 

method as these represent the Best Linear Unbiased Predictors (BLUPs; e.g., Skrondal & Rabe-

Hesketh, 2004). Although factor scores are routinely criticized due to indeterminacy, especially 
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in the psychology literature, their use is common in item response theory and the regression 

method corresponds to empirical Bayes or the expected a posteriori (EAP) scoring method. At 

the least, such exploratory analyses should yield a sense of how closely sum scores correspond to 

the fitted models. This comparison is important because in practice it would be much easier for 

an applied researcher to compute sum scores than it would be to extract factor scores from a 

fitted model and sum scores do not necessarily suffer from an indeterminacy problem. 

 As a first example, Figure 10 provides a graphical depiction of all sum scores (labeled 

“Sum”) and factor scores (labeled “model” as these are model-based estimates) for recoded 

Attitudes items. The diagonal has histograms of all scores, and the off-diagonals have scatter-

plots between all pairs of variables (below the diagonal) and correlations among all pairs of 

variables (above the diagonal). For example, “P-model” and “P-sum” correlate rather highly (r 

= .95) and we can see that the scatterplot for these two variables also shows a very strong linear 

relationship between them. Negative aspects for both factor and sum scores correlate even higher 

(r = .99). 

Similar plots are shown for originally coded Attitudes (Figure 11), recoded and originally 

coded Norms (Figures 12 and 13), and recoded and originally coded Perceived Behavioural 

Control (Figures 14 and 15). In summary, across almost all cases sum scores had a close 

correspondence with factor scores. For only originally coded Perceived Behavioural Control did 

correlations drop below .9 for some constructs (ACB and NCB). We take this as evidence that if 

one trusts in any of the given confirmatory models, that sum scores provide a reasonable 

approximation to such models and could be used in practice, with the associated estimates of 𝜌𝜌 

taken as the best currently available reliability estimates for such scores. However, we caution 

again that not all models had satisfactory fit, especially those measuring Perceived Behavioural 
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Control, and that no model passed the strictest test of overall model fit (i.e., the scaled chi-square 

test of fit). It is of our own opinion that sum scores could be therefore useful in the interim for 

research purposes until a better fitting model and/or scale revision is conducted. Caution is still 

warranted in their interpretation, and such scores may not yet be acceptable to use when making 

decisions regarding particular individual respondents. 

Figure 10. Sum scores versus factor scores for recoded Attitudes. 
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Figure 11. Sum scores versus factor scores for originally coded Attitudes. 

 

Figure 12. Sum scores versus factor scores for recoded Norms. 
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Figure 13. Sum scores versus factor scores for originally coded Norms. 

 

Figure 14. Sum scores versus factor scores for recoded Perceived Behavioural Control. 
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Figure 15. Sum scores versus factor scores for originally coded Perceived Behavioural Control. 

 

 Finally, sum scores were used to predict their direct TPB construct counterparts in an 

analogous manner to that in Section C. The only difference between these analyses and those in 

Section C is that the indirect latent variables were replaced with their sum score composites. The 

𝑅𝑅2 estimates for direct constructs (Table 44) were lower than those in Section C, however, this is 

expected considering that measurement error for indirect constructs is not taken into account. In 

most cases, the proportion of explained variance in the outcome variables only dropped slightly 

as compared to those in Section C. All but two estimates were above .4, which still represents 

good prediction of direct constructs. 
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Table 44. R-squared for direct constructs when sum scores are used as predictors. 

Indirect Item Coding Direct Construct 𝑅𝑅2 
Recoded Instrumental Attitudes .42 
Recoded Affective Attitudes .46 
Recoded Norms .42 
Recoded Self-Efficacy .42 
Recoded Control .17 
Original Instrumental Attitudes .47 
Original Affective Attitudes .53 
Original Norms .46 
Original Self-Efficacy .57 
Original Control .26 

 

 In conclusion, sum scores, as traditionally used in many social science disciplines, may 

be reasonable to use for many indirect TPB constructs. We note one final caveat before 

presenting specific scale revision recommendations. In particular, item-level missing data may 

still pose a problem for sum scores – including cases where sum scores are used in follow-up 

analyses. Suppose that a respondent is missing data on just a couple of items. The researcher in 

this case is faced with how to compute a sum score in light of this omission. A typical strategy is 

to compute the mean across all available items. This strategy, however, may result in bias even 

under ideal assumptions about missing data (i.e., that data are missing completely at random; 

Mazza, Enders, & Ruehlman, 2015). The approaches we have used in this report, specifically 

direct maximum likelihood with lavaan and a similar approach with rsem, are better ways of 

handling missing data, yet require the data analyst to specify a full measurement model for each 

latent construct. If follow-up analyses are planned (e.g., sum scores are used as either outcomes 

or predictors in the context of other R2MR analyses), the resulting models should either include 
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this full measurement model, or produce appropriate factor scores (or plausible values; e.g., Wu, 

2005) that could be used in follow-up analyses. 

Section E: Scale Revision and Discussion 

 Thus far, we have taken several steps towards finding appropriate measurement models 

for indirect items on the MHSUQ (Sections A and B), examined the relative fit and concurrent 

validity of formative and reflective models in predicting direct items (Section C), and provided 

some recommendations for scoring and reliability (Section D). Based on these results, we make 

the following additional conclusions and recommendations regarding scale usage and revision. 

 First, it does not make sense to treat each indirect construct as-is without further data 

reduction into more meaningful subconstructs. That is, if such items are used as outcome 

variables (e.g., in examining sensitivity due to the R2MR), they should not be just summed 

together to form composites. Across this report, we investigated particular ways that each 

indirect construct could be divided into more meaningful subconstructs, and this largely 

informed the combined models used in Section C, and the reliability and scoring 

results/recommendations in Section D. In some cases, such meaningful subconstructs may also 

help inform results of the R2MR if used as outcome variables. For instance, we might expect that 

an intervention implemented by the Canadian Forces might change perceptions of subjective 

norms regarding whether the Forces deems mental health service use important, but may not 

necessarily alter the respondent’s perception of close others’ norms. These two separate 

constructs emerged for indirect Norms. Similar conclusions may be reached for consideration of 

original items instead of recoded items, and for other TPB constructs. 

 Next, based on our own reading of item content and the results of fitted models in 

Sections B and C, we find it difficult to make an argument in favor of formative measurement 
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models for the indirect TPB constructs. Although not all models fit the data well, substantively 

interpretable factors were found for most indirect TPB constructs. In addition, in most cases 

formative models did not do a better job than reflective models at predicting direct variants of 

each construct (Section C). Even sum scores based on the reflective models did a decent job of 

predicting direct constructs (Section D). Reflective models are also potentially more 

parsimonious. As an example, originally coded Attitudes comprises 24 separate items, yet could 

be reduced to four factors. In the case of recoded items, 12 items could essentially be reduced to 

two factors. 

More importantly, the choice between a reflective and formative model should be based 

on theoretical considerations. The phrasing of MHSUQ items suggests to us that respondents 

have a set of beliefs and/or opinions regarding item content that in turn influences how they 

respond to the items. This is primarily a theoretical and subjective argument. If the items asked 

respondents to report how often certain life events occurred that the respondent had no control 

over, for example, we could see an argument in favor of formative measurement models. In this 

latter case, there would be no internal attribute that the respondent carries with them that causes 

them to respond in a certain way to MHSUQ items. That the indirect TPB constructs are thought 

to cause or predict changes in corresponding direct constructs does not preclude us from 

specifying indirect constructs using a reflective measurement model. That is, a reflective 

measurement model and prediction of direct constructs are not mutually exclusive features for 

indirect constructs. 

To our knowledge, the models presented in Section C, and the selection of particular sets 

of items based on analyses in Part B, currently represent the best reflective measurement models 

for indirect items thus far, but in some cases there is clearly some model misspecification. And 
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model fit is important because it is one component in an argument for the validity and use of 

scores. In addition, some items were dropped in search of model fit, but may have sacrificed 

some important content. Conclusions regarding scoring and reliability should be interpreted in 

light of these observations and additional scale revision is encouraged. We think it is best to 

make such scale revision recommendations construct by construct. In what follows, we use item 

numbers for each specific construct to mean either recoded or original versions of such items, 

unless specifically noted. 

For indirect Attitudes, several items were apparently problematic: 3, 4, 8. Additional 

evidence suggested that items OE7 and OE9 might also be problematic (i.e., cross-loadings in 

EFA results). We understand that items 3 and 8 may have been confusing to some participants 

and we recommend that these items be either rephrased or dropped from Attitudes. At the 

moment, it is unknown why item 4 may exhibit some problems. Though we note that dropping 

item 4 did also not substantially lead to a decrement in prediction of direct Attitudes. If it is 

desired to keep this item, it may be desirable to have additional similarly written items as either 

alternatives for coverage of this content, or to see if the factor structure for Attitudes changes 

after other item changes are implemented. For example, it is possible that after items 3 and 8 are 

dropped and the questionnaire is re-administered to a new sample that the relationship among 

such variables may change slightly. 

For indirect Norms, item 2 pertaining to family appeared to be problematic in terms of 

overall model fit when looking for an independent clusters solution in which items load on only 

one factor. Although this item was somewhat cumbersome from a model fit perspective, it may 

represent important content. That is, omitting the item led to worse prediction of direct Norms 

according to the formative models in Section C. We therefore suggest the possibility that 
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additional items pertaining to family could be added in future iterations of the MHSUQ, with a 

minimum of three items for this subconstruct. For the most part, other items appeared to cleanly 

separate into interpretable factors. However, we do note that items SN1 and SN5 has cross-

loadings in the EFA section (Section B). The reasons for this are unknown. Based on inspection 

of item content, the phrasing of items 6 and 8 could be improved. It is even possible that some 

misspecification is due to misunderstanding of items 6 and 8, but this is manifested in cross-

loadings for other items (SN1 and SN5). It is therefore recommended that phrasing revisions are 

considered for these two items. It is not possible to drop either item at the moment as otherwise 

constructs pertaining to important others would not have enough items for a reflective factor 

analytic model. 

Perceived Behavioural Control requires the most significant revision. This construct 

experienced the most issues in terms of finding a suitable EFA solution (Section B), model fit for 

combined models (Section C), and the lowest reliability estimates for subconstructs (Section D). 

This construct also appeared to be the most heterogeneous in terms of content coverage. 

Typically we need at least three items per subconstruct and for this set of items there was often 

only 1 or 2 items that appeared to have a particular kind of content. In addition, several items 

appeared to duplicate content that was redundant with content appearing for other TPB 

constructs. In particular, we would recommend the possibility of dropping items 3, 5, 6, and 7. 

We are concerned that these items may overlap too much with other TPB constructs, may not 

generate any new information, and may result in model misfit if the relationship between these 

items and other TPB constructs is not properly modeled. If these items are eliminated, the 

Perceived Behavioural Control items would largely be about ease of accessibility and whether 

one would know to seek help rather than ease of accessibility and other negative consequences 
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regarding seeking mental health services (e.g., see Section B for examples of these two possible 

solutions). Such items could instead be replaced with other items that expand upon other content 

for this construct. For example, it would be desirable to have more than just two items that 

pertain to whether the respondent knows when to seek mental health services (items 2 and 9). 

Alternatively, theoretical work could be conducted to more clearly delineate how items 3, 5, 6, 

and 7 are distinct from questions that appear on other TPB constructs. If retained, we would 

expect that items for Perceived Behavioural Control are grouped into content areas that have at 

least 3 items measuring each type of content. 

If it is the case that researchers wish to pilot a larger number of new items for use on the 

MHSUQ, there are possible solutions that can help reduce respondent burden. In particular, a 

planned missing data design or matrix sampling can be employed. Such designs typically entail a 

variety of different questionnaire forms. Each questionnaire contains a slightly different set of 

items. However, there is still sufficient overlap among items that relationships among items can 

be estimated and factor analytic models can still be estimated. Such planned missing data designs 

are common in the educational testing literature (Frey, 2009) and have shown up recently in 

development of measures for patient reported outcomes (Hansen et al., 2014). For instance, it is 

quite common to develop a large pool of items in part for test security purposes or in part to 

ensure that there are more than enough items per construct or subconstruct before items are 

removed, but then only be able to reasonably ask respondents to complete a subset of such items 

due to time constraints. A large-scale educational test may have hundreds of such items, yet in 

the initial stages of test development, each test-taker may be asked to complete 30 items or so. 

Usually decisions regarding individual test-takers are not made at this stage of research, but 

could be made in later stages if a computer adaptive test or short-form versions that balance item 
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content are implemented. In some cases, if use of test scores is entirely research-based (i.e., no 

decisions regarding individual persons is made), then a planned missing data design can be used 

indefinitely. 

 Further comments on the difference between use of original versus recoded items are 

warranted. Based on model fit and prediction of direct constructs, we see no strong reason to 

prefer one set of items versus the other as the two sets of items performed similarly. A mild 

preference for originally coded items was stated in the report for Task 6.11. We additionally 

suspect that recoded items may lead to substantial non-normality in the resulting scores. 

Furthermore, if theory is refined in enough to suggest that an intervention may affect one set of 

items that comprise a subconstruct (e.g., Subjective Norms) but not the corresponding pair of 

items that forms the other subconstruct (e.g., Motivation to Comply), it may be preferable to use 

originally coded items as these two subconstructs are clearly separated, but are combined with 

recoded items. It is also possible that a latent interaction between subconstructs (analogous to the 

underlying idea why items are multiplied together to form recoded items) may enhance 

prediction of direct outcomes or behavioural intention to seek mental health services. This, 

however, was not yet attempted due in part to difficulty in finding suitable models for each 

indirect TPB construct. 

 Although we investigated use of robust estimation techniques in structural equation 

modeling (rsem) against a more traditional model that either used complete data or appropriately 

handled missing data (lavaan), we typically found few substantial differences across techniques. 

This is not to say that such differences may occur in other aspects of research with the MHSUQ, 

however. For example, it may be that the first time point used for this set of analyses represents a 

point in time where fatigue was not yet substantial enough to elicit a large number of 
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multivariate outliers. At the same time, if other studies have conducted similar psychometric 

analyses based on a similar time point in recruits’ training, the results of these analyses should 

enhance our confidence that such results may not be substantially influenced by multivariate 

outliers or fatigue effects. We suspect that use of robust estimation techniques may provide more 

drastic differences in results if used in conjunction with measurements at later time points where 

fatigue is more prominent. 

 One limitation so far is that each TPB construct was treated separately, and TPB 

constructs were not yet combined into a single model. For instance, Attitudes was not modeled 

simultaneously with Norms and Perceived Behavioural Control, and TPB constructs were not yet 

included in model representing behavioural intention to seek mental health services. We instead 

chose to do a thorough analysis of each TPB construct separately to find a suitable model and 

provide recommendations for scale revision. A much larger combined model that tests the entire 

TPB model simultaneously represents an important next step, but must be balanced against the 

fact that scale revision is still needed for some indirect TPB constructs. 

Section F: Structural Equation Models 

 As just mentioned, since there were some concerns regarding model fit for some indirect 

constructs, we decided to proceed with structural equation models (SEM) with only direct items 

from the MHSUQ. These SEMs were conducted to learn more about the MHSUQ from the 

perspective of the TPB that was used to develop it. In brief, we sought to address the following 

questions: 1) Does the prototypical TPB model fit the data well? 2) If so, can Perceived 

Behavioural Control predict actual help-seeking (in addition to behavioural intention)? 3) Do 

TPB constructs change over time in a pattern that is consistent with behavioural intention being 

influenced by the other constructs? To address the above three questions, we conducted analyses 
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using only control group recruits. These recruits should be unaffected by the R2MR intervention, 

which may be a confounding variable if it is the case that this intervention influences mental 

health help-seeking behaviour or results in changes to TPB constructs. 

Help-seeking Models 

 To address the first two questions, we used T1 data on TPB constructs, including 

behavioural intention (which included 4 items), to predict help-seeking behaviour at T3 (see 

Figure 16). Under the TPB, it is typically thought that behavioural intention has a direct 

influence on actual behaviour, and all other TPB constructs influence behavioural intention. It is 

debatable as to whether Perceived Behavioural Control also has a direct effect on actual 

behaviour. Figure 16 therefore includes greyed and dashed lines from PBC to help-seeking. 

Although omitted from Figure 16, a full measurement model for all TPB constructs was included 

to appropriately control for measurement error. 

 Help-seeking was measured at T3 in the form of questions with the stem, “During your 

BMQ training, have you seen or talked to any of the following people about problems with your 

emotions, or mental health?” Eight different options were given: Friends, family, chaplain, 

mental health nurse, social worker, base surgeon, other, none. Due to no one selecting “base 

surgeon,” this option was not included in analyses that follow. All other items were treated 

separately and were recoded such that 0 indicated no help-seeking, and 1 indicated help-seeking. 

To summarize, a total of 14 models were initially fit to the data, with two models for each help-

seeking behaviour (Tables 45 and 46). These two models either did or did not include paths from 

PBC to help-seeking, so that we may appropriately establish whether such paths are relevant for 

different targets of help-seeking. Such tests were conducted using the appropriate DIFFTEST 

command using Mplus (Table 47).  
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Figure 16. TPB constructs in predicting behavioural intention and T3 help-seeking. 
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Table 45. Fit of models without paths from self-efficacy and control to help-seeking. 

Outcome 𝜒𝜒2 df p-value CFI RMSEA RMSEA.L90 RMSEA.U90 
Friends 3618 390 .000 .94 .08 .077 .081 
Family 3620 390 .000 .94 .08 .077 .081 
Chaplain 3592 390 .000 .94 .08 .076 .081 
Nurse 3395 390 .000 .94 .08 .074 .078 
Soc. 
Worker 

3135 390 .000 .95 .07 .070 .075 

Other 3537 390 .000 .94 .08 .076 .080 
None 3611 390 .000 .94 .08 .076 .081 

 

Table 46. Fit of models with paths from self-efficacy and control to help-seeking. 

Outcome 𝜒𝜒2 df p-value CFI RMSEA RMSEA.L90 RMSEA.U90 
Friends 3709 388 .000 .94 .08 .078 .083 
Family 3709 388 .000 .94 .08 .078 .083 
Chaplain 3673 388 .000 .94 .08 .077 .082 
Nurse 3123 388 .000 .95 .07 .070 .075 
Soc. 
Worker 

3267 388 .000 .95 .08 .072 .077 

Other 3684 388 .000 .94 .08 .078 .082 
None 3701 388 .000 .94 .08 .078 .082 
 

Table 47. Difference tests comparing models with and without paths for PBC constructs. 

Outcome 𝜒𝜒2 df p-value 
Friends 2.13 2 .34 
Family 3.78 2 .15 
Chaplain 1.66 2 .44 
Nurse 211.09 2 .00 
Soc. 
Worker 

29.22 2 .00 

Other 1.49 2 .47 
None 4.33 2 .11 
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 To summarize results, it should be first noted that model fit was within an expected range 

given previous analyses with direct TPB constructs. None of the models strictly fit the data. 

However, CFI and RMSEA were typically above .94 and below .08, respectively. We suppose 

this fit is good enough to further consider how behavioural intention and PBC affect help-

seeking. We note that including PBC constructs (Perceived Self-Efficacy and Perceived Control) 

as predictors of help-seeking improved fit only when the target was a nurse or social worker. In 

all other cases, fit was not improved. This makes sense to the extent that these two targets may 

be considered formal mental health service providers, or may be able to connect participants with 

similar appropriate services. 

 Turning to standardized coefficients in Table 48, we notice that behavioural intention was 

a positive predictor of talking to friends, family, a nurse, or social worker. Thus, when 

participants were more likely to state an intention to seek such services, if necessary, all of these 

targets appeared to be more likely to be contacted by the participant regarding mental health 

issues. This is somewhat interesting considering that “friends” and “family” are not necessarily 

mental health services providers. For “none,” behavioural intention was a negative predictor, 

meaning that intention was negatively related to stating that the participant did not contact 

anyone about mental health issues. Results for nurse and social worker targets were slightly 

difficult to understand given the size and direction of standardized coefficients, and there were 

some hints that there may have been some estimation difficultly. Likewise, the pattern of 

standardized coefficients was similar for Self-Efficacy and Control across these two help-seeking 

outcomes. For most other targets except “other” and “none,” Self-Efficacy tended to be a 

negative predictor, whereas Control tended to be a positive predictor. We note, however, that 

these are interpretable as partial regression coefficients. That is, these effects are unique portions 
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above and beyond the influence of other variables; it may be that interventions that target 

improving either will still result in increased help-seeking behaviour. We suspect that some kind 

of suppression effect or multicolinearity may be occurring. This seems likely given that (Table 

49; listing results for Nurse as a target) Perceived Self-Efficacy and Perceived Control correlate 

highly, r = .74. 

Table 48. Standardized coefficients predicting help-seeking. 

Outcome 
Behavioural 
Intention 

Self-efficacy Control 

Friends .23** (.07) -.14 (.11) .05 (.09) 
Family .29** (.07) -.19 (.11) .08 (.09) 
Chaplain .22 (.12) -.26 (.18) .14 (.14) 
Nurse 2.45** (.32) -4.12** (.53) 3.73** (.32) 
Soc. Worker 2.17** (.16) -2.22** (.30) 1.06** (.26) 
Other .13 (.12) -.09 (.14) -.01 (.11) 
None -.25** (.07) .16 (.11) -.04 (.09) 
Note: Standard errors appear in parentheses. *p<.05; ** p<.01. 

Table 49. Typical correlations among direct TPB constructs. 

 AA IA PN PSE PC 
AA 1     
IA .54 1    
PN .56 .41 1   
PSE .38 .50 .60 1  
PC .20 .20 .51 .74 1 

Note. Results are from the model when Nurse was the help-seeking target. All correlations were 
significant, with p < .001. AA = Affective attitudes; IA = Instrumental attitudes; PN = Perceived 
norms; PSE = Perceived self-efficacy; PC = Perceived control. 

Table 50. Typical standardized coefficients in predicting behavioural intention 

Predictor Coefficient (SE) 
AA .30** (.03) 
IA .34** (.03) 
PN .29** (.03) 
PSE .21** (.04) 
PC -.08** (.03) 
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Note. Results are from the model when Friends was the help-seeking target. *p<.05; ** p<.01. 
AA = Affective attitudes; IA = Instrumental attitudes; PN = Perceived norms; PSE = Perceived 
self-efficacy; PC = Perceived control. 
 

 In most cases, TPB constructs predicted behavioural intention in expected ways (e.g., 

Table 50). All were significant and positive predictors of intention to seek mental health services, 

except Perceived Control, which was significant and negative.3 Taken together, behavioural 

intention may thus serve as a mediator for other TPB constructs in predicting help-seeking for 

those targets that are significant in Table 48.4 The explanation for the odd result with Perceived 

Control may again be some form of suppression (given that Perceived Control correlates highly 

with Perceived Self-Efficacy). This kind of result also occurred in other models where something 

other than Friends was the target of help-seeking behaviour. 

To shed further light on this issue, we sought to instead examine the correlation between 

behavioural intention and these other TPB constructs in the following section. As will be shown 

shortly, those results also present zero-order correlations between Perceived Self-Efficacy and 

Perceived control that are both positive with behavioural intention. It is thus highly likely that 

both are actually positive predictors of both behavioural intention, and of help-seeking from a 

nurse or social worker, but their independent effects are difficult to disentangle. Including only 

one of these predictors at a time (and at the same time as behavioural intention) still sometimes 

yielded estimation difficulty, perhaps due to multicolinearity. Regardless, in these cases 

Perceived Self-Efficacy and Perceived Control both appeared to have some independent effect 

on help-seeking form a nurse or social worker. 

                                                           
3 The direction of factor loadings was checked to ensure that TPB factors were not inadvertently 
reflected. 
4 Although more complicated analyses could be conducted, just having both paths of the 
mediational model significant is sufficient to declare that the indirect effect is significant (e.g., 
Biesanz, Falk, & Savalei, 2010). 
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Cross-Lagged (Panel) Model 

 A cross-lagged model was also fit to data across T1, T2, and T3. As explained shortly, 

these types of models are often used in longitudinal modeling contexts to provide some clues as 

to whether constructs change over time in expected ways (Newsom, 2015). An example of such 

a model appears in Figure 17, though using only three TPB constructs at each time point to 

conserve space and avoid clutter in interpreting how such models work.  In the actual model we 

fit, we considered the five direct TPB constructs along with behavioural intention at each of the 

three time points. Within a given time point, correlations among the constructs (or their residuals) 

were modeled as is typical for such models, and all paths from T1 to T2 and from T2 to T3 were 

included in the model. We used a full measurement model for all of these constructs. Items that 

were duplicated across T1, T2, and T3 also had an additional residual covariance. 

If, for example, we expect that Perceived Norms had an influence on future Instrumental 

Attitudes, we might find a strong path between T1 Norms and T2 Instrumental Attitudes. If we 

also supposed that the opposite direction of causality did NOT hold, then the path from T1 

Instrumental Attitudes to T2 Norms would be weak. In the case of TPB, it is often thought that 

behavioural intention is influenced by other TPB constructs. Returning to Figure 17, we would 

then expect that behavioural intention at T2 to be influenced by T1 Instrumental Attitudes and 

Perceived Norms, for example. 
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Figure 17. Example cross-lagged model with three constructs at each time point. 

 

 

 The cross-lagged model did converge to a solution, and despite the size of the model, it 

had decent fit, 𝜒𝜒2(3450) = 11154.23, RMSEA = .04, 90% CI for RMSEA: [.040, .042], CFI 

= .95. Correlations among T1 constructs appear in Table 51. Here we do see that Perceived Self-

Efficacy and Perceived Control both positively correlate with behavioural intention, although 

Perceived Self-Efficacy is slightly stronger. 

Table 51. Correlations among constructs at T1 in the cross-lagged model. 

 AA IA PN PSE PC BI 
AA 1      
IA .54 1     
PN .41 .56 1    
PSE .50 .38 .61 1   
PC .20 .21 .49 .73 1  
BI .71 .71 .69 .61 .34 1 

Note. All correlations were significant, with p < .001. AA = Affective attitudes; IA = 
Instrumental attitudes; PN = Perceived norms; PSE = Perceived self-efficacy; PC = Perceived 
control; BI = Behavioural intention. 
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Standardized coefficients appear in Tables 52 and 53, for predicting T2 from T1, and 

predicting T3 from T2, respectively. Any coefficients significant with p < .01 are highlighted in 

bold. First, it is clear that each construct is its own best predictor of the participants’ standing on 

the same construct at later time points. All such standardized coefficients were significant and 

also of a magnitude .56 or higher. Beyond this intuitive pattern, other discernible patterns are 

more difficult to detect. Any other relationships between T2 and T3 that are significant are 

apparently not significant between T1 and T2. The lone exception is that Instrumental Attitudes 

appears to be significantly predicted by behavioural intention at both time points. Given our 

knowledge of TPB, it is unclear if this makes theoretical sense. The only significant predictor of 

behavioural intention (at T2) was Perceived Self-Efficacy from T1.  It was somewhat 

disappointing that behavioural intention was not clearly predicted by other TPB constructs from 

earlier time points. In retrospect, given the high correlations among constructs, it may be that 

each is not contributing much more unique predictive power than the others. 

Table 52. Standardized coefficients in predicting T2 from T1. 

 T1 Predictor 
T2  AA IA PN PSE PC BI 
AA .73** (.04) .01 (.04) -.01 (.05) .06 (.06) -.01 (.05) .10 (.06) 
IA .10* (.03) .49** (.03) .03 (.04) .05 (.06) .11 (.05) .18** (.05) 
PN -.09* (.05) .09* (.04) .67** (.04) .16** (.05) -.13** (.05) .08 (.06) 
PSE -.06 (.05) .08 (.05) .04 (.04) .62** (.04) .02 (.04) .13 (.06) 
PC -.01 (.05) .08 (.05) .03 (.05) -.03 (.07) .66** (.05) .04 (.07) 
BI .00 (.03) .04 (.04) -.00 (.04) .14** (.05) -.05 (.04) .76** (.05) 
Note. Standard errors appear in parentheses. *p<.05; ** p<.01. AA = Affective attitudes; IA = 
Instrumental attitudes; PN = Perceived norms; PSE = Perceived self-efficacy; PC = Perceived 
control; BI = Behavioural intention. 
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Table 53. Standardized coefficients in predicting T3 from T2. 

 T2 Predictor 
T3  AA IA PN PSE PC BI 
AA .69** (.04) .11* (.05) -.18** (.06) .21** (.08) -.09 (.06) .14 (.08) 
IA -.05 (.05) .56** (.04) .15** (.04) .01 (.07) -.09 (.05) .31** (.07) 
PN -.04 (.05) .09* (.04) .75** (.04) .04 (.06) -.05 (.04) .10 (.07) 
PSE -.02 (.05) .25** (.05) -.08 (.05) .99** (.06) -.12* (.05) -.14* (.07) 
PC -.05 (.05) .27** (.06) -.08 (.05) .20** (.08) .71** (.05) -.20* (.08) 
BI -.05 (.04) -.03 (.04) .01 (.04) -.01 (.06) -.05 (.05) 1.00** (.06) 
Note. Standard errors appear in parentheses. *p<.05; ** p<.01. AA = Affective attitudes; IA = 
Instrumental attitudes; PN = Perceived norms; PSE = Perceived self-efficacy; PC = Perceived 
control; BI = Behavioural intention. 
 

Additional Attempted Models 

Several additional models were attempted that were similar to the cross-lagged and help-

seeking models in an attempt to account for clustering, and in an attempt to control for additional 

covariates. First, for help-seeking models a multilevel SEM approach was attempted in which a 

full measurement model at both the individual and platoon level. Measurement invariance was 

assumed across platoon, and loadings and intercepts are constrained equal across levels. These 

models encountered estimation problems. The source of such problems appear to be the result of 

very low intraclass correlations, and we have encountered similar estimation difficulties before 

when estimating multilevel measurement models (Ju & Falk, in press). That is, clustering of 

recruits indeed has not had a substantial opportunity to induce dependency among the recruits’ 

scores on TPB constructs within platoon. We take this as evidence that the above strategy that 

we have already attempted is appropriate – ignoring clustering for the moment. 

Second, inclusion of multiple covariates was attempted. In particular, we attempted to 

include age, gender, ethnicity (dummy coded into 12 categories), education, self-reported 

physical health status, self-reported mental health status, K-10 score, SUDS score, GAD score, 
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PhQ-9 score, resilience score, Shipley score, and social desirability scores as covariates for both 

help-seeking and cross-lagged models. Inclusion of such covariates also tended to result in 

estimation problems for some models. A principal components analysis was attempted to reduce 

the number of covariates. In particular, scores on the first 16 components, which explained 

approximately 86% of the variance in covariates, were computed and instead used as covariates. 

Such a strategy is not unlike that sometimes used in large-scale testing (Wetzel, Xu, & von 

Davier, 2015). 

This strategy also did not succeed in all cases for help-seeking models. In these models, 

covariates shared covariance with all five TPB constructs and were predictors of behavioural 

intention and help-seeking behaviour. The help-seeking model with nurse as the outcome 

behaviour did not converge to a solution and Mplus output indicated some oddities in the latent 

variable covariance matrix (not positive definite) when social worker was used as the outcome. 

The pattern of results was otherwise similar in terms of the strength of relationship between 

behavioural intention and help-seeking as already observed. That is, the same pattern of 

significance was observed in Table 48 if the above strategy of covariate inclusion was also used. 

Standardized coefficients for cross-lagged models when covariate components were 

included in the model are listed in Tables 54 and 55. In this case, such covariates were assumed 

correlated with T1 variables, and were predictors of all T2 and T3 TPB constructs. In general, we 

find it difficult to detect a meaningful change in the pattern of results. While there do appear to 

be more significant coefficients, not all of these are in an expected or meaningful direction. For 

example, Affective Attitudes was a negative predictor of Perceived Norms, Perceived Self-

Efficacy, and Perceived Control at T3. It therefore seems unlikely that inclusion of covariates 

leads to a clearer picture of how TPB constructs influence each other over time.  
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Table 54. Standardized coefficients in predicting T2 from T1. 

 T1 Predictor 
T2  AA IA PN PSE PC BI 
AA .66** (.04) .03 (.05) -.06 (.05) .02 (.07) -.02 (.05) .19** (.07) 
IA .12* (.05) .50** (.04) .05 (.04) .06 (.06) .08 (.05) .13* (.06) 
PN -.06 (.05) .14** (.04) .69** (.04) .17** (.06) -.14** (.05) -.02 (.06) 
PSE -.02 (.05) .15** (.05) .08 (.05)  .63** (.06) .00 (.05) -.04 (.07) 
PC .07 (.06) .14** (.05) .09 (.05) -.00 (.07) .64** (.05) -.16* (.08) 
BI .04 (.04) .04 (.05) .05 (.04) .17** (.06) -.04 (.04) .64** (.06) 
Note. Standard errors appear in parentheses. *p<.05; ** p<.01. AA = Affective attitudes; IA = 
Instrumental attitudes; PN = Perceived norms; PSE = Perceived self-efficacy; PC = Perceived 
control; BI = Behavioural intention. 
 

Table 55. Standardized coefficients in predicting T3 from T2. 

 T2 Predictor 
T3  AA IA PN PSE PC BI 
AA .70** (.07) .13** (.05) -.17* (.07) .21* (.09) -.09 (.06) .10 (.12) 
IA -.06 (.06) .55** (.04) .15** (.05) -.02 (.08) -.07 (.06) .36** (.10) 
PN -.16** (.07) .03 (.05) .66** (.05) -.13 (.07) .04 (.05) .42** (.11) 
PSE -.20** (.08) .16** (.05) -.20** (.06) .79** (.07) -.03 (.05) .30* (.12) 
PC -.36** (.09) .09 (.06) -.25** (.07) -.12 (.10) .87** (.06) .53** (.14) 
BI -.15* (.07) -.07 (.05) -.07 (.05) -.17* (.07) .03 (.06) 1.28** (.11) 
Note. Standard errors appear in parentheses. *p<.05; ** p<.01. AA = Affective attitudes; IA = 
Instrumental attitudes; PN = Perceived norms; PSE = Perceived self-efficacy; PC = Perceived 
control; BI = Behavioural intention. 
 

As final notes regarding analyses with all TPB constructs simultaneously, such high 

correlations among TPB constructs appear to make analyses that include all constructs difficult 

to estimate and interpret. Based on cross-lagged models, it is difficult to understand the potential 

causal relationships among the various TPB constructs. With models for help-seeking, we noted 

some likely multicolinarity due to too much overlap between TPB in predicting behaviour. While 

it is possible that a regularized structural equation modeling approach may be relevant to handle 
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such multicolinarity among predictors (Jacobucci, Grimm, & McArdle, 2016), this represents 

cutting-edge methodology in SEM and its performance requires further study.
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