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Abstract 

Background: National Health Service use the Community Mental Health Service User 

Questionnaire (NHS-CMH) to assess care quality. However, its reliability and internal 

validity is uncertain. 

Aims: To test the NHS-CMH structure, reliability and item-level characteristics. 

Methods: We used data from 11,373 participants who answered the 2017 NHS-CMH survey. 

First, we estimated the NHS-CMH structure using Exploratory Factor Analysis (EFA) in half 

of the dataset. Second, we tested the best EFA-derived model with Confirmatory Factor 

Analysis (CFA). We tested the internal validity, construct reliability (omega - ⍵), explained 

common variance of each factor (ECV), and item thresholds.  

Results: EFA suggested a 4-factor solution. The structure derived from the EFA was 

confirmed, demonstrating good reliability for the four correlated dimensions: “Relationship 

with Staff” (⍵ = 0.952, ECV = 40.1%), “Organizing Care” (⍵ = 0.855, ECV = 21.4%), 

“Medication and Treatments” (⍵ = 0.837, ECV = 13.3%), and “Support and Well-being” (⍵ 

= 0.928, ECV = 25.3%). A second-order model with a high-order domain of “Quality of 

Care” is also supported.  

Conclusions: The NHS-CMH can be used to reliably assess four user-informed dimensions 

of mental health care quality. This model offers an alternative for its current use (item-level 

and untested sum scores analysis). 
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Introduction 

 Mental health conditions are prevalent worldwide and globally responsible for 32.4% 

of years lived with disability and 13.0% of disability-adjusted life-years (Vigo et al., 2016). 

In such a scenario, societies must provide high-quality mental health care to reduce this 

burden of disease (IOM, 2001; Vigo et al., 2016; WHO, 2008) especially in the primary  and 

community setting, where the majority of patients live most of their lives (Demyttenaere et 

al., 2004; Kessler et al., 2009; Shen & Snowden, 2014). To improve mental health services, 

an important source of information comes from the assessment of care quality from those 

who receive it, which is associated with treatment adherence and patterns of service 

utilization (Miglietta et al., 2018; Ruggeri, 1994; Stamboglis & Jacobs, 2020). Therefore, a 

fundamental step in reducing burden of mental health conditions is to reliably measure 

dimensions of user-informed quality of care. 

 In the last few decades, several instruments have been developed to assess quality of 

mental health care (Kilbourne et al., 2018; Miglietta et al., 2018; Ruggeri, 1994; Woodward 

et al., 2017). Those instruments aim to cover if effective interventions are being delivered and 

the subjective patient experience in receiving health care. This is consistent with the World 

Health Organization (WHO) definition that "quality is a measure of whether services 

increase the likelihood of desired mental health outcomes and are consistent with current 

evidence-based practice" (WHO, 2003). In that sense, the Crossing the Quality Chasm report 

emphasizes the measurement of six care quality dimensions, namely patient safety, care 

effectiveness, timeliness, care efficiency, equity and patient-centeredness (IOM, 2001).  

 According to a recent review, 25 scales are available to assess quality of mental health 

care up until 2018 (Miglietta et al., 2018). A total of 19 dimensions of care are covered and 

overall satisfaction, perceived care outcomes and relationship with staff are consistent 

dimensions across these instruments. Despite designed to be multidimensional, structural 



validity analysis demonstrated that most of these scales present one to four dimensions 

(Miglietta et al., 2018; Schröder A et al., 2010). Except for two, these instruments are usually 

structured as pure or mixed Likert type scales (using two to 10 rating points). Another study 

reviewed the psychometric properties of 22 instruments and found that most of them 

presented low reliability, internal consistency and structural validity (Schröder A et al., 

2010). Lack of psychometric evaluation of these instruments hinder the progress of the user 

experience evaluation in relation to the quality of mental health services. 

To address community mental health care quality based on user experience, the 

National Health Service (NHS) of the United Kingdom has used the Community Mental 

Health Service User Questionnaire (NHS-CMH) since 2004. The purpose of the survey is to 

understand, monitor and improve user experience of NHS community mental health services. 

It is run by the Survey Coordination Centre for Existing Methods on behalf of the Care 

Quality Commission. In 1991, the Department of Health in England issued the Care 

Programme Approach, which requested the NHS trust to "provide a systematic assessment of 

the health and social care needs of the patient" (Webb et al., 2000). Additionally, the NHS 

patient experience framework established that “information, communication, and education 

on clinical status, progress, prognosis, and processes of care” are necessary “in order to 

facilitate autonomy, self-care and health promotion” (NQB, 2012). These are the guiding 

components of the NHS-CMH. 

Following this recommendation, the “Your Treatment and Care" assessment tool was 

developed using four dimensions (user care plan, relationship to key care worker, relationship 

with psychiatrist and if sufficient information was provided). They presented a Cronbach’s 

alpha reliability above 0.8 (Webb et al., 2000). This inspired the first version of the NHS-

CMH (Osborn et al., 2004). Questions were included (scored) if they provided actionable 

information. The 2017 NHS-CMH is the latest survey publicly available data. It was 



formulated to have ten dimensions, namely 1) Care and treatment, 2) Health and social care 

workers, 3) Organizing care, 4) Planning care, 5) Reviewing care, 6) Changes in who people 

see, 7) Crisis care, 8) Treatments, 9) Support and wellbeing and 10) Overall. The instrument 

was developed to generate weighted information and time-trends to inform the NHS on 

which areas of care must be improved.  

So far, NHS-CMH data have been used as a summed score of different sets of items, 

averaging all domains as part of a single construct, or by comparing trusts by weighted item-

level analysis (CQC, 2017; Stamboglis & Jacobs, 2020). The problem with a sum score 

without checking their covariance matrix is that the items might not fit in the desired 

construct and, therefore, the interpretation of a sum score is compromised due to mixing 

information of distinct dimensions. Another argument of modern measurement theory is that 

items are indicators of a latent construct that are used to triangulate and capture the 

information of interest (Kline, 2015; Reise & Waller, 2009; Stevens, 1946). Therefore, item-

level analysis (comparing trusts based on their responses in each item of the questionnaire) is 

problematic because single item analysis might reflect measurement error, rather than 

changes in the underlying latent constructs of interest (Brown, 2015; Williams, 2019). To 

improve the understanding of what NHS-CMH is measuring, factor analysis can be used 

(Brown, 2015). It can provide information on what these quality factors/dimension would be, 

how reliable they are, and which items are more sensitive to the variations of the latent 

quality factors (i.e., factor loading), as well as how much of a dimension of care quality one 

should perceive to endorse higher scores (i.e, thresholds or difficulty). This is relevant to 

understanding if and how multiple dimensions of care are perceived by the user, which in 

turn can help to improve dimensions of care.  

Therefore, despite containing useful information for policy and improvement of 

mental health care, the internal validity, factor reliability, factor loadings and item threshold 



of the NHS-CMH have never been analysed and those are our aims in the present study. 

Hence, we carried out an exploratory factor analysis (EFA) to derive the factor structure of 

NHS-CMH and confirm it using confirmatory factor analysis (CFA) using the 2017 survey 

database which was the most updated publicly available. Our aims are to estimate the 

structure, reliability, explained common variance of each factor, factor loadings and how 

much quality one should perceive to endorse higher response categories (i.e., item threshold). 

We hypothesized that, similar to “Your Treatment and Care" assessment tool, the factors 

would be highly correlated and reliable for capturing dimensions of care quality as perceived 

by the user.  

 

Materials and methods 

We used the most updated free available NHS-CMH survey data set (CQC, 2018). 

Between February and June 2017, NHS-CMH questionnaires were sent to 47,600 UK 

citizens. To select participants, each NHS trust (N=56) drew a random sample from their 

record, to reach 850 subjects aged 18 years or more, who had been seen at the trust for 

specialist care or treatment for a mental health condition during the sampling period (1 

September to 30 November 2016). Participants were excluded before providers drew the 

random sample if the person: a) was a current inpatient, b) was seen only once for an 

assessment, c) was seen for assessment only through a liaison service, d) was primarily 

receiving services for drug and alcohol, learning disability, forensic, psychological treatments 

from improving access to psychological therapies, chronic fatigue, psychosexual medicine 

(sexual dysfunction) or gender identity, or e) if the person had only been in contact by 

telephone or email, and had not been seen in person at all.  

Ethical approval has been granted by the East of England - Cambridge East Research 

Ethics Committee (reference 15/EE/0064). It was also granted that participant's information 



was processed without consent by the NHS Health Research Authority considering the 

recommendation from the Confidentiality Advisory Group (reference 16/CAG/0157) because 

it was understood that "taking consent would be impracticable for health care staff, would 

remove the cost and time benefits of employing a contractor to mail out surveys, and would 

introduce bias into the study due to variable response rates from patients" (CQC, 2017). 

By the end of June 2017, 12,139 adults responded to the survey (26% response rate). 

From the respondents, 57% were females, 14% have less than 35 years of age (18 to 35), 46% 

have 36 to 65 years of age and 40% have 66 years or more (CQC, 2018). We have included 

only subjects who have seen someone from the NHS for their mental health needs in the 

previous 12 months to be aligned with the general phrasing of the questions (N=11,373). The 

dataset was randomly divided in half so each part could be used in the exploratory (n=5,687) 

and confirmatory (n=5,671) factor analysis. 

The NHS-CMH questionnaire uses scored questions (0, 5 or 10) which were further 

included in the analysis. However, the instrument contains 16 questions that are conditioned 

upon 9 skip questions.  These dependencies between items can cause violations in factor 

analysis and therefore, we used a parcelling strategy for the scored questions of the above-

mentioned dimensions. Item parcels were built in the following manner: 1) If a skip question 

was coded “0” (“No” or “Not sure”), the parcel was scored as zero. 2) Missing was 

considered if all questions involved in the parcel were missing or if the skip question was not 

scored and coded to skip the next question. 3) If the skip question was coded in a way that 

allows the endorsement of the dependent items (usually “Yes”), the scored items were 

summed to indicate the highest value of quality in the specific domain/parcelled item. 4) 

Furthermore, there were some cases in which the skip question was coded as missing but 

there was an endorsement in any of the dependent question. In such cases we imputed the 

minimum scored value which would have allowed the dependent question to be endorsed. 



The following NHS-CMH domains were parcelled: “Organising care” (Q7,Q9 and Q10), 

“Planning care” (Q11, Q12 and Q13), “Reviewing care” (Q14, Q15 and Q16), “Changes in 

who people see” (Q17,Q18,Q19 and Q20), “Crisis care” (Q21, Q22 and Q23) and 

“Treatments” (Q24 and Q25 on involvement in medication decisions; Q24, Q26 and Q27 on 

information about new medicines; Q24, Q28 and Q29 on medication revisions; Q30, Q31 and 

Q32 on explanation and involvement about treatments and therapies). In addition, one 

question (Q10) contained the score options 3.3 and 6.7, which were rounded between 0 and 

10 respectively. The question regarding overall satisfaction (Q40) ranged from 0 to 10 with 

unit intervals. For the purpose of further analysis, we categorized the Q40 into a three-level 

scored item (0 to 3 = 0; 4 to 7 = 5; 8 to 10 = 10). Therefore, the number of items used in the 

analysis is 22. The procedure can be verified in cross-tabulation of the raw scored variables 

and the parcelled domains (Tables S1 to S9) as well as the supplementary R code 

(10.17605/OSF.IO/SBUP5).  

 

Statistical analysis 

We performed factor analysis using two steps aiming to estimate the structure of the 

questionnaire and, by confirming it, estimate the properties of the items and the reliability of 

the NHS-CMH constructs. First, we performed exploratory factor analysis (EFA) to test how 

many and which factors emerge from the dataset (from one to 10 factors) using geomin 

rotation. This approach allows free covariance among the items and derives the domains from 

the data. The best model was selected on the basis of model convergence, fit, Eigenvalue, χ2 

test comparison between models, dimensions with at least three items with factor loadings 

≥0.3 (Hayton et al., 2004) and minimum cross-loadings (i.e., items with factor loadings ≥0.3 

by more than one factor). Factor loadings are the root-squared of the item standardized 



variance predicted by the latent factor and informs how much (-1 to 1) of the item variability 

are explained by the latent factor.  

Next, we used confirmatory factor analysis (CFA to test the EFA-derived best model. 

Aside from applying the structural constraints to confirm the model, we used CFA to assess 

item threshold and factor reliability. Thresholds (or item difficulty) indicate the 50% 

probability of endorsing a given (scored) category or higher as a function of the latent trait 

(e.g., from “Yes, to some extent” to “Yes, definitely”). In other words, is the standardized 

score beyond which participants respond a higher category (Brown, 2015). Factor reliability 

was assessed using Lucke’s omega (ω), a model-based reliability estimate being analogous to 

alpha coefficient, but appropriate for congeneric tests (varying factor loadings) (Lucke, 2005; 

Raykov, 2001), and the percent of explained common variance index (ECV), defined as the 

ratio of variance explained by a given factor divided by the variance explained by all the 

factors and used as an index of unidimensionality (Bentler, 2009; Reise, 2012). Different 

from EFA, this approach allows to constraint the items to belong to a theoretically or 

empirically derived specified domain.  

CFA and EFA were estimated using delta parameterization and weighted least square 

using a diagonal weight matrix with standard errors and mean- and variance-adjusted χ2 test 

statistics (WLSMV) estimators using MPLUS 8.4 software (Muthén and Muthén, Los 

Angeles, California, USA), which apply full information maximum likelihood (FIML) to 

estimate models using all information available in a dataset with missing data. Item variance 

were set to 1 to all factors. Model fit parameters were χ2 test of model fit, root mean square 

error of approximation (RMSEA), comparative fit index (CFI), Tucker Lewis Index (TLI) 

and Standardized Root Mean Square Residual (SRMR). Values of RMSEA or SRMR near or 

below 0.08 represent acceptable model fit, and values lower than 0.06 represent good-to-

excellent model fit (Brown, 2015; Hu & Bentler, 1999). CFI and TLI values near or above 



0.90 represent acceptable model fit, while values higher than 0.95 represent a good-to-

excellent model fit (Brown, 2015; Hu & Bentler, 1999). All analysis code can be found at 

10.17605/OSF.IO/SBUP5 and supplemental material. 

 

Results 

Data description 

 Table S1 described the proportion of scored items endorsement in the dataset used for 

the factor analysis. Cross tabulation of raw scored questions and parcelled items can be found 

in Tables S2 to S10. After the parcelling procedure,   

 

Exploratory factor analysis 

EFA was set to estimate solutions with one to 10 factors. Model fit was acceptable for 

all models (Table S11). Eigenvalues were higher than 1 for solutions with one to three factors 

(Table S11). The four-factor solution presented a better fit if compared with the three-factor 

solution (Table S12 for EFA model comparisons) and all factors of this model presented 

factor loadings ≥0.3 in at least three items, without any item left unexplained by the model. 

Solutions with five factors or more presented factors with less than three items per factor and 

items not loaded on any factor (please see supplementary tables S13 to S20 for complete 

description of all EFA models). Therefore, an interpretable four-factor solution was selected. 

Table 1 demonstrates factor loadings and correlation of the extracted factors. In addition, 

polychoric correlation matrix used in the EFA can be seen in table S21.  

Item content suggests it is possible to define these factors as “Relationship with staff” 

(EFA Factor 1), “Organizing care” (EFA Factor 2), “Support and wellbeing” (EFA Factor 3) 

and “Medication and Treatments” (EFA Factor 4). Item Q37 presented cross-loading in 

Factor 1 and 3. This was not observed in solutions with fewer and higher number of factors, 



which was significantly loaded by Factor 1 only. Added to the shared content with other 

items in Factor 1 (i.e., understanding of needs and preferences by the mental health service) 

we considered Q37 to belong to Factor 1 in the CFA.  

 

{Table 1 around here} 

 

Confirmatory factor analysis 

From the EFA, it is possible to observe a high correlation among the factors and a 

strong drop in Eigenvalues from one to two-factor EFA solution (Table S11). Thus, EFA 

results also suggests that is possible to confirm this four-factor solution via a four correlated 

factor model or a hierarchical second order model, which estimate the correlation among 

first-order model as an overarching general factor. Therefore, we estimated these two models 

in the CFA.  

The four-factor correlated model converged normally, with good model fit (RMSEA 

= 0.041; 90%CI = 0.039 – 0.042; CFI = 0.987; TLI = 0.985; SRMR = 0.036). Factor loadings 

and item thresholds are described in Table 2 and the polychoric correlation matrix used in the 

CFA can be seen in Table S22. ECV was higher for the “Relationship with Staff”, being the 

factor that explains most of NHS-CMH variance (40.1%) and present the highest internal 

consistency (⍵=0.952).  

The four-factor second-order model converged normally and presented good model fit 

(RMSEA = 0.041; 90%CI = 0.040, 0.043; CFI = 0.986; TLI=0.985; SRMR = 0.038). Factor 

loadings of the overarching “Quality of care” into “Relationship with staff”, “Organizing 

care”, “Medication and Treatments” and “Support and Wellbeing” are 0.917 (R2 = 0.841), 

0.925 (R2 = 0.856), 0.874 (R2 = 0.764) and 0.855 (R2 = 0.731) respectively. Therefore, this 



instrument can also be conceptualized as having a hierarchical structure, for which there is an 

overarching general factor strongly related with all care quality dimensions.  

The highest threshold is observed for the parcelled questions regarding crisis care 

(Q21+Q22+Q23). In this item, a service probably has 1.242 standardized care quality latent 

score (interpreted as z-scores) so a subject can have 50% probability to score from 15 

(meaning “Yes” for Q21 and Q22, and “Yes, to some extent” for Q23) to 20 (meaning “Yes” 

for Q21 and Q22, and “Yes, definitely” for Q23) in this domain. In other words, these are the 

most difficult items to be endorsed and, when they are, indicate higher quality. “Relationship 

with Staff” and “Medication and Treatment” dimensions mostly have negative thresholds, 

which means that they are informative at the lower end of the care quality latent trait (Table 

2, thresholds) and most of users will respond positively in those items.  

 

{Table 2 around here} 

 

Discussion 

As stated by The Care Quality Commission in the UK, “to improve the quality of 

services, it is important to understand what people think about their care and treatment” 

(CQC, 2018). In this perspective, we describe the latent structure, reliability and item 

characteristics of the 2017 NHS-CMH. We estimated that it is composed by four dimensions, 

describing relationship with staff, organizing care, medication and treatments and support and 

well-being. Factor reliability was good to excellent and corresponded to between 13.3 and 

40.1% of the NHS-CMH factor-explained variance. Item threshold could also be assessed to 

inform the 50% probability of endorsing a higher response category based on the continuous 

level of the user satisfaction with the provided dimension of care. 

 



Internal validity and reliability 

More than 30 instruments aim to measure the user’s perspective on mental health care 

quality. A few are designed for community mental health care and even fewer evaluate what 

constructs they are measuring and how reliable they are (Miglietta et al., 2018). The 2017 

NHS-CMH questionnaire intended to cover 10 dimensions of care. However, six of these 

dimensions included conditional questions that made them function as an item instead of a 

dimension. Therefore, the proposed dimensions: “Organising care”, “Planning care”, 

“Reviewing care”, “Changes in who people see” and “Crisis care”, were highly correlated 

and were informed by one dimension if taken as an item (parcelled). We kept the name 

“Organizing care” because the content of the items relates to how well, how much 

information, and how autonomous a user was regarding all these organizational aspects. This 

construct also informed one item of the “Treatment” dimension, which regards on 

information about new medicines. Due to the nature of the skip questions, the “Treatment” 

dimension could be broken into four parcelled items, in which three loaded into the 

“Medication and Treatments” dimension. 

The NHS-CMH constructs are covered in most studies (Miglietta et al., 2018). 

Relationship with staff is present in all instruments evaluated by a recent review (Miglietta et 

al., 2018) and covers feeling listened to, comfortable and able to talk with staff. Most of 2017 

NHS-CMH items loads into this dimension as revealed by EFA and CFA, including all items 

from the “Your Health and Social Care Worker”, two items from the “Support and Well-

being” and the two items from the “Overall” evaluation. We estimated that 40.1% of the 

explained variance due to latent factors correspond to this construct. Taken together, it 

reveals that this is a consistent and representative dimension of mental health care quality.  

Most of NHS-CMH items are phrased to capture if the user is well informed, involved 

with treatment, checked and reviewed on their needs. In this sense, it is well related with 



patient-centeredness approach to increase care quality (IOM, 2001; Kilbourne et al., 2018). 

The common phrasing among dimensions is a plausible reason why they are highly 

correlated, and a second-order model fit the data well. Nonetheless, a one-factor solution does 

not describe the questionnaire and some room for specificity remains. Therefore, the structure 

of the NHS-CMH can be interpreted as a four first order correlated factor model, with a 

general factor that explains the correlation among the first order factors. 

 

How much care quality one should perceive to respond higher scores?  

Previous studies have not shown how much quality a user should perceive to make 

them endorse higher response category in the questionnaires (Miglietta et al., 2018; Sanchez-

Balcells et al., 2018). Here we have estimated the NHS-CMH item threshold, which informs 

how much quality a user must perceives in the continuous latent trait so the probability to 

respond “Yes, to some extent” and “Yes, definitely” is equally 50%. With that in mind, we 

can observe that the question 41, which asks about if the user was treated with respect and 

dignity, have very low thresholds to respond from “Yes, sometimes” to “Yes, always” (-

0.650), which means that a service does not need to be high in quality so a user can respond 

to the extreme positive of this question (72% responded “Yes, always”). NHS-CMH four 

dimensions of care captures different levels in the care quality. The “Support and Well-

being” dimension present the higher thresholds if single questions are considered, meaning 

that for a user endorse “Yes, definitely” to these questions, it is more likely that a service is 

beyond mean level of support and well-being quality.  

“Relationship with Staff” presents high rates of higher response categories, which can 

be observed from the raw percentages of response in a given category, or by the low 

thresholds of its items. This construct is present in most instruments measuring care quality 

and satisfaction (Miglietta et al., 2018). Here we demonstrated that despite its importance and 



detection by the user, it measures quality in the lower level of the quality trait and does not 

help to discriminate average from excellent quality. Future studies on this dimension may 

benefit from evaluating item threshold to improve this dimension so it can capture more 

information in the quality latent trait.  

 

Limitations 

This study has limitations that may require additional scrutiny. First, the psychometric 

properties of the NHS-CMH may conceivably vary according to a number of participant 

characteristics. Unfortunately, the data set does not provide individual demographics, so the 

instrument cannot be probed for measurement equivalence among these groups. Second, 

response rate was low and the extrapolation of these results to the general public must be 

cautionary. However, the data collection procedure is carefully planned so the subjects are 

representative of all subjects that seek NHS community mental health services across the 

country. Third, due to exclusion criteria at the sampling period, subjects with specific 

characteristics are not represented in this survey and analysis (i.e., subjects that were 

receiving inpatient care at that moment, were seen for assessment only once or through a 

liaison service, were seen primarily for specific conditions such as drug and alcohol, or if the 

subjects were not seen in person). Forth, due to missing data and dependency among 

questions, some original dimensions were impossible to be estimated. We tried to overcome 

this by using an item parcelling strategy to account for dependencies caused by conditional 

questions, as well as the utilization of WLSMV estimator using FIML to handle missing data, 

which is the state of the art for dealing with such data (Kline, 2015) 

 

Conclusions 



Psychometric evaluation of instruments measuring the user experience of community 

mental health care quality can aid in the understanding of what constructs they are measuring, 

how the items aggregate and can be reliably summed to provide useful scores, and which 

items reveal higher care quality if endorsed. The NHS-CMH is particularly structured with 

conditional questions which limited the estimation and reliability of what was originally 

intended to be measured. To overcome this, it is possible to modify items in the next surveys, 

so they are not interdependent, or analyse them as parcelled items. Another possibility is 

optimization, which can be achieved by excluding theorized constructs with dependent 

questions and include other constructs from other instruments (Miglietta et al., 2018), such as 

accessibility and impressions on service environment. Nonetheless, we estimate that the 

NHS-CMH presents dimensions with good internal reliability. Moreover, item thresholds 

demonstrate that response levels from questions of the “Support and Wellbeing” and the 

“Organizing Care” dimension are useful to capture mean to higher care quality levels.  

The NHS-CMH is a survey questionnaire that covers four correlated dimensions of 

care quality as perceived by the user. It suits the patient-centeredness approach by asking if 

the users are well informed, involved with treatment, checked and reviewed on their needs. 

The questions are scored through “Relationship with Staff”, “Organizing Care”, “Medication 

and Treatments” and “Support and Wellbeing” dimension, which could be reliably used as 

separate scales, depending on the measurement purpose. Regardless of the purpose, if one 

dimension is measured, the other three can also be inferred due to its high correlation. 

Nonetheless, the single-item analysis is informative of other items via its common dimension, 

as demonstrated by its factor structure. Therefore, this questionnaire should be applied and 

interpreted as a sum of its items in each of its four dimensions of mental health care quality. 
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