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Abstract 

     Personal opportunities refer to chances for people with intellectual and developmental 

disabilities (IDD) to take self-directed action based on their interests, strengths, and preferences. 

This study tested for measurement invariance across five years of cross-sectional data, including 

data collected during the COVID-19 pandemic, to determine whether the scale performed 

consistently over time. Analysis revealed significant differences in both the National Core 

Indicators In-Person Survey (NCI-IPS) outcomes and in the Personal Opportunities scale. 

Measurement invariance testing indicated partial threshold and loading invariance, but not 

intercept invariance, suggesting that the ways in which participants perceived or responded to 

scale items changed over time. We recommend that researchers utilizing scaled measures with 

longitudinal outcomes employ statistical checks, including measurement invariance, to ensure 

the scale performs consistently over time. 
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Introduction 

The need for stable personal outcomes measures over time for people with intellectual 

and developmental disabilities (IDD), particularly those using Medicaid-funded services, 

predates the COVID-19 pandemic (Authors, 2020a; Authors 2020b; Shogren et al., 2015). Such 

data can be used to monitor service delivery, understand how investments in services affect life 

outcomes, and inform policy and regulatory decisions based on changes and trends over time 

(Authors, 2020a; Authors 2020b; Shogren et al., 2015). However, given the enormous impact of 

COVID-19 on people with IDD and the service delivery system, it is incumbent on researchers to 

investigate if and how the pandemic impacted Home and Community Based Services (HCBS) 

outcome measurement systems. 

     Significant historical events, like the COVID-19 pandemic, present a number of 

challenges to the internal and external validity of research (Butler et al., 2022; Mara & Peugh, 

2020). For example, disruptions due to COVID-19 may have impacted people’s ability to 

participate in research, introducing the possibility of selection bias to the research design (Butler 

et al., 2022). The National Core Indicators In-Person Survey (described in more detail in the 

Methods section; NCI-IPS) shifted to virtual data collection due to COVID-19, potentially 

excluding people without reliable internet connections or support to use video conferencing 

platforms (Butler et al., 2022; Mara & Peugh, 2020; National Core Indicators, 2020). 

Additionally, collecting data during a significant historical event introduces new covariates that 

can independently affect outcomes, making it more difficult to identify relationships of interest 

(Butler et al., 2022). Butler and colleagues (2022) suggest that attending to these threats is 

particularly important when researching populations disproportionately impacted by the COVID-

19 pandemic. 
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Measurement Invariance as a Tool to Assess Scale Performance 

     Testing for measurement invariance (MI) across time is necessary when looking at 

responses collected over periods of change, particularly in the context of major historical events 

like COVID-19. Establishing MI ensures that the measure maintains consistent meaning and 

interpretation over time, allowing researchers to assess changes accurately and make meaningful 

comparisons among different time points (Widaman et al., 2010). Failing to test for MI may lead 

to incorrect conclusions about the stability or change in outcomes over time, which could 

misinform policymakers and practitioners in their decision-making processes. 

Furthermore, examining MI is necessary to determine whether the scale consistently 

measures the same underlying construct across time (Meredith, 1993). Demonstrating MI 

bolsters the scale's validity and strengthens the theoretical foundation for interpreting the 

findings (Vandenberg & Lance, 2000). In addition, investigating MI can reveal potential biases 

or differences in how individuals perceive or respond to the scale items over time, providing 

valuable insights into the scale's psychometric properties and informing future modifications or 

improvements. 

Personal Opportunities 

The Personal Opportunities scale was developed as a result of previous work by the 

authors (Authors, 2020b) using large administrative datasets merged at the individual level to 

better understand the relationship between IDD (HCBS) Medicaid expenditures, a person’s 

support needs, personal characteristics, and personal outcomes. This project began in response to 

an identified need in the IDD field for measures that accounted for differences in individual 

(support needs, disability, additional diagnoses, etc.) and systemic (services, residential setting, 

expenditures, etc.) characteristics (Kaye & Harrington, 2015). 
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One of the primary datasets used in these analyses, the NCI-IPS, contains a number of 

variables related to broad domains including community participation, rights, and choice. While 

these indicators are useful, prior measures developed using national data could not be replicated 

using state samples (Jones et al., 2018). Following recommendations from the National Quality 

Forum (2016) on the need for standardized scales using existing measures, authors (2020b) 

sought to develop new scales that could be validated with both state and national NCI-IPS data 

across multiple years of data collection. 

Personal Opportunities refer to chances for people with IDD to take self-directed action 

based on their interests, strengths, and preferences (Authors, 2020a; Authors, 2022). This scale 

builds on previous measures using the NCI-IPS including Everyday Choice (Lakin et al., 2008), 

Social Participation and Relationships (Mehling & Tasse, 2014), and Home Privacy 

(Houseworth et al., 2019) as well as with subdomains identified by the National Quality Forum 

(2016). Based on these existing frameworks, Authors (2020a) used three years of NCI-IPS data 

(2017-2018, 2019-2019, and 2019-2020) from [state name redacted for peer review] to identify 

three domains of personal opportunities–rights, everyday choice, and community participation–

and then validated the measure with the national NCI-IPS data from 2017-2018 (Authors, 2022). 

These domains, variables, and definitions from the NCI-IPS are presented in Table 1. In this 

study, we will use the Personal Opportunities scale to illustrate the importance of testing for MI 

over time, particularly in the context of the COVID-19 pandemic. 

Impact of COVID on Personal Opportunities for People with IDD               

     While this study is predominantly concerned with how COVID-19 impacted the Personal 

Opportunities scale, it is also important to consider the experiences of people with IDD during 

the pandemic, who may have been particularly vulnerable to the COVID-19 pandemic and 
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associated closures (Friedman, 2021; Lake et al., 2021; Pfeiffer et al., 2021; Rosencrans et al., 

2021). In one web-based survey of people with IDD, 92.8% of respondents reported negative 

impacts from the COVID-19 pandemic (Fisher et al., 2021). People with IDD experienced 

changes to or loss of employment (Fisher et al., 2021) or disability services (Friedman, 2021; 

Linehan et al., 2022; Rosencrans et al., 2021), Linehan et al., 2022), and fewer social activities, 

particularly in person (Pfeiffer et al., 2022). These disruptions may have contributed to increased 

anxiety, worry, or mental health symptoms in people with IDD (Lake et al., 2021). 

 Importantly, IDD refers to a wide range of conditions and support needs (Schalock et al., 

2019). Before the pandemic, authors (Authors, 2023) found that people with higher support 

needs had lower personal opportunities. Rosencrans and colleagues (2021) suggest that this 

pattern may hold for pandemic-related disruptions, with people who reported more functional 

limitations also reported experiencing more mental health symptoms since the start of COVID-

19. Additionally, disruptions to daily routines and opportunities for community engagement may 

have been particularly challenging for people with more significant intellectual disabilities who 

had difficulties understanding public health interventions or their purpose (Lake et al., 2021) 

These findings are also reflected in other secondary data analyses. In her analysis of the 

Personal Outcomes Measure (POM), Friedman (2021) found that respondents were less likely to 

participate in their community and have intimate relationships in 2020 compared to 2019. The 

POM also includes questions about participants’ abilities to exercise their rights, make choices 

about their work and services, and have friendships, but these outcomes were not significantly 

different between 2019 and 2020 (Friedman, 2021). 

Many of these changes may be closely related to the previously validated Personal 

Opportunities scale. However, before claims can be made about changes in personal opportunity 
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outcomes during and after the COVID-19 pandemic, it is important to establish the internal 

validity of the scale itself across years. Specifically, are respondents interpreting items in the 

same way before, during, and after the pandemic? 

Study Aims 

     This paper seeks to model the utility of testing for MI across time, particularly in the 

context of major historical events, to ensure accurate assessment, inform evidence-based policies 

and interventions, and enhance the scale’s validity and reliability. Using the Personal 

Opportunities scale as a case example, we pursued the following research questions: 

1)      What is the optimal factor structure for a scale measuring personal opportunities 

for individuals with IDD using items from the NCI-IPS? 

2)      Given the optimal factor structure, does the Personal Opportunities scale perform 

similarly in theoretically similar cohorts sampled across five years from 2017-2022? 

3)      To what extent do responses collected in 2020-2021 function as an outlier in 

relation to the pattern of responses collected in the three years prior and one year after?      

Methods 

     Procedures used to conduct this study were approved by the Institutional Review Board 

at the authors’ university. 

Data 

     Data for this study came from [state name redacted for peer review]’s National Core 

Indicators In-Person Survey (NCI-IPS). The NCI-IPS is a collaborative project that includes the 

Human Service Research Institute (HSRI), the National Association of State Directors of 

Developmental Disabilities Services (NASDDDS), and participating states and aims to collect 

data about public IDD systems and service users' outcomes. These data can be used to track 
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performance and outcome measures over time, compare results across states, and establish 

national quality benchmarks (National Core Indicators, n.d.). 

     The NCI-IPS is an interview with adults (18 years or older) who use at least one state-

funded disability service in addition to case management. Each year, participants are randomly 

selected from all HCBS users of the state’s Developmental Disability (DD) waiver. For this 

study, we specifically used data from [state name redacted for peer review] from five years of 

data collection (2017-2018 through 2021-2022) for five cohorts of respondents. Data collection 

typically runs from July of one year until June of the following year; all data from 2019-2020 

was collected prior to the start of the COVID-19 pandemic.  

     The NCI-IPS consists of three sections. The background section is completed using case 

files before the interview, usually by a case manager. It includes demographic information, 

details about the participant’s disability diagnosis and/or health conditions, and basic information 

about their DD services. Section I contains subjective questions about the participant’s life and 

services and may only be answered directly by the individual. Section II contains objective 

questions about outcomes in key life domains including community participation, rights, and 

personal choices which may be answered either by the individual or by someone who knows 

them well. Variables for this study were drawn from the background section and Section II of the 

NCI-IPS. 

Variables 

A description of the variables used in this analysis can be found in Table 1. A full 

description of the methods used to develop the Personal Opportunity measures can be found 

elsewhere (Authors, 2022). The measure was initially developed by (Authors, 2020a) to expand 

upon previously developed measures of Everyday Choice (Lakin et al., 2008), Social 
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Participation and Relationships (Mehling & Tasse, 2014), and Home Privacy (Houseworth et al., 

2019) using four years of Virginia NCI-IPS data and was then validated by (Authors, 2022) on 

the national NCI-IPS data. The measure defines Personal Opportunities as “chances for self-

directed action," specifically to make choices, participate in the community, and have privacy 

(Authors, 2020a). Authors (2022) included a fourth factor, expanded friendships. This factor 

could not be estimated in this study because the items were not collected in all five years of data 

collection. 

Data Analysis 

The study's primary research objectives were addressed through three sequential stages of 

data analysis. The first phase entailed a single-group confirmatory factor analysis (CFA) to 

assess the suitability of our previously developed personal opportunities scale on this larger 

sample. Next, a multigroup CFA model was utilized to explore MI between samples obtained 

across five years from 2017 to 2022. Given that all of our CFA model's indicators were 

categorical, we used the procedure for testing measurement equivalence/invariance described in 

Svetina et al. (2020). This included testing for MI using a series of nested models: 1) a 

multigroup model where all parameters are estimated separately in each group, 2) a model where 

thresholds are constrained to be equal across groups, 3) a model where thresholds and item 

loadings are constrained to be equal, and 4) a final model where thresholds, loadings, and 

intercepts are all constrained to be equal. In the final stage, we repeated the multigroup CFA, this 

time removing observations from 2020-2021 to test the premise that data collected amidst the 

widespread, acute impacts of COVID-19 differed from those collected before 2020 and from 

later stages of the pandemic, as restrictions loosened. The goal was to confirm whether 

measurement properties held for all years with the exception of 2020-2021 to guide future use of 
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scales. For example, even though 2021-2022 was undoubtedly impacted by the longer-term 

effects of the pandemic, we were interested in whether the psychometric properties of our scale 

were closer to the patterns of responses observed pre-COVID, as the acute effects of the 

pandemic began to wane. 

The statistical software Mplus, Version 7.11 (Muthén & Muthén, 2015) was used for data 

analyses. The robust maximum likelihood estimator (MLR) was employed to evaluate all the 

CFA models and conduct invariance testing. This estimation method performs the full 

information maximum likelihood (FIML) procedure when dealing with missing data, as well as 

providing robust standard errors. 

In order to examine patterns of missing data, Little's (1988) MCAR test was used to 

determine if the data could be treated as missing completely at random (MCAR). The findings 

suggested that interpreting the data as MCAR would not be appropriate and more robust 

estimation methods for handling missing values, such as full information maximum likelihood 

(FIML) were required. Using FIML, the estimation process can incorporate all available data, 

yielding results comparable to those achieved through traditional missing data techniques like 

multiple imputation (Allison, 2001). 

Data Assumptions and Model Fit/Parsimony 

Before conducting the aforementioned data analysis, we assessed the assumption of 

multivariate normality via the “mvtest” function in Stata. The results of both Mardia's (1970) test 

and Doornik-Hansen's (2008) omnibus test yielded statistically significant outcomes, indicating 

that the data did not completely meet the multivariate normal assumption that is typically 

required in latent variable modeling. In order to address this potential violation, we implemented 

the robust maximum likelihood procedure (MLR in MPlus) and assessed model fit for all 
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confirmatory factor analysis (CFA) and structural equation modeling (SEM) models using the 

Satorra-Bentler scaled chi-square (S-B χ2; Satorra & Bentler, 2001). These methods are 

recommended for situations where the data may not conform to the multivariate normal 

assumption, and have demonstrated robustness even in the presence of more substantial 

deviations from normality (Enders, 2001). 

Moreover, we employed several other fit indices to evaluate the goodness-of-fit of our 

models, including the comparative fit index (CFI), standardized root-mean-square residual 

(SRMR), and root-mean-square error of approximation (RMSEA) with a 90% confidence 

interval. To appraise the adequacy of the model fit, we utilized the assessment criteria developed 

by Hu and Bentler (1999), which stipulate that an acceptable model fit entails a CFI value greater 

than or equal to .95, an SRMR value less than or equal to .08, and an RMSEA value less than or 

equal to .06. In cases where the CFI value fell short of the suggested threshold, we then 

consulted Hu and Bentler's (1999) recommendation to evaluate both SRMR and RMSEA 

simultaneously, with an RMSEA value less than or equal to .06 and an SRMR value less than or 

equal to .10 indicating an acceptable model fit. 

Results 

Participants 

         The sample size varied across the years, ranging from 512 in 2019-2020 to 842 in 2017-

2018, with a total of 3,595 participants across the five years of data collection. Participants were 

mostly White (62.4%) and Black (31.5%) with smaller numbers of participants identifying as 

Latino, Asian, Pacific Islander, American Indian, or a different racial identity. Slightly more than 

half of participants identified as male (59.3%). “Other” was offered as an option for gender in 

some years of data collection, but was only selected by three participants. About half of the 



11 

participants were their own guardian (51.43%) and most participants had a mild (30.44%) or 

moderate (38.58%) intellectual disability. The only significant differences across years were 

found among respondents with profound intellectual disability (X2 (12) = 24.11, p  = .20), 

probably due to the low level of respondents with more significant levels of intellectual 

disabilities (9.75% of the total sample). 

Personal Opportunities 

Table 2 presents a descriptive analysis of the items that comprise our Personal 

Opportunities scale measured across five years in a sample of individuals with IDD. The results 

indicate a shift in response patterns across time for several items. For instance, the proportion of 

participants who reported "yes/maybe" for having a key to their home increased from 50.7% in 

2017-2018 to 69.5% in 2021-2022. Similarly, the percentage of participants reporting 

"yes/maybe" for having the ability to lock their bedroom increased from 58.5% in 2017-2018 to 

74.1% in 2021-2022. 

The frequency of engaging in various activities also changed over the years. For example, 

the percentage of participants who reported going shopping more than five times in a month 

decreased from 43.2% in 2017-2018 to 41.4% in 2021-2022. However, the proportion of 

participants reporting no entertainment experiences increased from 16.2% in 2017-2018 to 

43.2% in 2021-2022. The results also showed variations in the frequency of eating out and 

running errands and changes in the extent to which individuals had control over their daily 

schedules, what to do in free time, and purchasing choices. 

Confirming the Factor Structure of Personal Opportunities 

After exploring descriptive patterns in the items over time, we used confirmatory factor 

analysis to investigate the underlying factor structure of the personal opportunities scale. Two 
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separate confirmatory factor analysis models were tested to compare the relative fit of a one-

factor versus three-factor model of personal opportunities. The three-factor model demonstrated 

the best model fit and parsimony according to the guidelines suggested by Hu and Bentler 

(1999), Satorra-Bentler χ2 (24) = 183.74, p < .001, RMSEA = .046 (90% CI [.040-.053]), CFI = 

0.979, and TLI = .968. The one-factor model demonstrated significantly poorer fit and 

parsimony, Satorra-Bentler χ2 (27) =  2629.84, p < .001, RMSEA = .176 (90% CI [.170-.182]), 

CFI = 0.652, and TLI = .536. In both cases, the chi-square test of model fit was significant, 

though this test is highly sensitive to small model-data discrepancies in large samples (Kline, 

2016). Therefore, the three-factor model for personal opportunities was a more accurate 

representation of the underlying construct than the one-factor model. 

Assessing the Longitudinal Measurement Invariance of Personal Opportunities Scale 

Having confirmed the appropriate structure for the Personal Opportunities Scale, we then 

conducted a series of measurement invariance tests to investigate the extent to which the scale 

operated equivalently across the five years of data collection reflected in the sample. 

Table 3, top section, presents a comparison of four nested models testing different levels of 

measurement invariance in a longitudinal study. The models include the original 5-group model, 

and three more restrictive models with invariant thresholds (T), loadings (L), and intercepts (I). 

The original 5-group model shows an acceptable fit, with a significant Chi-square value, a CFI of 

0.97, a TLI of 0.96, an RMSEA of 0.05 with a 90% confidence interval between 0.04 and 0.05, 

and an SRMR of 0.05. The threshold invariance, or “T Invariant” model exhibits a similar fit to 

the original model, with comparable CFI, TLI, RMSEA, and SRMR values. The threshold and 

loading, or “TL Invariant” model also demonstrates an acceptable fit, although with slightly 

lower CFI (0.96) and TLI (0.95) and a higher RMSEA (0.05) with a 90% confidence interval 
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between 0.05 and 0.06. However, the threshold, loading, and intercept, or “TLI Invariant” model 

shows a poor fit, with a much lower CFI (0.59) and TLI (0.63), a substantially higher RMSEA 

(0.15), and a higher SRMR (0.07). 

Table 3, bottom section, displays the differences in key fit statistics, making it easier to 

examine sequential differences in model fit moving from less to more restrictive models. Criteria 

from Chen (2007) and Cheung and Rensvold (2002) were used to evaluate changes in model fit, 

with changes in both RMSEA (ΔRMSEA ≤ .015) and CFI (ΔCFI ≤ .01) required to demonstrate 

full invariance. Applying these criteria, we would argue that the Personal Opportunities scale 

demonstrates partial threshold and loading invariance, but does not satisfy the requirements for 

threshold, loading, and intercept invariance. It is important to note that only partial invariance 

could be established, largely because models that attempted to constrain loadings and intercepts 

for the “key” and “lock” items would not converge. Once these two items were allowed to be 

freely estimated in the COVID-19 year (2020-2021), the models would successfully converge. 

The performance of the key to one’s home and ability to lock one’s bedroom door items in the 

NCI cohort most affected by COVID-19 disruptions (2020-2021) prompted further exploration, 

specifically, whether longitudinal invariance could be established for all years other than 2020-

2021. Thus, we removed the data from 2020-2021 and proceeded with repeating the MI analysis 

as described above. 

Assessing Longitudinal MI Without COVID-19 Year (2021) 

Table 4, top section presents a comparison of four nested models testing different levels 

of MI, excluding the COVID-19 year (2020-2021). Just as seen in Table 3, the models included 

the original 5-group model, and three more restrictive models with invariant thresholds (T), 

loadings (L), and intercepts (I). 
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The original 5-group model showed a good fit, with high CFI and TLI (both 0.98), a 

small RMSEA (0.03) with 90% confidence interval between 0.02 and 0.04, and a low SRMR 

(0.04). The T Invariant and TL Invariant models also show good fit indices, with similar CFI, 

TLI, RMSEA, and SRMR values as the original model. Similar to the previous set of analyses, 

the TLI Invariant model demonstrates somewhat poorer fit, indicated by a lower CFI (0.89) and 

TLI (0.90), a higher RMSEA (0.07), and a slightly higher SRMR (0.05). Of note, however, the 

decrease in fit between the TL and TLI models was significantly less once the responses from the 

COVID-19 Year (2020-2021) were removed. 

Table 4, bottom section presents the differences in fit statistics between the longitudinal 

measurement invariance models with No COVID-19 Year (2020-2021) included. Comparing the 

T Invariant model to the original model, there were no significant changes in any of the fit 

indices (CFI, TLI, RMSEA, 90% LB, 90% UB, and SRMR). Similarly, when comparing the TL 

Invariant model to the T Invariant model, no significant changes were observed across all the fit 

indices. However, when comparing the TLI Invariant model to the TL Invariant model, the fit 

indices indicated a considerable decrease in model fit with a ΔCFI of -0.09, ΔTLI of -0.08, and 

an increase in ΔRMSEA of 0.04 along with a change in the lower and upper bounds (Δ90% LB 

and Δ90% UB) by 0.04. Additionally, the ΔSRMR increased by 0.01. 

Discussion 

Analyzing a Personal Opportunities scale across five years in a sample of people with 

IDD revealed shifts in response patterns and engagement in various activities over time. The 

proportion of participants reporting having a key to their home and ability to lock their bedroom 

door systematically increased, while the frequency of shopping, entertainment experiences, 

eating out, and running errands fluctuated over the years. Additionally, changes were observed in 
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the extent to which individuals had control over their daily schedules, free time, and purchasing 

choices. 

Assessing the measurement properties, CFA was used to confirm the factor structure of 

the personal opportunities scale, with the three-factor model demonstrating the best fit. 

Longitudinal MI tests were then conducted, indicating partial threshold and loading invariance, 

but not intercept invariance. The performance of the key and lock items was an important 

discovery - both items had to be freely estimated during the height of the COVID-19 pandemic 

(2020-2021) for the models to converge, suggesting a significant shift in the functioning of those 

items during the 2020-2021 data collection cycle. However, when data from this year were 

excluded, the decrease in model fit between threshold and loading invariance and threshold, 

loading, and intercept invariance models was significantly less. These findings highlight the 

importance of considering the impact of extraordinary circumstances, such as the COVID-19 

pandemic, on the measurement properties of psychological constructs such as personal 

opportunities. 

Implications for HCBS Outcome Measurement 

     While scaled variables offer important opportunities for monitoring outcomes and 

guiding recommendations for interventions and policy recommendations, testing for MI is 

necessary to ensure that these scales perform consistently (Meredith, 1993; Vandenberg & 

Lance, 2000). This study emphasizes the importance of testing for MI over time to understand 

the impact of major historical events (Mara & Peugh, 2020). Without establishing MI, it is 

impossible to know if observed changes in outcomes are due to actual changes in participants’ 

lives or to changes in how they interpret and respond to survey items (Mara & Peugh, 2020; 

Meredith, 1993; Vandenberg & Lance, 2000). 
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     Using the example of the Personal Opportunity scales, testing for MI between years 

demonstrates that while participants did experience significant differences during the COVID-19 

year of data collection (2020-2021), the scale items themselves also behaved differently. Given 

these results, we recommend that researchers using scaled measurement to evaluate longitudinal 

outcomes employ statistical checks, such as testing for MI, to ensure the scale maintains 

integrity, particularly in light of catastrophic events such as the COVID-19 pandemic. 

To address any inconsistencies with scale performance, researchers can instead focus on 

changes in individual survey items rather than employing scales to examine NCI-IPS outcomes 

over a timeframe that includes the COVID-19 year (2020-2021). If scales are used, we suggest 

that the COVID-19 year be excluded or that researchers apply appropriate measurement 

constraints to account for differences in scale performance. Additional research is necessary to 

disentangle the effects of the COVID-19 pandemic on personal opportunities for people with 

IDD from its effects on the NCI-IPS. For example, future research may use true longitudinal 

measures that survey the same people prior to and after the COVID-19 pandemic, as opposed to 

the random cohorts used in this analysis.  

Implications for Policy and Practice 

The need for reliable and valid IDD system measures to monitor quality over time so that 

policymakers and system managers can make informed, data-based policy and regulatory 

decisions is well documented in the literature (Authors, 2020a, Authors, 2020b; Tichá, 2023). As 

the IDD field relies more heavily on data to make decisions, researchers must exercise due 

diligence to ensure that measurement is reliable and valid over time. Major national and state-

based policy changes need to be effectively evaluated through the lens of how they impact the 

lives and outcomes of people who used Medicaid IDD HCBS over time. Furthermore, given the 
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extraordinary challenges that the COVID-19 pandemic presented to people with IDD and service 

systems (Fisher et al., 2022; Friedman et al., 2021; Rosencrans et al., 2021), the validation of 

scales enables the field to better understand the true impact of catastrophic events and to prepare 

for future challenges. 

Variables related to physical privacy (having a key to one’s home and the ability to lock 

one’s bedroom door) are particularly interesting in the context of a pandemic and associated 

public health response. Rates of having a key and being able to lock one’s door began to increase 

in the 2018-2019 data collection cycle, possibly due to increased attention to privacy in response 

to the CMS Final Settings Rule, finalized in 2014 (CMS, 2014). However, these variables did not 

fit a previously-established model of personal opportunities during the 2020-2021 data collection 

cycle–a time of massive disruption to routines, including more time spent in the home (Pfieffer et 

al., 2022). Beyond changes in the rates of people able to exercise their right to privacy, the poor 

fit of these variables suggests a substantial change in the way people conceptualized privacy 

during the COVID-19 pandemic. As a whole, these findings illustrate the intersections of high-

level policies, global events, and the daily lives of people with IDD, all of which must be 

considered in any future decisions. 

Limitations 

     As with any study, this one has several important limitations that offer opportunities for 

future research. Firstly, while this analysis of five years of NCI-IPS data allows us to compare 

outcomes over time, it is not a true longitudinal analysis. Participants are randomly selected from 

the state’s roster of Medicaid HCBS service users, minimizing potential threats to external 

validity. However, the possibility of bias cannot be fully dismissed, particularly in years when 

COVID-19 disrupted data collection (Butler et al., 2022). 
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There are also limitations associated with the data itself. The NCI-IPS recruits 

participants from each state’s DD Waiver users. Literature suggests that only about 20% of 

adults with IDD who live in the community use state-funded disability services, limiting the 

generalizability of studies that use this sampling frame (Larson et al., 2020). Additionally, the 

NCI-IPS allows for proxy responses to some questions. NCI-IPS surveyors are trained to support 

people with IDD to answer independently whenever possible and to maximize the validity of 

proxy responses, but it should be noted that there are concerns with using proxy responses to 

surveys (Scott & Havercamp, 2018).  

We also conducted this analysis with data from one state. This limitation is particularly 

noteworthy when considering the impacts of a historic event like the COVID-19 pandemic. 

While the NCI-IPS provides interviewers with standardized training, states manage their own 

sampling and data collection (National Core Indicators, 2022). It is therefore possible that some 

states were more successful than others in navigating the shift to administering surveys virtually. 

It will be important for future research to expand these analyses to include larger cohorts of 

states and different sets of data to better understand the scope and depth of measurement changes 

during the COVID-19 pandemic and the implications for outcome measures. 

Conclusion 

     The COVID-19 pandemic and the associated public health response has enormously 

impacted both Personal Opportunities for people with IDD and how these opportunities are 

measured. This study demonstrates the importance of investigating the impacts of major 

historical events on outcomes of interest and measurement strategies. Testing for MI over time is 

a valuable strategy to ensure that outcomes are measured consistently over time and that 

resulting policy and practice recommendations are based on sound data. 
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Table 1. Personal Opportunity Variables 

Variable Description 

Rights Domain 

Key Do you have a key to your home? 

Lock Can you lock your bedroom if you want to? 

Community Participation Domain 

Shopping How many times did you go shopping in the last month? 

Entertain How many times did you go out for entertainment in the 

past month? 

Eat Out How many times did you go to a restaurant or coffee shop in 

the past month? 

Errands How many times did you go out on errands or appointments 

in the past month? 

Choice Domain 

Schedule Who decides your daily schedule? 

Free Time Who decides how you spend your free time? 

Choose Buy Do you choose what you buy with your spending money? 
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Table 2 

 

Frequencies for Personal Opportunities Indicators, by Year of Data Collection 

 

 
17-18 

(N=842) 

18-19 

(N=807) 

19-20 

(N=512) 

20-21 

(N=726) 

21-22 

(N=708) 

Overall 

(N=3595) 

X2 (df) 

Key       76.78 (8)*** 

0 No 371 (44.1%) 330 (40.9%) 153 (29.9%) 217 (29.9%) 206 (29.1%) 1277 (35.5%)  

2 Yes/Maybe 427 (50.7%) 472 (58.5%) 352 (68.8%) 496 (68.3%) 492 (69.5%) 2239 (62.3%)  

Missing 44 (5.2%) 5 (0.6%) 7 (1.4%) 13 (1.8%) 10 (1.4%) 79 (2.2%)  

Lock       84.62 (8)*** 

0 No 271 (32.2%) 234 (29.0%) 113 (22.1%) 131 (18.0%) 125 (17.7%) 874 (24.3%)  

2 Yes/Maybe 492 (58.5%) 538 (66.7%) 350 (68.3%) 551 (75.9%) 525 (74.1%) 2456 (68.3%)  

Missing 79 (9.4%) 35 (4.3%) 49 (9.6%) 44 (6.1%) 58 (8.2%) 265 (7.4%)  

Shopping       344.74 (12)*** 

1 (0 times) 60 (7.1%) 54 (6.7%) 48 (9.4%) 264 (36.4%) 112 (15.8%) 538 (15.0%)  

2 163 (19.4%) 148 (18.3%) 93 (18.2%) 133 (18.3%) 131 (18.5%) 668 (18.6%)  

3 210 (24.9%) 221 (27.4%) 135 (26.4%) 137 (18.9%) 160 (22.6%) 863 (24.0%)  

4 (more than 5 times) 364 (43.2%) 369 (45.7%) 233 (45.5%) 180 (24.8%) 293 (41.4%) 1439 (40.0%)  

Missing 45 (5.3%) 15 (1.9%) 3 (0.6%) 12 (1.7%) 12 (1.7%) 87 (2.4%)  

Entertain       695.73 (12)*** 

1 (0 times) 136 (16.2%) 149 (18.5%) 134 (26.2%) 526 (72.5%) 306 (43.2%) 1251 (34.8%)  

2 253 (30.0%) 279 (34.6%) 175 (34.2%) 83 (11.4%) 178 (25.1%) 968 (26.9%)  

3 183 (21.7%) 180 (22.3%) 109 (21.3%) 48 (6.6%) 99 (14.0%) 619 (17.2%)  

4 (more than 5 times) 224 (26.6%) 191 (23.7%) 87 (17.0%) 54 (7.4%) 111 (15.7%) 667 (18.6%)  

Missing 46 (5.5%) 8 (1.0%) 7 (1.4%) 15 (2.1%) 14 (2.0%) 90 (2.5%)  

Eat Out       726.73 (12)*** 

1 (0 times) 75 (8.9%) 84 (10.4%) 73 (14.3%) 433 (59.6%) 188 (26.6%) 853 (23.7%)  

2 213 (25.3%) 174 (21.6%) 114 (22.3%) 127 (17.5%) 182 (25.7%) 810 (22.5%)  

3 199 (23.6%) 216 (26.8%) 126 (24.6%) 88 (12.1%) 135 (19.1%) 764 (21.3%)  

4 (more than 5 times) 318 (37.8%) 325 (40.3%) 195 (38.1%) 67 (9.2%) 187 (26.4%) 1092 (30.4%)  

Missing 37 (4.4%) 8 (1.0%) 4 (0.8%) 11 (1.5%) 16 (2.3%) 76 (2.1%)  
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17-18 

(N=842) 

18-19 

(N=807) 

19-20 

(N=512) 

20-21 

(N=726) 

21-22 

(N=708) 

Overall 

(N=3595) 

X2 (df) 

Errands       79.84 (12)*** 

1 (0 times) 94 (11.2%) 81 (10.0%) 62 (12.1%) 166 (22.9%) 102 (14.4%) 505 (14.0%)  

2 322 (38.2%) 333 (41.3%) 225 (43.9%) 292 (40.2%) 308 (43.5%) 1480 (41.2%)  

3 179 (21.3%) 205 (25.4%) 125 (24.4%) 127 (17.5%) 168 (23.7%) 804 (22.4%)  

4 (more than 5 times) 193 (22.9%) 172 (21.3%) 91 (17.8%) 127 (17.5%) 112 (15.8%) 695 (19.3%)  

Missing 54 (6.4%) 16 (2.0%) 9 (1.8%) 14 (1.9%) 18 (2.5%) 111 (3.1%)  

Schedule       39.48 (8)*** 

0 someone else chose 121 (14.4%) 118 (14.6%) 81 (15.8%) 93 (12.8%) 95 (13.4%) 508 (14.1%)  

1 person had input 372 (44.2%) 359 (44.5%) 249 (48.6%) 262 (36.1%) 288 (40.7%) 1530 (42.6%)  

2 person made choice 308 (36.6%) 324 (40.1%) 176 (34.4%) 357 (49.2%) 316 (44.6%) 1481 (41.2%)  

Missing 41 (4.9%) 6 (0.7%) 6 (1.2%) 14 (1.9%) 9 (1.3%) 76 (2.1%)  

Free Time       32.00 (8)*** 

0 someone else chose 48 (5.7%) 44 (5.5%) 26 (5.1%) 36 (5.0%) 40 (5.6%) 194 (5.4%)  

1 person had input 252 (29.9%) 227 (28.1%) 139 (27.1%) 138 (19.0%) 187 (26.4%) 943 (26.2%)  

2 person made choice 500 (59.4%) 525 (65.1%) 341 (66.6%) 537 (74.0%) 473 (66.8%) 2376 (66.1%)  

Missing 42 (5.0%) 11 (1.4%) 6 (1.2%) 15 (2.1%) 8 (1.1%) 82 (2.3%)  

Choose Buy       21.14 (8) ** 

0 someone else chose 89 (10.6%) 73 (9.0%) 51 (10.0%) 76 (10.5%) 60 (8.5%) 349 (9.7%)  

1 person had input 324 (38.5%) 318 (39.4%) 223 (43.6%) 305 (42.0%) 343 (48.4%) 1513 (42.1%)  

2 person made choice 383 (45.5%) 397 (49.2%) 225 (43.9%) 319 (43.9%) 286 (40.4%) 1610 (44.8%)  

Missing 46 (5.5%) 19 (2.4%) 13 (2.5%) 26 (3.6%) 19 (2.7%) 123 (3.4%)  

* p < .05, ** p < .005, *** p < .001 

 

 

 



Table 3 

Model Fit and Parsimony Statistics Comparing Longitudinal Measurement Invariance Models 

Model df ChiSq. p CFI TLI RMSEA 90% LB 90% UB p SRMR 

Original 5-group 120 291.15 0.00 0.97 0.96 0.05 0.04 0.05 0.68 0.05 

T Invariant 128 302.88 0.00 0.97 0.96 0.05 0.04 0.05 0.77 0.05 

TL Invariant 160 440.13 0.00 0.96 0.95 0.05 0.05 0.06 0.20 0.05 

TLI Invariant 198 2,814.63 0.00 0.59 0.63 0.15 0.14 0.15 0.00 0.07 

Comparison of Model Fit Between Models 

Model Comparison Δdf ΔCFI ΔTLI ΔRMSEA Δ90% LB Δ90% UB ΔSRMR 

T Invariant - Original 8.00 0.00 0.00 0.00 0.00 0.00 0.00 

TL Invariant - T Invariant 32.00 -0.02 -0.01 0.01 0.01 0.01 0.00 

TLI Invariant - TL Invariant 38.00 -0.36 -0.32 0.09 0.09 0.09 0.02 

Note. N = 3,595. T = Thresholds, L = Loadings, I  = Intercepts. CFI = Comparative Fit Index, TLI = Tucker-Lewis Index, RMSEA = 

Root Mean Square Error of Approximation, along with its 90% lower bound (LB) and upper bound (UB), p-value for close fit, and 

Standardized Root Mean Square Residual (SRMR). 
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Table 4 

Model Fit and Parsimony Statistics Comparing Longitudinal Measurement Invariance Models, No Covid-19 Year 

Model df ChiSq. p CFI TLI RMSEA 90% LB 90% UB p SRMR 

Original 5-group 96 155.60 0.00 0.99 0.98 0.03 0.02 0.04 1.00 0.04 

T Invariant 102 162.59 0.00 0.99 0.98 0.03 0.02 0.04 1.00 0.04 

TL Invariant 129 212.82 0.00 0.98 0.98 0.03 0.02 0.04 1.00 0.04 

TLI Invariant 156 686.69 0.00 0.89 0.90 0.07 0.07 0.08 0.00 0.05 

Comparison of Model Fit Between Models 

Model Comparison Δdf ΔCFI ΔTLI ΔRMSEA Δ90% LB Δ90% UB ΔSRMR 

T Invariant - Original 6 0.00 0.00 0.00 0.00 0.00 0.00 

TL Invariant - T Invariant 27 0.00 0.00 0.00 0.00 0.00 0.00 

TLI Invariant - TL Invariant 27 -0.09 -0.08 0.04 0.04 0.04 0.01 

Note. N = 3,595. T = Thresholds, L = Loadings, I  = Intercepts. CFI = Comparative Fit Index, TLI = Tucker-Lewis Index, RMSEA = 

Root Mean Square Error of Approximation, along with its 90% lower bound (LB) and upper bound (UB), p-value for close fit, and 

Standardized Root Mean Square Residual (SRMR). 
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