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Abstract

The study of change and variation within individuals, and the relative comparison of changes 

across individuals, relies on the assumption that observed measurements reflect true change in the 

construct being measured. Measurement properties that change over time, contexts, or people pose 

a fundamental threat to validity and lead to ambiguous conclusions about change and variation. 

We highlight such measurement issues from a within-person perspective and discuss the merits of 

measurement-intensive research designs for improving precision of both within-person and 

between-person analysis. In general, intensive measurement designs, potentially embedded within 

long-term longitudinal studies, provide developmental researchers an opportunity to more 

optimally capture within-person change and variation as well as provide a basis to understand 

changes in dynamic processes and determinants of these changes over time.

The study of change and variation within individuals, and the relative comparison of changes 

across individuals, relies on the assumption that observed measurements reflect true change 

in the construct being measured. Measurement properties that change over time within a 

person, across contexts, or individuals pose a fundamental threat to the validity of a study 

and ambiguates conclusions about change and variation. That observed measurements are a 

reflection of true scores is critical to the study of individual differences and in understanding 

change and variation within individuals over time.

A variety of research designs, including decisions about the number, frequency, and types of 

measurements, are used to understand developmental and aging-related processes. Various 

statistical models can be applied to answer specific questions regarding population average 

patterns of change, individual differences in level and rate of change, and multivariate 

dynamics of within-person variation. Each observed score carries many sources of variation 

that influence our models. Design features play an important role in the ability to disentangle 

the different sources of variation. Figure 1 shows how an individual’s observed scores over 

time can be broken down into a representation of population average level and slope, 

individual deviation from level and slope, and systematic within-person deviations from the 

individual slope as distinct from random error. Perhaps the most important feature of 

longitudinal studies is the opportunity to distinguish between-person age differences from 

within-person age variation and change and how individuals differ in terms of within-person 
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age change. Notably, measurement error is often confounded with reliable within-person 

variation in cross-sectional and typical longitudinal designs, with such variation within and 

across days often the focus of intensive measurement (e.g., daily diary) designs.

Important longitudinal design features (e.g., Lerner, Schwartz, & Phelps, 2009) include 

whether the sample at baseline is age-heterogeneous or homogeneous (which may 

complicate interpretation given confounds with birth cohort and mortality selection), and the 

number and spacing of measurement occasions as this will affect the types of within-person 

models of change that can be reliably estimated (see Rast & Hofer, 2014). Design features 

can be combined in a number of ways to answer research questions that vary in scope from 

population change across birth cohorts to daily dynamics of within-person processes. 

Fundamental to developmental research is measurement with the question of how best to 

measure processes that vary and change within person?

Change in physiological, cognitive, and social functioning early in the lifespan can be 

relatively rapid. Measurement in different developmental periods often require the use of 

different measures, with different emphases given changing contexts related to home, 

school, work, and retirement. Kagan (1980) described the need for identifying a construct 

using different measures, referred to as phenotypic discontinuity, with the construct retaining 

its meaning across developmental periods (i.e., heterotypic continuity). There have been a 

number of recent advances and applications for bridging measurements across 

developmental periods to maintain continuity in the construct, permitting the analysis of 

individual change (e.g., McArdle, Grimm, Hamagami, Bowles, & Meredith, 2009).

In this chapter, we expand on these previous developments with an emphasis on 

measurement issues from a within-person perspective, and highlight benefits for 

measurement and understanding developmental dynamics from measurement-intensive 

research designs (e.g., Hoffman, 2007; Nesselroade, 1991; Rast, MacDonald, & Hofer, 

2012; Salthouse & Nesselroade, 2010; Walls, Barta, Stawski, Collyer, & Hofer, 2012). Such 

designs better enable developmental researchers the opportunity to capture within-person 

change and variation as well as provide potentially better foundations to understand stability 

and change dynamics in developmental processes. While we highlight the importance of 

considering design features for improving measurements in this paper, we want to also point 

to the value of evaluating factorial invariance of measurements and subsequent measurement 

development for repeated measurement designs (e.g., Bontempo, Grouzet, & Hofer, 2012; 

Bontempo & Hofer, 2007; Ferrer, Balluerka, & Widaman, 2008; Meredith & Horn, 2001).

Sampling time: Issues for the measurement of change and variation

The majority of measurement development has been in terms of between-person differences, 

where the level of a construct is captured relative to other individuals. These between-person 

differences are predominantly captured at a single occasion in time. Conclusions about 

individual differences and long-term change are dependent upon accurately measuring an 

individual’s characteristic level at a specific time period. Both widely spaced longitudinal 

designs and single occasion, cross-sectional, designs are susceptible to biases (e.g., recall 

error) that threaten the accurate measurement of true level during a given period of time. 
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This subsequently obscures the accuracy of the measurement of long-term change and 

between-person differences.

Issues with single occasion measurements

Cross-sectional and widely spaced longitudinal measures fail to account for the potential 

variability around trait levels. When measures vary both within-person across time as well as 

between people, measuring only once forces all systematic within-person variations to be 

grouped together and treated as random measurement error. As a result, the cross-sectional 

measure carries both between person information (i.e., characteristic individual level) and 

within-person information (i.e., deviations from individual level) with no possibility of 

disentangled the two sources of variation with only a single measurement (e.g., Curran & 

Bauer, 2011; Hoffman & Stawski, 2009). For example, an individual could be higher than 

others on a measure of well-being because they are a generally a happier person, or their 

well-being level could be affected by them having a particularly good day, which elevates 

their score higher than their typical level (Schwarz & Strack, 1999). Assuming that a 

construct is stable can be problematic when the construct does indeed systematically vary 

over time and can lead to conclusions about individual differences that are confounded with 

within-person variance (e.g., Rush & Hofer, 2014).

Many constructs in developmental research are captured via recall of behaviors, attitudes, or 

experiences within a delimited period of time (e.g., well-being, victimization, substance 

use). These measures typically rely on self-report recall, or the recall of other informants 

(e.g., friends, family, teachers; Allen, Chango, Szwedo, Schad, & Marston, 2012; Jordan & 

Graham, 2012; Ladd & Kochenderfer-Ladd, 2002). The retrospective time-range of cross-

sectional measures can vary widely from the previous months or years, to asking about 

global levels. When measures are derived solely from a single occasion there are a number 

of biases that distort the true level of the construct. Global measures are susceptible to 

retrospection bias, particularly when the assessment period is farther removed from the 

period of recall (Schwarz, Kahneman, & Xu, 2009). A potentially more problematic issue 

with global measures are social desirability biases, which include 1) impression 

management, where individuals purposefully attempt to present themselves more favorably; 

and 2) deceptive self-enhancement, where individuals unintentionally respond according to 

their self-image, rather than actual behaviors/experiences (Barta, Tennen, & Litt, 2012). An 

inability to accurately recall the events of the distant past (e.g., months/year) often results in 

the responses being based on a top-down approach of relying on a global self-perception of 

themselves and how someone who fits that self-perception would act (Schwarz, 2012). For 

example, parents who rated the enjoyment they experience while spending time with their 

children via a global self-report consistently rank it as among the most enjoyable things they 

do (Juster, 1985). However, when rating their enjoyment with their children on a particular 

day, through an end-of-day reconstruction, they rated it as among the least enjoyable events 

of the day (Kahneman, Krueger, Schkade, Schwarz, & Stone, 2004). Reporting globally that 

one does not enjoy time with their children would likely be in stark contrast to their self-

perception as a loving parent, however reporting that on this one day they did not enjoy time 

with their children does not preclude them as quality parents. Aggregating across multiple 

daily reports would therefore reflect the parents’ actual enjoyment during this time period 
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and individual differences among parents would be based on actual differences in enjoyment 

rather than differences in global self-perception. Other undesirable behaviors have found 

similar patterns. In a study of unsafe sexual practices, it was found that participants 

underreported the number of unsafe sexual behaviors in general cross-sectional measures 

compared to daily reports (McAuliffe, DiFranceisco, & Reed, 2007).

Contrary to undesirable behaviors, global measures of life satisfaction are often negatively 

skewed (Diener, 2000), with most people considering themselves to be generally quite 

satisfied with their life. However, these responses are more likely based on their perception 

of themselves as a happy person, rather than on actual accounts of how satisfied they are day 

in and day out. Thus, aggregating over many closely spaced assessments may provide an 

account of an individual’s true level of a construct that is less dependent on retrospection 

and social desirability biases.

Sampling many points in time also addresses a number of the issues that plague cross-

sectional measures. Intensive measurement designs, with frequent closely-spaced 

assessments (e.g., daily diary, ecological momentary assessments), enable within-person 

variation to be disaggregated from between-person differences. Furthermore, the lag-time 

between the experiencing and the reporting can be reduced to the point where retrospection 

bias is nearly eliminated and reports are based more on a bottom-up report of actual events 

rather than a top-down representation of perceived self-image. However, sampling time more 

frequently produces additional challenges. As the time-scale varies, the process which is 

being measured may also change in terms of quantitative or qualitative shifts (Birren & 

Schroots, 1996; Martin & Hofer, 2004). It cannot be assumed that constructs are equivalent 

across occasions or levels of analysis. Measures designed to capture stable between-person 

differences may not possess suitable sensitivity to accurately capture small increments in 

within-person variation.

Reactivity in studies of within-person change

Individuals often perform better on measures of performance and functional assessments 

with repeated testing, with the greatest gains following the first assessment. This 

phenomenon is known as retest, practice, exposure, learning, or reactivity, and has been 

reported in a number of longitudinal studies of aging (Ferrer, Salthouse, Stewart, & 

Schwartz, 2004; Hultsch, Hertzog, Dixon, & Small, 1998; Rabbitt, Diggle, Smith, Holland, 

& Mc Innes, 2001; Schaie, 1996). A further complication is that individuals are likely to 

differ from one another in terms of amount of gain due to retesting or learning in systematic 

ways related to age or developmental stage, level of ability or age and test-specific learning, 

such as learning content and strategies. Additionally, such gains may be due to 

underperformance at the first occasion, known as warm-up effects and related to initial 

anxiety. Sliwinski, Hoffman, and Hofer (2010) addressed retest effects in a longitudinal 

design based on measurement bursts, a set of closely spaced retest intervals to model 

practice effects and longer, for example, six month intervals to model age-related changes 

(Nesselroade, 1991). The pairing of multi-burst designs and informative measurement 

models allowed the separation of short-term (e.g., retest gains) from longtime developmental 

change which operate across two different time scales.
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Optimizing measurement for between-person differences and within-person 

change and variation

Measurements that are developed for between-person differences may not be optimal for 

within-person research. Intensive measurement designs are now commonly utilized to 

account for within-person variation (e.g., Bolger & Laurenceau, 2013; Rush & Grouzet, 

2012; Sliwinski, Smyth, Hofer, & Stawski, 2006), where either new measures are created to 

be used in these designs, or more commonly, are adapted from measures designed for 

between-person cross-sectional research. Though these new measures may be a better 

solution to account for within-person variation, little effort has been devoted to evaluating 

the properties of these measures to adequately account for within-person variation and 

between-person difference. The structure, reliability, and validity of measures used in 

intensive measurement designs need to be evaluated with the same rigor that is expected of 

cross-sectional measures. Multilevel reliability estimates and factor analysis allow for these 

measurement properties to be readily examined. Here we illustrate a number of 

measurement challenges and innovations in measurement development.

Alternative measurement models based on intensive measurement designs

Sample data from a daily diary study of 147 participants (Mage = 20) assessed over 14 

consecutive days on measures of subjective well-being (i.e., life satisfaction, positive and 

negative affect) will be used to demonstrate how intensive measurement designs, which 

emphasize within-person measurement, can be utilized to generate a between-person 

measure that may be preferred over cross-sectional measures. Participants initially 

completed global cross-sectional measures of the 5-item Satisfaction with Life Scale 

(SWLS; Pavot & Diener, 1993) and the 20-item Positive and Negative Affect Schedule 

(PANAS; Watson, Clark, & Tellegen, 1988). The same scales were adapted slightly to be 

used for daily assessments and were administered over the next 14 days to capture daily 

levels of life satisfaction, positive affect (PA) and negative affect (NA).

The daily measures of well-being possessed considerable amounts of within-person 

variability. Intraclass correlation coefficients (ICC), which indicate the proportion of 

variability that is between-person, were around 0.5 for all three measures (see Table 1). 

Thus, half of the total variability was due to within-person variation, such that individuals 

deviated as much from their own mean level of well-being as their own mean deviated from 

the grand mean (see Figure 2). Relying solely on a cross-sectional measure would ignore all 

within-person variability and assume that these constructs were stable across time. 

Furthermore, all within-person variability would be confounded with between-person 

variability, impacting the conclusions drawn at a between-person level. Disaggregating 

within- and between-person variability allows the effects at both levels to be more 

appropriately modeled and accounted for.

As outlined above, the cross-sectional measures are more susceptible to retrospection and 

social desirability biases than the daily measures. This would be expected especially for the 

global measure of life satisfaction, where individuals tend to view themselves in an overly 

positive light on global measures. Comparing the cross-sectional measure of life satisfaction 
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to the aggregated daily measure reveals that the two measures are only moderately correlated 

(r = 0.58, Table 1). Additionally, individuals rated their general level of life satisfaction 

higher than their average daily life satisfaction (t(146) = 11.71, p < .001). Figure 2 shows the 

comparison of the cross-sectional and daily measures of ten participants. Each participant 

had higher levels on the cross-sectional life satisfaction measure than the aggregated daily 

measure. More than 85% of the sample overestimated their global life satisfaction relative to 

their daily mean, providing support for the upward bias of cross-sectional measures. When 

reporting on typical level of life satisfaction, participants were likely using a top-down 

approach where they perceived themselves as more satisfied to a greater extent than was 

actually the case if asked to assess day-by-day. It is important to note that global perceptions 

of life satisfaction may be of substantive interest, however, it differs from actual experiences 

of life satisfaction as they occur on a daily basis.

In addition to disaggregating effects and reducing bias, repeated measurements improve the 

reliability of between-person estimates (Sliwinski, 2008). Calculation of reliability is often 

neglected in within-person measurements, or a single-level alpha is reported that does not 

account for the hierarchical data structure. Recent work on multilevel reliability provides 

practical alternatives to single-level reliability estimates (e.g., Cranford et al., 2006; Geldhof, 

Preacher, & Zyphur, 2014; Shrout & Lane, 2012). We suggest utilizing a multilevel omega 

(ω) reliability estimate derived from multilevel confirmatory factor analysis (CFA) that was 

outlined by Geldhof and colleagues (2014; see also McDonald, 1999; Shrout & Lane, 2012). 

The ω reliability utilizes the factor loadings to derive the ratio of true score variance to total 

variance:

ω =
(∑λi)

2

(∑λi)
2 + ∑Ψ i

2 , (1)

where λi and Ψ i
2 are the factor loading and residual variance for item i, respectively. This 

equation can be applied to both levels of the multilevel factor model to derive both within- 

and between-person reliability. Table 1 displays the multilevel reliability estimates for the 

daily measures and the single-level (between-person) reliability estimate for the cross-

sectional measure. It is clear that between-person reliability is improved considerably by 

employing an intensive measurement design over a cross-sectional (single-occasion) design.

Multilevel factor analysis: Evaluation of structure at between- and within-person levels

Intensive repeated measure designs allow for both a within-person and between-person 

factor structure to be examined simultaneously through the use of multilevel factor analysis. 

In multilevel factor analysis, the within-person factor structure reflects common covariance 

in the indicators at each specific occasion, pooled across occasions and individuals. The 

between-person factor structure reflects common covariance in individual levels of 

indicators aggregated across time (i.e., person-mean level). Similar to conventional factor 

analysis, the quality of the model can be assessed with a variety of fit indices, which include 

both global fit indices (e.g., comparative fit index; CFI, root mean square error of 
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approximation; RMSEA) and level specific fit indices (e.g., standardized root mean square 

residual; SRMR within/between).

Multilevel confirmatory factor analyses were employed in Mplus v.7 (Muthén & Muthén, 

2012) to evaluate the optimal within-person and between-person factor structure of the 

SWLS (see Appendix for sample Mplus code). Multilevel CFA allows for the within-person 

variance to be disaggregated from the between-person variance, while still attenuating for 

measurement error at both levels. The multilevel measurement model can be expressed by 

the following equation (Muthén, 1991; Preacher, Zyphur, & Zhang, 2010):

Y i j = v + λwηi j + εi j + λbηi + εi, (2)

where Yij is a p-dimensional vector of observed variables for individual i on occasion j, 
where p is the number of observed indicators; v is a p-dimensional vector of intercepts; λw 

is a p X q within-person factor loadings matrix, where q is the number of latent variables; λb 

is a p X q between-person factor loadings matrix; ηij and ηi are q-dimensional vectors of 

within-person and between-person latent variables, respectively; and εij and εi are p-

dimensional vectors of within-person and between-person specific factors (i.e., residuals), 

respectively. At the between-person level, the indicators are person means of each within-

person indicator that are aggregated in order to adjust for unreliability in sampling error (see 

Lüdtke et al., 2008 for further details), such that the between-person indicators are 

represented as latent means.

In the case of the SWLS, a single factor at both the within- and between-person level fit the 

data extremely well, with all five items loading onto this single factor (see Table 2; Figure 

3). These five items reliably covary within a person across occasions (i.e., on occasions 

when one item deviates from typical levels, the other four items also deviate in the same 

direction) and between people (i.e., individuals who are higher on one item relative to others 

are also higher on the other items). It will not always be the case that the within-person 

structure is identical to the between-person structure. For example, Rush and Hofer (2014) 

found that the PANAS was best represented by two inversely related factors (PA and NA) at 

the within-person level, but independent PA and NA factors at the between-person level.

Discrepancies in model fit across levels demand additional decisions. Situations where the 

measure fits well at the within-person level, but not at the between-person level require 

decisions to be made about the utility of the measure and the appropriateness for assessing 

between-person differences. For example, a 7-item daily measure of competence that was 

adapted from the cross-sectional measure of psychological well-being (Ryff, 1989) was also 

included in the above sample data. Results from a multilevel CFA revealed good model fit at 

the within-person level (SRMR = .04; with all items loading onto a single factor), but not at 

the between-person (SRMR = .21; see Table 2). Specifically, items 2 and 5 did not load well 

onto the between-person factor of competence (loadings = .16 and −.05, respectively), but 

did load onto the within-person factor (loading = .34 and .33, respectively). In this situation, 

the same scale may not capture both within-person variation and between-person differences 

with the same precision and accuracy and decisions will depend on the intended use of the 

Rush and Hofer Page 7

Monogr Soc Res Child Dev. Author manuscript; available in PMC 2018 April 23.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



scale (i.e., to capture characteristic individual levels or intraindividual variations). The goal 

may be to develop scales that adequately measure both within-person and between-person 

elements. However, depending on the constructs of interest, this may not always be feasible 

as they may manifest themselves differently across levels of analysis. Multilevel factor 

analysis provides a technique to evaluate the multilevel structure of measures to ensure they 

adequately reflect the constructs they are intended. This technique further enables the 

reliability and validity to be examined across levels. A greater emphasis on the measurement 

properties from multilevel data will go a long way in enhancing the quality of measures, and 

as a result the conclusions drawn from them.

Trait as maximal performance (e.g., cognition)

Aggregation of frequent repeated measurements may not always be the optimal approach to 

capture an individual’s characteristic level. For measures of cognitive or physical ability, 

repeated assessments will often lead to improvements in performance, related to learning 

content, strategies, or due to repeated practice or training gains. This modification of the 

system itself that result in improved or altered performance on subsequent assessments is an 

important consideration in longitudinal developmental research. For example, in the case of 

executive functioning, as a consequence of repeated assessment and learning the problem-

solving strategy, over time the test may measure a different construct than it did originally, 

particularly when the test was designed to measure novel reasoning ability. In many cases, 

however, such retest effects can be managed through the use of a measurement burst design, 

permitting the estimation of maximal performance and change in maximal performance over 

time (Sliwinski et al., 2010; see also Hoffman, Hofer, & Sliwinski, 2011; and Thorvaldsson, 

Hofer, Berg, & Johansson, 2006 for critique of other approaches for correcting for retest 

effects).

Optimizing assessments: Planned missingness designs, adaptive tests, and web-based 
assessment

To be able to appropriately model within-person and between-person constructs a sufficient 

number of items and measurement occasions are often required. However, large item scales 

assessed frequently over many occasions can become burdensome on participants. Among 

the most frequently criticized elements of daily diary studies that participants complain 

about is the repetitiveness of the questionnaires. An approach to minimize the repetitiveness, 

while still ensuring enough items to appropriately capture and evaluate the constructs 

through multilevel CFAs, could utilize a planned missingness design (e.g., Graham, Hofer, 

& MacKinnon, 1996; McArdle, 1994; Silvia, Kwapil, Walsh, & Myin-Germeys, 2013). 

Planned missingness designs present a few anchor items at each occasion, while presenting a 

remaining set of items intermittently over the course of the assessment period. In this way, 

participants are presented with some different items each occasion, which enhances their 

interest and motivation to continue. These designs also reduce the total number of items that 

are required to be asked at each occasion, allowing for a greater number of overall constructs 

to be examined, without the risk of burning out the participants. Furthermore, the rotating 

items can still be included within a multilevel SEM framework to evaluate the fit, reliability, 

and validity of the constructs.

Rush and Hofer Page 8

Monogr Soc Res Child Dev. Author manuscript; available in PMC 2018 April 23.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



Adaptive testing can serve a similar purpose for cognitive and performance testing that the 

planned missingness design serves for survey measures. Adaptive tests that adjust to the 

participants ability level, provides a way for the participant to reach their maximal 

performance level in fewer trials or items than standard tests (Gorin & Embretson, 2012). 

The reduced time of each test reduces the burden and fatigue on the participants and allows 

for more assessments and/or greater depth or range of constructs (e.g., cognition, 

psychopathology, affect, behavioral dispositions) to be evaluated at each assessment (Kim-O 

& Embretson, 2010).

Developing novel approaches to reduce the time and burden on the participants without 

sacrificing the necessity for quality of measures will be paramount in the development of 

measures that adequately capture both within-person change and variation and between-

person differences in these dynamic processes. The growing availability of web-based and 

mobile assessment tools will enable data to be collected more readily in remote locations 

(i.e., the participant’s home; Intille, 2007). As intensive measurement designs become less 

burdensome and costly for participants and researchers, the benefits will clearly outweigh 

the costs. However, in order to ensure that these designs are utilized to their potential, a 

greater focus must be placed on developing measures that adequately and appropriately 

capture both within-person variation and between-person differences.

Summary and Closing Statement

An increasing number of research studies demonstrate the remarkable intraindividual 

variability that is present in cognitive, behavioral, and physical functioning across different 

time scales. The results from these studies, and that of several measurement studies using 

short-term repeated assessments, provides evidence that single assessments do not usually 

provide optimal estimates of an average or typical value of a person’s functioning, and 

adversely affect results from between-person and within-person analysis. We have 

highlighted the strengths of measuring individuals more often in order to better sample the 

contextual and intrinsic variation of individual functioning. As we make use of existing 

measures and adapt them for repeated-measures designs, we are finding that some of these 

measures may not be optimal for such purposes. There is a need for developing measures 

that are sufficiently sensitive for detecting within-person variation and change. Such 

developments have the potential to improve measures and models of between-person 

differences and to understand whether such measurements can be homogeneously applied to 

all individuals within a population. We demonstrated how measuring individuals more often 

can improve the discrimination of between-person differences by disentangling true 

between-person differences in typical level from contextual and/or intrinsic intraindividual 

variation. Such designs encourage us to make our assessments more efficient and less 

burdensome, such as through planned missingness designs, adaptive tests, and web-based 

assessment.
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Appendix

TITLE: Mplus code for Daily Life Satisfaction multilevel CFA;

DATA:  FILE = WB_mfa_2012.dat;

         FORMAT = free;

         TYPE = INDIVIDUAL;

VARIABLE:

    NAMES ARE ID Session d_ls1 d_ls2 d_ls3 d_ls4 d_ls5;
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    USEVARIABLES ARE ID d_ls1 d_ls2 d_ls3 d_ls4 d_ls5;

    MISSING ARE ALL (999);

    CLUSTER = ID;

ANALYSIS:  TYPE IS TWOLEVEL;

           ESTIMATOR = MLR;

MODEL:

 !!!!! Two-Level CFA: 1 within factor, 1 between factor;

   !! Level-1, day-level model;

       %WITHIN%

         fw BY d_ls1 d_ls2 d_ls3 d_ls4 d_ls5;

   !! Level-2, person-level model;

       %BETWEEN%

         fb BY d_ls1 d_ls2 d_ls3 d_ls4 d_ls5;

OUTPUT: Sampstat; STDYX;
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Figure 1. 
Theoretical decomposition of an individual’s observed scores into population mean level and 

slope, individual deviation from level and slope, and systematic intraindividual deviations 

from the individual slope as distinct from measurement error.
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Figure 2. 
Reported life satisfaction values from ten random participants displaying differences in 

cross-sectional, aggregated daily mean, and daily raw score measures.
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Figure 3. 
Multilevel confirmatory factor model of life satisfaction with one within-person factor and 

one between-person factor.
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Table 2

Standardized factor loadings from multilevel confirmatory factor analyses of the daily measures of life 

satisfaction and competence.

Multilevel Factor Models ICC

Factor Loadings

WP BP

Life Satisfactiona

 LS1 .51 .82 .99

 LS2 .51 .72 .90

 LS3 .50 .80 .94

 LS4 .29 .64 .78

 LS5 .48 .75 .98

Factor variance .61 1.766 2.751

Competenceb

 Comp1 .33 .63 .88

 Comp2 .29 .34 .16

 Comp3 .36 .73 .96

 Comp4 .38 .63 .89

 Comp5 .30 .33 −.05

 Comp6 .34 .54 .33

 Comp7 .41 .70 .96

Factor variance .49 1.107 1.052

Note. LS=Life Satisfaction. Comp=competence. ICC = intraclass correlation coefficient. WP = within-person. BP = between-person.

a
χ2(10) = 15.83, CFI = .997, SRMR(WP) = 0.01, SRMR(BP) = 0.02, RMSEA = 0.02.

b
χ2(28) = 256.44, CFI = .89, SRMR(WP) = 0.04, SRMR(BP) = 0.21, RMSEA = 0.07.
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