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Abstract

With the extensive application of intensive longitudinal research in psychology
and other social science fields, the estimation of test reliability in intensive longi-
tudinal contexts has also attracted increasing attention from researchers. Early
methods that followed the reliability estimation ideas from cross-sectional re-
search or were based on generalizability theory have numerous limitations and
are not suitable for intensive longitudinal contexts. Addressing the two key
characteristics of intensive longitudinal data—multilevel structure and dynamic
nature—test reliability in intensive longitudinal research can be estimated based
on multilevel confirmatory factor analysis, dynamic factor analysis, and dynamic
structural equation modeling. Through demonstration and comparison with em-
pirical data, the characteristics and applicable contexts of the three estimation
methods are discussed. Future research could explore the estimation of test reli-
ability based on other intensive longitudinal models and should also emphasize
the examination and reporting of test reliability.
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Abstract

With the widespread application of intensive longitudinal studies in psychol-
ogy and other social sciences, the estimation of test reliability in intensive lon-
gitudinal contexts has attracted increasing attention from researchers. Early
approaches that borrowed reliability estimation concepts from cross-sectional
studies or relied on generalizability theory suffer from numerous limitations
and are ill-suited for intensive longitudinal designs. Considering the two key
characteristics of intensive longitudinal data—multilevel structure and dynamic
nature—test reliability in intensive longitudinal studies can be estimated using
multilevel confirmatory factor analysis, dynamic factor analysis, and dynamic
structural equation modeling. Through demonstration and comparison with em-
pirical data, this paper discusses the features and applicable contexts of these
three estimation methods. Future research should explore reliability estimation
based on other intensive longitudinal models and place greater emphasis on the
testing and reporting of test reliability.

Keywords: intensive longitudinal study, reliability, multilevel structure, dy-
namic nature, dynamic structural equation modeling

1. Introduction

Intensive longitudinal studies have become increasingly prevalent in social sci-
ence fields such as psychology, education, and management. These studies typ-
ically employ diary methods, experience sampling methods, and ecological mo-
mentary assessment to collect data from individuals at multiple time points in
natural settings (e.g., more than 20 time points; Collins, 2006). Compared to
traditional retrospective surveys and laboratory research, intensive longitudinal
designs offer advantages including reduced recall bias and enhanced ecological
validity (Bolger et al., 2003; Shiffman et al., 2008; Trull & Ebner-Priemer,
2013). More importantly, the high-frequency, repeated measurements enable
researchers to capture fine-grained temporal changes in individuals’ behaviors
and states, facilitating deeper exploration of dynamic processes and interaction
mechanisms among variables (Zheng et al., 2021; Hamaker & Wichers, 2017;
Zhou et al., 2021).

Despite these benefits, intensive longitudinal studies present significant method-
ological challenges (Hamaker & Wichers, 2017), particularly regarding variable
measurement and test evaluation (Mielniczuk, 2023). Many intensive longitudi-
nal studies use self-report measures to assess daily behaviors and states, typically
adapting items from trait measures by adding temporal cues such as “today” or
“since the last response.” However, most such studies fail to adequately evalu-
ate the psychometric properties, including reliability, of their measures (Stone
et al., 2023). For instance, Brose et al. (2020) reviewed 50 emotion-related in-
tensive longitudinal studies published in Emotion between 2005 and September
2017, finding that 29 reported test reliability but only 10 explicitly mentioned
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that reliability estimates were based on within-person variation. Similarly, Trull
and Ebner-Priemer (2020) reviewed 63 intensive longitudinal studies published
in major psychopathology journals from 2012 to 2018, revealing that only 30%
reported psychometric information (e.g., reliability and validity). Furthermore,
Horstmann and Ziegler (2020) examined 24 intensive longitudinal studies on
personality states and found that most simply adapted items or adjectives from
trait measures without pre-testing their psychometric properties. The most
common reliability estimation method involved averaging each individual’s re-
sponses across all time points for each item and then computing inter-item
consistency for the entire sample. This approach, however, cannot capture the
reliability of state scores and is inappropriate for intensive longitudinal contexts
(Horstmann & Ziegler, 2020). Given that reliability assessment is a critical step
in data analysis and reporting and serves as an important basis for evaluat-
ing result credibility (Ye et al., 2012; Scherer & Teo, 2020), it is essential to
develop and adopt appropriate reliability estimation methods tailored to the
characteristics of intensive longitudinal data.

Early explorations of reliability estimation in intensive longitudinal contexts
primarily fell into two categories. The first category borrowed reliability estima-
tion concepts from cross-sectional studies by aggregating or splitting intensive
longitudinal data to resemble cross-sectional patterns, then applying conven-
tional reliability indices (e.g., Cronbach’s alpha). Specifically, three approaches
have been used (Nezlek, 2017): (1) aggregating each individual’s scores across
all time points for each item (e.g., computing means) and then calculating re-
liability using these aggregated scores; (2) splitting data by time point and
computing reliability separately for each time point, then averaging across time
points; and (3) splitting data by individual and computing reliability separately
for each individual, then averaging across individuals. These methods suffer
from notable limitations: the first assesses between-person reliability rather
than within-person dynamic change reliability; the second ignores that differ-
ent individuals are assessed at different time points, making it inappropriate to
combine reliability estimates across time; and the third violates the assumption
of independence of observations required for reliability calculation by ignoring
the dependency among repeated measures from the same individual. Conse-
quently, none of these methods are suitable for intensive longitudinal reliability
estimation.

The second category of approaches is based on generalizability theory (Cron-
bach et al., 1963). These methods first identify measurement facets (e.g., per-
son, time, item) to examine sources of measurement error, then use analysis of
variance to estimate variance components attributable to each facet and their
interactions, from which different reliability coefficients are computed. For ex-
ample, Cranford et al. (2006) proposed that observed score variation in intensive
longitudinal studies could be attributed to person, time, and item facets, and
developed multiple reliability formulas based on different assumptions about
fixed versus random effects for each facet. Subsequent researchers extended this
approach to contexts with additional measurement facets (Schénbrodt et al.,

chinarxiv.org/items/chinaxiv-202312.00008 Machine Translation


https://chinarxiv.org/items/chinaxiv-202312.00008

ChinaRxiv [$X]

2021). However, generalizability theory-based methods also have limitations
(Scherer & Teo, 2020). They require strong assumptions such as equal factor
loadings across individuals and time-invariant error variances—conditions rarely
met in practice, potentially leading to inaccurate reliability estimates (Lane &
Shrout, 2010). Therefore, these methods are also unsuitable for intensive longi-
tudinal contexts, and previous research has advised against their application in
longitudinal studies (Ye et al., 2012).

As understanding of intensive longitudinal data has deepened, researchers have
developed more targeted reliability estimation methods that address the unique
characteristics of these data, particularly their multilevel structure and dynamic
nature (Hamaker & Wichers, 2017; Lafit et al., 2021). The multilevel structure
refers to repeated measurements (Level 1) nested within individuals (Level 2),
while the dynamic nature reflects that observations from adjacent time points
are not independent but correlated. Focusing on these two characteristics, new
approaches to reliability estimation have emerged.

2. Reliability Estimation Methods Focusing on Multilevel
Structure

Multilevel confirmatory factor analysis (MCFA; Geldhof et al., 2014) provides
a reliability estimation approach that focuses on the multilevel structure of
intensive longitudinal data by estimating reliability separately at within-person
and between-person levels. This method has been widely applied in intensive
longitudinal research across developmental (Eltanamly et al., 2023; Xu & Zheng,
2022), educational (Hausen et al., 2023; Neubauer et al., 2022), social (Di Sarno
et al., 2020; Koval et al., 2019), clinical health (Gerstberger et al., 2023; Van Der
Tuin et al., 2023; Wright et al., 2017), and organizational management (Reis et
al., 2016; Schmitt et al., 2017) domains.

The MCFA-based reliability estimation method applies to both unidimensional
and multidimensional measurement structures. This paper uses the unidimen-
sional case as an example (see Di Sarno et al., 2020; Neubauer et al., 2022;
Wright et al., 2017 for multidimensional cases). When both within-person and
between-person levels have unidimensional structures [Figure 1: see original pa-
per], MCFA decomposes the observed score Y};; for item j from person 7 at time
t(=12,..,¢;t=12,....,T; i = 1,2,...,n) into between-person (Y};) and

within-person (Yj(y) components:

w)
Yii =Yy + an

The within-person component is further decomposed into a true score (Sg”’)))

and error (e;";? ):

i = A+
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where Sé;w is the latent state factor for person ¢ at time ¢, )\g_w) is the item j

factor loading at the within-person level (assumed equal across persons and time-

)

. . w) . .
invariant), and E;tz‘ is random measurement error, assumed normally distributed

(e%) ~ N(0,0%,,)) with zero covariance between items (cov(e%), 651,’?1) = 0 for
€
J#Fi)

The between-person component is decomposed as:

Y.,=v,+ )\E-B)Ti + eg-?)

Jr J

where 7} is the latent trait factor for person 4, v; is the item j intercept, /\E.B) is
)

the item j factor loading at the between-person level, and egf is measurement

error, assumed normally distributed (Gg‘f) ~ N (O,(TZB))) with zero covariance
J

between items (cov(eg-?), eﬁ)) =0 for j # j').

Based on this model, reliability can be computed for each item and each dimen-
sion at both levels. At the within-person level, item-specific within-person relia-
bility is defined as the ratio of variance in the item’s state component explained
by the latent state factor to the total variance of the item’s state component.
Dimension-level within-person reliability is the ratio of total variance explained
by the latent state factor across all items in the dimension to the total variance
of the state components for those items. With the latent state factor variance
fixed to 1, item reliability (Relgw)) and dimension reliability (Rel(w>) are:

(w)\2
Relgw): ( >(Aj : ()
w w
(/\j )2+Var(€jti>
R S N 0

S+ var(el))

Similarly, at the between-person level, item-specific between-person reliability
is the ratio of variance in the item’s trait component explained by the latent
trait factor to the total variance of the item’s trait component. Dimension-level
between-person reliability is the ratio of total variance explained by the latent
trait factor across all items in the dimension to the total variance of the trait
components for those items. With the latent trait factor variance fixed to 1,
item reliability (Rel§B>) and dimension reliability (Rel<B>) are:

B
(B) <A§ )2

Rel:™’ =
! ()\;B))Q + Var(e;?))
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Although widely used, the MCFA-based approach has limitations. It assumes
equal factor loadings and residual variances across all individuals, yielding only
an overall assessment of within-person reliability. This assumption may not
hold in practice, as test reliability likely varies across individuals in intensive
longitudinal studies (Hu et al., 2016). Additionally, MCFA ignores the temporal
dependencies among consecutive observations, neglecting the dynamic nature of
intensive longitudinal data, which may compromise the accuracy of reliability
estimates.

3. Reliability Estimation Methods Focusing on Dynamic
Nature

Dynamic factor analysis (DFA) offers another important reliability estimation
approach for intensive longitudinal studies. Originally proposed by Molenaar
(1985), DFA extends P-technique factor analysis (Cattell et al., 1947) by incor-
porating time series analysis, enabling the modeling of person-specific dynamic
processes. Researchers have applied this method to reliability estimation in in-
tensive longitudinal studies (Fuller-Tyszkiewicz et al., 2017; Lane & Shrout,
2010). DFA accounts for the autoregressive processes of variables, thereby
capturing the dynamic nature of intensive longitudinal data. It also allows
for person-specific reliability estimation based on individual data, helping re-
searchers understand between-person differences in test reliability.

The DFA-based reliability estimation method builds a separate dynamic factor
model for each individual to compute person-specific reliability. Like MCFA,
DFA applies to both unidimensional and multidimensional structures; this pa-
per uses the unidimensional case as an example (see Fuller-Tyszkiewicz et al.,
2017 for multidimensional cases). Person i’s dynamic factor model consists of
measurement and structural components [Figure 2: see original paper]. The
measurement model is:

Yii =vj + A Fy + €5
where Y, is the observed score for item j from person i at time ¢ (G=1,2,...,q
t=1,2,..,T;i=1,2,..,n), v; is the item j intercept for person i, \}; is the
item j factor loading for person ¢, F}; is the latent factor for person ¢ at time ¢,

and €,; is measurement error, assumed normally distributed (e;;; ~ N (0,02 ))
ji

with zero covariance between items (cov(ej;, €;4;) = 0 for j # j').

The structural component assumes the latent factor follows a first-order autore-
gressive process:
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F,=0;F 1,4+,

where ¢, is the person-specific autoregressive effect (also called inertia or carry-
over effect), describing how the previous time point’s latent factor level influ-
ences the current level, and (,; is dynamic error at time ¢, assumed normally
distributed (¢,; ~ N (0, Ué)).

Based on this model, person-specific reliability can be computed for each item
and dimension. Person-specific item reliability is defined as the ratio of variance
explained by the latent factor to total variance for that item. Person-specific
dimension reliability is the ratio of total variance explained by the latent factor
across items in the dimension to total variance across those items. For person
i, item reliability (Rel;;) and dimension reliability (Rel;) are:

A var(F,,
Relji == 71 ( tz)
)\jivar(Fti) + var(ejti)

. S, Mvar(F,)
el, =
E?Zl A?ivar(Fti) + Egzl var(€ ;)

where var(F};) is variance explained by the latent factor, equal to the product
of the latent factor variance (var(F};)) and squared factor loading (%), and
var(e;,;) is unexplained variance (measurement error variance, o7 ).

€ji

From equation (9), the latent factor variance satisfies:

var(Fy,;) = ¢12var(Ft—1,i> + var(¢,)

Under the weak stationarity assumption for the first-order autoregressive pro-
cess, the latent factor variance is time-invariant (var(Fy;) = var(F,_; ;)), allow-
ing equation (12) to be rewritten as:

2
9¢,

1—¢7

var(Fy;) =

Despite its advantages, the DFA-based approach has limitations. First, DFA
confounds trait components (general levels of a construct across repeated ob-
servations) with state components (deviations from general levels at specific
occasions), potentially biasing person-specific reliability estimates. Second, it ig-
nores between-person measurement structure, precluding estimation of between-
person reliability. Third, relying solely on single-person repeated measures with-
out incorporating information from other individuals or the entire sample may
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lead to convergence difficulties for some individual models, preventing reliabil-
ity estimation for certain persons (see Fuller-Tyszkiewicz et al., 2017, or the
empirical example in this paper).

4. Integrating Multilevel Structure and Dynamic Nature

While MCFA and DFA each address only partial features of intensive longitudi-
nal data, Asparouhov et al. (2018) proposed dynamic structural equation model-
ing (DSEM) as an integrative framework. DSEM combines multilevel modeling,
time series analysis, and structural equation modeling (McNeish & Hamaker,
2020). It enables factor modeling at both within-person and between-person lev-
els to account for measurement structures at different levels, thereby capturing
the multilevel structure of intensive longitudinal data. Simultaneously, it mod-
els autoregressive processes at the within-person level to account for temporal
dependencies among consecutive observations, thereby capturing the dynamic
nature. Moreover, DSEM employs Bayesian estimation, which more flexibly
estimates random effects of parameters (e.g., between-person differences) com-
pared to traditional multilevel models using maximum likelihood estimation
(McNeish & Hamaker, 2020; Muthén & Asparouhov, 2012). Like DFA, DSEM
can estimate person-specific reliability, making it an extension of DFA to mul-
tilevel contexts (Asparouhov et al., 2018). In summary, DSEM simultaneously
captures both multilevel structure and dynamic nature while examining indi-
vidual differences in reliability, offering a comprehensive approach to reliability
estimation in intensive longitudinal studies (Luo et al., under review; Xiao et
al., 2023).

Like the previous methods, DSEM-based reliability estimation applies to both
unidimensional and multidimensional structures; this paper uses the unidimen-
sional case as an example (see Xiao et al., 2023 for multidimensional cases).
For a unidimensional construct, a common two-level DSEM [Figure 3: see orig-
inal paper| first decomposes observed scores into between-person (trait) and
within-person (state) components:

_ (w)
Vi =Y + Y
where Y, is the observed score for item j from person i at time ¢ (G=1,2,...,q
t=1,2,..,T;i=1,2,..,n), Y, is person i’s latent mean for item j across all

time points (the between-person component representing trait level), and th?
is the deviation of person i’s observed score from their latent mean at time ¢

(the within-person component representing state level).

Next, a within-person model is specified for the within-person component [FIG-
URE:3, lower left]. The measurement model decomposes the within-person
component as:

Vi = s
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where SE;”) is the latent state factor for person i at time ¢, /\g-liu) is the
within-person factor loading for item j (randomly estimated across persons,
(w)
jti
normally distributed (eytul) ~ N(0,0%,,))) with zero covariance between items
€
(w) _(w)

jti o €5t

assumed time-invariant), and e/ is random measurement error, assumed

(cov(e ) =0 for j # j') and random error variances across persons.

The structural component assumes the latent state factor follows a first-order
autoregressive process:

SEZ'” = ¢iszgiui,i + Cﬁi’”

where ¢, is the person-specific autoregressive effect and (E;TU) is dynamic error at

time ¢, assumed normally distributed (¢! ~ N/(0, J?w))).

Subsequently, a between-person model is specified for the between-person com-
ponent [FIGURE:3, lower right]. The measurement model decomposes the
between-person component as:

_ (Bl (B)
Vii=v; + AT+ €

where v, is the item j intercept, 7T, is person i’s latent trait factor, /\;B> is

J i
. . . B) .
the between-person factor loading for item j, and eEAi) is measurement error,

assumed normally distributed (ef) ~ N(0,0%,)) with zero covariance between
€

items (cov(eé?),e;?) =0 for j #j).

In the random effects component, within-person factor loadings ()\yf)

logarithms of random measurement error variances (In(o?,)), autoregressive
€5

), natural

effects (¢,), and natural logarithms of dynamic error variances (ln(crééw))) are

decomposed into fixed and random parts:

(w) _ y(w)
)\ji = )\j +uj;
b =0¢+e
ln(ai@) =v; + vy

2

ln(wa)

)=p+p;

The fixed parts represent population means, while random parts represent in-
dividual deviations. Random effects are assumed normally distributed: wu;; ~
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N(O,O’ij)7 e; ~ N(0,02), v ~ N(O,ogj), and ¢; ~ N(0,02). Natural loga-
rithms ensure positive variance estimates and facilitate examination of correla-
tions between log-transformed variances and other random effects (Hamaker et
al., 2018).

Based on this model, reliability can be computed for each item and dimension at
both levels. At the within-person level, person-specific item reliability is the ra-
tio of variance in the item’s state component explained by the latent state factor
to total variance of the state component. Person-specific dimension reliability
is the ratio of total variance explained by the latent state factor across items to
total variance of state components. For person i, item reliability (Relgzu)) and

(w)

dimension reliability (Rel;") are:

A)2var(si)

Rel(?) = !
! ()\;W) var(S’t(;w) + Var(e%))
R = TPt
CE ) var(S) + X1 var(el))

j=1

where var(Si )) is variance explained by the latent state factor, equal to the prod-
uct of latent state factor variance (var(Sii >)) and squared within-person factor
loading (()\<-1-”))2), and Var(egth is unexplained variance (random measurement
error variance, 02@, ). Notably, the latent state factor variance formula mirrors

that in DFA: o
O—?"w)
1—¢?

var(Sy”) =

By aggregating person-specific reliability estimates across all individuals, over-
all within-person reliability for each item and dimension can be obtained as
a descriptive index of within-person reliability (see the empirical example for
computational details).

At the between-person level, item reliability is the ratio of variance in the item’s
trait component explained by the latent trait factor to total variance of the
trait component. Dimension reliability is the ratio of total variance explained
by the latent trait factor across items to total variance of trait components.

Item reliability (RelgB)) and dimension reliability (Rel(B)) are:

(A 2var(T;)

Rel( ) —
(/\< ))2var(T;) + var(el”)
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q (B)y2
Rel<B> _ j:1<>‘j ) V&I‘(ﬂ)

B B
L var(Ty) + T var(el)

where var(T}) is variance explained by the latent trait factor, equal to the prod-
uct of latent trait factor variance (var(7T;)) and squared between-person factor

loading (()\;B) )?), and V&Y(E;?)) is unexplained variance (measurement error vari-

ance, 0%5)).
€

5. Empirical Demonstration
5.1 Data and Analytic Methods

This section demonstrates how to estimate item- and scale-level reliability (using
the unidimensional case where scale reliability equals dimension reliability) in in-
tensive longitudinal studies using MCFA, DFA, and DSEM (Mplus syntax and R
code are available at https://osf.io/n2gw7/?view_ {only }=44938b711f3425a8e65a87cf523a49¢).
The empirical data consist of daily procrastination reports from 252 female
college students over 34 consecutive days. Following previous research on
daily procrastination measurement (Kiihnel et al., 2016; Kiihnel et al., 2022;
Maier et al., 2021; Van Eerde & Venus, 2018), we adapted Tuckman’s (1991)
procrastination scale by adding the temporal cue “today” (e.g., “Today, I
unnecessarily delayed completing work, even when it was important”) to assess
daily procrastination. The scale comprised six items rated from 1 (“strongly
disagree”) to 7 (“strongly agree”) each evening. The average response rate was
94.89%.

MCFA-based reliability estimation was conducted in Mplus using robust max-
imum likelihood estimation (the default for two-level models). Based on equa-
tions (4)-(7), the MODEL CONSTRAINT command directly provided reliabil-
ity estimates and standard errors for items and the overall scale at both levels.

DFA-based reliability estimation was performed in R using the MplusAutoma-
tion package (Hallquist & Wiley, 2018) to call Mplus and fit separate dynamic
factor models for each individual’s daily procrastination data. Bayesian estima-
tion was used (10,000 iterations; convergence assessed via PSR and trace plots
as recommended by Hamaker et al., 2018). Parameter posterior distributions
(200 plausible values) were saved using SAVEDATA. Person-specific reliability
posterior distributions (200 plausible values per person) were then computed
in R using equations (10) and (11). The median of each posterior distribution
served as the point estimate for person-specific reliability, and the distribution
of these estimates across persons described the variability in person-specific re-
liability.

DSEM-based reliability estimation required both Mplus and R. In Mplus,
Bayesian estimation (10,000 iterations) provided parameter estimates. Between-
person item and scale reliability estimates with 95% Bayesian credible intervals
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were obtained directly using MODEL CONSTRAINT and equations (25) and
(26). To estimate person-specific reliability, parameter posterior distributions
(200 plausible values) were saved and used to compute person-specific reliability
posterior distributions in R via equations (22) and (23). As with DFA,
medians provided point estimates and distributions described between-person
variability.

For both DFA and DSEM, within-person reliability was also estimated as an
overall descriptive index. After saving parameter posterior distributions, person-
specific reliability was computed for each iteration (yielding 200 person-specific
reliability values per person), then averaged across persons to obtain a posterior
distribution of within-person reliability (200 values). The median served as
the point estimate, with 2.5% and 97.5% percentiles forming the 95% credible
interval.

When computing reliability via DFA or DSEM, some iterations may produce
negative estimates of latent (state) factor variance. Following Xiao et al. (2023),
these problematic iterations were excluded by replacing corresponding person-
specific reliability values with missing values.

5.2 Results and Discussion

Table 1 presents between-person and within-person reliability estimates for
items and the overall scale across the three methods. For the overall scale,
MCFA and DSEM produced similar between-person reliability estimates, while
their within-person reliability estimates differed substantially and were both
lower than DFA’s within-person estimate. Item-level reliability estimates
also varied across methods. MCFA and DSEM yielded relatively similar
between-person and within-person item reliability, whereas DFA produced
higher within-person item reliability than DSEM. Notably, during DFA estima-
tion, 145 individuals’ models failed to converge (due to non-positive definite
variance-covariance matrices, among other issues), so reliability estimates were
based on only 107 individuals (42.46%). This suggests comparisons between
DFA and other methods may be problematic due to different sample bases, and
researchers should interpret such results cautiously. More importantly, this
highlights that DFA may encounter difficulties fitting some individual models,
preventing estimation of person-specific reliability for certain individuals and
potentially biasing within-person reliability estimates.

Examination of item-level reliability revealed that Item 2 (“Today, I postponed
making difficult decisions”) showed the lowest between-person and within-
person reliability across all three methods. Further inspection of person-specific
reliability distributions from DFA and DSEM showed that Item 2’s median
and mean person-specific reliability were markedly lower than other items,
indicating poorer internal consistency with other items when measuring the
state component of procrastination. Content analysis provides a plausible
explanation. In Tuckman’s (1991) original scale, Item 2 assessed general
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tendencies to postpone difficult decisions. By adding “today,” we measured
daily occurrences of this behavior. However, individuals do not necessarily face
difficult decisions daily, potentially causing confusion or difficulty responding,
which reduces consistency with other items.

6. Discussion
6.1 Comparative Analysis of Three Methods

To help researchers select appropriate reliability estimation methods, Table 3
summarizes the features and limitations of the three intensive longitudinal re-
liability estimation methods. From the perspectives of data fit, estimable re-
liability coefficients, and estimation approach, DSEM integrates the strengths
of MCFA and DFA. It captures both multilevel structure and dynamic nature,
estimates reliability at person-specific, within-person, and between-person lev-
els, and uses Bayesian estimation to flexibly model random effects and examine
individual differences. However, from the perspectives of software requirements
and computational time, DSEM requires both Mplus and additional software
(e.g., R), and its complexity demands longer runtime. In contrast, MCFA can
be completed entirely within Mplus with concise syntax, direct output, and high
efficiency, offering simplicity advantages.

Table 3 also outlines each method’s primary limitations. MCFA makes strong
assumptions, cannot examine individual differences in reliability, and ignores
dynamic nature. DFA confounds trait and state components, neglects multilevel
structure (preventing between-person reliability estimation), and may fail to fit
some individual models. DSEM is relatively complex, time-consuming, and less
straightforward.

Given these characteristics, we propose a decision flowchart for selecting relia-
bility estimation methods [Figure 4: see original paper|. If researchers are not
interested in person-specific reliability or individual differences, but rather in
overall within-person and between-person reliability, or if they have already veri-
fied measurement invariance across individuals using appropriate methods (e.g.,
cross-classified models; McNeish et al., 2021), MCFA provides a relatively sim-
ple way to examine and report reliability. If researchers believe trait factors do
not influence item responses, focus on person-specific measurement models and
reliability, or have small samples (even single-person time series) insufficient
for examining between-person performance, DFA can provide person-specific
and within-person reliability, though adequate time points and model conver-
gence must be considered. In most other cases, we recommend DSEM to ob-
tain person-specific, within-person, and between-person reliability. Many inten-
sive longitudinal studies adapt trait measure items to assess temporal dynamics
(Horstmann & Ziegler, 2020; Trull & Ebner-Priemer, 2020) without quantitative
support for item selection or adaptation effectiveness. DSEM can thoroughly
evaluate whether adapted measures reliably capture between-person differences
and within-person dynamic processes. Moreover, as researchers call for devel-
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oping measures specifically suited for intensive longitudinal studies (Dietrich et
al., 2022; Horstmann & Ziegler, 2020; Mielniczuk, 2023) and such development
efforts increase (Blanke & Brose, 2017; Engyel et al., 2022; Ringwald et al.,
2022), reliability estimation during scale development should employ methods
that fit intensive longitudinal data and can estimate multiple reliability types
(i.e., DSEM) to better evaluate new measures’ reliability.

6.2 Key Considerations in Intensive Longitudinal Reliability Estima-
tion

6.2.1 Item-Level Reliability Item-level reliability warrants attention in in-
tensive longitudinal studies. While many researchers use multiple items (e.g.,
three or more) to measure temporal dynamics, most report only overall scale
reliability without examining individual items (Eltanamly et al., 2023; Koval et
al., 2019; Van Der Tuin et al., 2023; Wright et al., 2017). Researchers note that
items selected from trait measures may not be directly suitable for intensive
state measurement (Horstmann & Ziegler, 2020; Mielniczuk, 2023). Our empiri-
cal application further demonstrates that some adapted trait items exhibit lower
reliability at all levels compared to other items, with content analysis suggesting
they may be unsuitable for intensive longitudinal contexts. Thus, beyond overall
scale reliability, researchers should examine item-level reliability. Item reliabil-
ity estimates and comparisons can help identify items unsuitable for intensive
longitudinal studies, which is particularly important for research adapting trait
measures to assess states. Additionally, given recommendations to use brief
scales (e.g., 3-6 items) in intensive longitudinal studies to balance measurement
quality and response burden (Mielniczuk, 2023), evaluating item reliability can
inform appropriate scale reduction and improve measurement efficiency.

6.2.2 Individual Differences in Reliability Individual differences in re-
liability represent another important consideration. Early reliability research
emphasized that reliability is a test characteristic specific to the administered
sample (Mellenbergh, 1996; Wilkinson, 1999), with estimates from one sample
not necessarily generalizing to others. Similarly, in intensive longitudinal con-
texts, researchers examine within-person dynamic processes and score reliability,
but individuals’ behaviors and states may change over time in idiosyncratic ways
(Schuurman & Hamaker, 2019). Consequently, test score reliability likely varies
across individuals (Fisher et al., 2018; Stone et al., 2023), necessitating consid-
eration of person-specific reliability and its between-person variation. This not
only deepens understanding of a measure’s reliability and applicability to the
sample but also provides supportive or cautionary information for interpreting
results. High person-specific reliability for most individuals supports the cred-
ibility of within-person findings, whereas low reliability for many individuals
warrants caution in interpretation and generalization.

6.2.3 Reporting Reliability Results Based on the above, we offer two rec-
ommendations for reporting reliability in intensive longitudinal studies. First,
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given the importance of item-level reliability, researchers using MCFA or DSEM
should report within-person and between-person reliability for each item and the
overall scale (or each dimension). Researchers using DFA should report within-
person reliability for each item and the overall scale. Each reliability estimate
should include point estimates and 95% (Bayesian) credible intervals (see Table
1). These results reflect overall performance of items and scales at both levels,
help identify items unsuitable for intensive longitudinal contexts, and provide
primary evidence for evaluating reliability.

Second, for individual differences in reliability, studies using DFA or DSEM
that examine person-specific reliability should additionally report distributions
of person-specific reliability. Specifically, researchers can present distribution
plots of person-specific reliability for each item and the overall scale (see Xiao
et al., 2023, Figure 2) or report descriptive statistics (e.g., median, mean, stan-
dard deviation; see Table 2) to examine item and scale applicability to each
individual, providing supplementary evidence for reliability evaluation.

6.3 Other Methods and Future Directions

Beyond the methods discussed, other approaches warrant exploration in inten-
sive longitudinal reliability estimation. Inspired by traditional test-retest reli-
ability, Dejonckheere et al. (2022) randomly repeated an emotion item in an
intensive longitudinal measure and estimated reliability using squared differ-
ences between the two scores. Hu et al. (2016) proposed creating parallel forms
in intensive longitudinal studies and estimating person-specific reliability by
correlating scores on parallel forms within each individual.

Additionally, latent state-trait theory (LST; Steyer et al., 1999, 2015) offers
alternative reliability estimation frameworks (Castro-Alvarez, Tendeiro, Mei-
jer, & Bringmann, 2022; Castro-Alvarez, Tendeiro, & de Jonge et al., 2022).
LST theory includes three key coefficients (Steyer et al., 2015): consistency
(proportion of variance from stable trait components), occasion specificity (pro-
portion from occasion-specific state components), and reliability (sum of con-
sistency and occasion specificity, representing proportion of variance from trait
and state components combined, i.e., variance not due to random measurement
error). Various models can estimate reliability under this framework, including
multistate-singletrait (MSST; Steyer et al., 2015), common and unique trait—
state (CUTS; Hamaker et al., 2017), and trait-state-occasion (TSO; Eid et al.,
2017) models. These models relate to those discussed herein. For example,
the multilevel CUTS model is statistically equivalent to MCFA (Roesch et al.,
2010), and the mixed-effects TSO model is statistically equivalent to the two-
level DSEM presented here (Castro-Alvarez, Tendeiro, & de Jonge et al., 2022).
However, because LST-based models differ in variance decomposition and reli-
ability definition, their reliability estimates and interpretations may differ. In-
terested readers may consult Castro-Alvarez, Tendeiro, Meijer, and Bringmann
(2022) and Castro-Alvarez, Tendeiro, and de Jonge et al. (2022).
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As intensive longitudinal research continues to develop, reliability issues in this
context merit greater attention from methodological and applied researchers.
Methodological studies often estimate reliability based on specific models, lim-
iting the applicability of resulting indices (Laenen et al., 2009). Future research
should explore reliability definitions and estimation methods based on other
models, such as continuous time structural equation modeling (CTSEM; Driver
et al., 2017). In applied research, reliability testing has not received sufficient at-
tention (Brose et al., 2020; Horstmann & Ziegler, 2020; Stone et al., 2023; Trull
& Ebner-Priemer, 2020). Future studies should incorporate reliability testing
as a necessary step in data analysis and select appropriate estimation methods
based on specific research contexts to ensure more robust conclusions.
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