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Abstract

Sarcopenia is a geriatric syndrome characterized by significant loss of muscle mass. Based on a
commonly used definition of the condition that involves three measurements, different subclinical
and clinical states of sarcopenia are formed. These states constitute a partially ordered set

(poset). This paper focuses on the analysis of longitudinal poset in the context of sarcopenia.

We propose an extension of the generalized linear mixed model and a recoding scheme for poset
analysis such that two submodels - one for ordered categories and one for nominal categories,
that contain common random effects can be jointly estimated. The new poset model postulates
random effects conceptualized as latent variables that represent an underlying construct of interest
- susceptibility to sarcopenia over time. We demonstrate how information can be gleaned from
nominal sarcopenic states for strengthening statistical inference on a person’s susceptibility to
sarcopenia.
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1. Introduction

This paper was motivated by longitudinal data collected for subclinical and clinical states

in sarcopenia. Proposed by Irwin Rosenber in 1989 [1], the term sarcopenia (Greek sarx or
flesh + penia or loss) was used to denote the condition of age-related decrease of muscle
mass. The meaning of the term has evolved and broadened over the years since to have
substantial overlap with the physical phenotype of frailty [2] . Despite debates about the
distinction between the two terms [3, 4], it would be fair to say that sarcopenia is now
recognized as a geriatric syndrome signified by age-related progressive and generalized loss
of skeletal muscle mass and strength. Although the term sarcopenia has become part of the
medical lexicon to suggest age-related muscle loss and low muscle performance, there is still
no broadly accepted clinical definition, nor are there consensus diagnostic criteria. Recent
developments in the operational definition of sarcopenia focused on three measurements -
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muscle mass, gait speed, and grip strength. Particularly, the European Working Group on
Sarcopenia in Older People (EWGSOP) uses a definition [5] that can be visualized by Figure
1(a). It can be seen that the diagnostic classification involves the dichotomization of the
three measures. Thus, the different states of sarcopenia can be cross-classified with labels
in{1, ..., 8}, and mapped into the partially ordered set (poset), which is represented by

the Hasse diagram in Figure 1(b). The EWGSOP recognizes three stages of sarcopenia -
presarcopenia (muscle loss without decrease in strength or performance), sarcopenia (muscle
loss with either decrease in strength or performance), and severe sarcopenia (muscle loss
with decrease in both strength and performance) [5]. Presarcopenia represents the condition
in which significant loss of muscle mass has occurred, but muscle strength and performance
are largely intact. The relationship between muscle mass and strength is not linear, in that
strength may be preserved even when substantial tissue loss has occurred [6]. Individuals
with presarcopenia (state {5}, Fig. 1(b)), however, are much more likely to transition to full
sarcopenia (defined as states {6, 7, 8} per EWGSOP) than persons with intact muscle mass

(e.g., states {2}, {3}, {4}).

While a diagnostic classification of sarcopenia (with versus without) as a geriatric syndrome
has generated considerable interest, the examination of progression of sarcopenia through
various stages of the condition in older adults has not received as much attention. For
example, there may exist subclinical states of sarcopenia and individuals in some specific
subclinical states are more vulnerable than others in eventually developing sarcopenia.
Subclinical states are important because intervening in earlier stages of sarcopenia may be
able to reverse or decelerate the condition. For example interventions intended to prevent
the onset of full sarcopenia, such as exercise and nutrition programs, can be directed
towards the persons with greatest risk of progression. Additionally, various risk factors are
likely to interact with the subclinical states, forming different risk profiles and progression
possibilities.

Longitudinal data are key to understanding disease progression, which may occur in

any direction. Longitudinal analysis of a mix of ordered and unordered states related to
sarcopenia, as depicted in Figure 1(b), is necessary to elucidate the natural history of
sarcopenia and evaluate risk factors for understanding strategies to prevent, delay, or treat
sarcopenia. Unfortunately, models for poset are few and far-between, let alone longitudinal
models.

Using longitudinal data, in this paper we study how different states of sarcopenia, both
subclinical and clinical, as defined by the EWGSOP criteria, progress over time through the
lens of poset. Our intention is to delineate risk factors that drive the dynamic of the disease
over an extended period of time. The methodology for the analysis of subclinical states of
sarcopenia represents a longitudinal generalization of the poset formulation in [7]- i.e., we
extend the generalized fixed effects linear model for poset to mixed linear model such that
random effects are used to explain correlations between sarcopenia states within the same
individual over time. The extension is non trivial because unlike the fixed effects model for
poset in cross-sectional setup [7], of which linear submodels could be individually applied
to the ordered and unordered categories, in the extended model the common random effect
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terms cut across different submodels - some ordered and some unordered - for the poset of
sarcopenia states. Therefore all submodels have to be estimated jointly.

Additionally, we integrated both ordinal and nominal item response theory (IRT, [11]) into
the poset model such that the random effect terms can be interpreted as latent constructs
that represent an individual’s propensities of progressing to sarcopenia over time. The
benefits of the extended poset method can be summarized as follows: First, via the common
random effect (latent variable), the method allows information to be gleaned from the
nominal categories for enhancing inference in the ordered categories. Second, the method
features a recoding scheme for the poset categories, which allows commonly available
software to be applied to longitudinal poset data. Finally, the integrated IRT models permit
better interpretation of results including the latent variable as sarcopenia susceptibility. We
illustrate these benefits using a data set from the Health ABC study that contained 10-year
follow up observations on sarcopenia status for n=3,075 older adults, aged 70-79 years at
baseline [9].

The paper is organized as follows: First we provide some background to poset and describe
the methodology of poset modeling. Next we describe the integration of IRT models

into generalized linear mixed model and the data analysis example. We conclude with a
discussion.

Method
Partially Ordered Set Theory

Unlike ordinal responses, where a rank order exists for all response categories, in partially
ordered set (poset), some categories cannot be directly compared. We first establish some
basic notation. A poset (P, <) is reflexive (a =< &), antisymmetric (if a< band b= g, then a=
b), and transitive (if a=< band 6 = ¢, then a=< ¢). In this paper we only consider finite poset
P. When a = b, we say that & dominates a. Two distinct elements aand bin Pare comparable
if a< bor b= a Otherwise, they are incomparable.

An element a € Pis maximal (minimal) if there is no element 6 € Psuch that 2= (=)b. In

a finite poset -i.e., when Pis finite, there is always at least one maximal element and one
minimal element. A chainin a poset (P, <) is a totally ordered subset C of P, whereas an
antichain is a set A of pairwise incomparable elements. A chain is a maximal chain if no
other chain contains (covers) it. Similarly, we can define a maximal antichain. For example,
in Figure 3 (b), the set {2,3,5} forms a maximal antichain. We further define a weak order
between subsets S; and S, in Pif any element in S, is dominated by some element in S; and
no element in S, dominates any element in S;. We call it S; weakly dominates S,. A set of
subsets is called fotally weakly ordered if pairwise subsets are weakly ordered. Similarly, we
define a strong orderbetween S; and S, if every element in S; dominates all the elements in
S, and say that Sy strongly dominates S,.

Poset partition

Two Kkey results - poset partition and subitem recoding - are required for setting up the
longitudinal model for poset. The first result, as proved in [7] and labeled as the conditional
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partition theorem, states that finite poset can be partitioned into antichains that are totally
weakly ordered. The procedure for obtaining the totally weakly ordered set is to iteratively
remove the maximal elements in a poset and the reduced poset. Using Figure 1(b) again as
example, denote the poset by Pwhich has the maximal element {1}. By removing {1}, the
set P\ {1} now contains the set {2, 3, 5} as its maximal elements. By continuing to remove
the maximal elements, we can derive the following 4 antichains that are totally weakly
ordered: {1}, {2, 3, 5}, {4, 6, 7}, and {8}. The sets form a partition of ~. In general, for

a specific poset category k € P, the conditional partition procedure results in a sequence of
nested partitions, each identifies the category & within a specific set within the partition.

When the conditional partition theorem is applied to data, generalized linear model (GLM)
analysis can be incorporated into the analysis. It can be shown that if there are K categories
in the poset response set, then there exist K'— 1 independent equations, each corresponding
to an identifiable GLM ([7]). For totally weakly ordered sets, it is suggested that the
cumulative ordinal model be applied, and for comparing categories within antichain, the
multinomial logistic regression. If the various models do not share common regression
coefficients, then the maximum likelihood procedure separately maximizes each individual
model loglikelihood. Accordingly, existing software programs for estimation - multinomial
or cumulative ordinal regression alike- can be directly applied to each individual model.

For the purpose of illustration, we continue to use the sarcopenia example in Figure 1(b).
Here P={1, 2,3,4,5, 6, 7, 8}. Figure 2 shows the corresponding poset structure. Applying
the GLM poset approach cross-sectionally to the poset, one would fit an ordinal model (e.g.,
cumulative logit regression) to the ordered categories - {1} = {2, 3, 5} = {4, 6, 7} = {8},
and two separate multinomial logit model respectively to {2},{3},{5}, and {4,}.{5}, {7}

2.3. Mixed effect poset model and subitem recoding

As an extension to the poset generalized linear model [7] for analyzing longitudinal data, we
propose to include random effects into the generalized linear model for poset. In longitudinal
studies, the introduction of random effects for each individual, denoted by 8; (could be

a vector) for the ith person (7=1, ---, /), takes into account the correlation between the
repeated measurements from the same individual over time. Like the generalized mixed
model, the poset likelihood for the mixed effect model is formed by integrating out the
common random effect 6. The addition of the common random effect complicates model
structure as well as estimation procedure because now the submodels cannot be separately
estimated. We first formalize the model and then describe a solution that allows estimation
of the longitudinal poset using generic linear mixed model programs.

To fix notation, assume the response Y for individual 7at timepoint ¢£(¢=1, ---, 7) takes
a labeling value in the poset = {1, ---, K}. Note that these values are not necessarily
ordered in poset; they only serve as labels for the poset category. We also assume that a
set of covariates Xj; possibly time-varying, is also available. From the partition result in
[7], denote the sequence of nested conditional partitions identified for the response k€ P
by ASY, AR, - AGY such that AGY = ({k}}. Here AP =Py, anduA® 5 uA® | and U

represents the union of sets of elements over the partition. Thus, g, + 1 is the total number
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of partitions associated with response category 4. Denote the sets to which the response

kbelong by s, -+, 50, where 50 AS, s e A9, s;’;)_ L €AY . By definition,

s = k).

For example, in Figure 1(b), for the poset category 4,
A = (11,2,3,4,5,6,7,81}, AV = ((1},12,3,5),14,6,7), (8}, AS” = ({4}, {6}, {7},

sV =11,2,3,4,5,6,7,8}, s\ = (4,6,7), and s3” = (4}.

A = ((a));
Denote the vector of responses Yj:by Y; The form for generalized linear mixed model
(GLMM) for poset responses follows the same general matrix form of GLMM for
categorical and continuous responses:

g(E(Y;|6))=X;f+ Z0,, )]

with g(.) denotes the link function, S the coefficients of the fixed effects, 6;the random
effects, and X;and Z; respectively the design matrices for the fixed effects g and the random
effects 6;.

Given the random effects ;, the conditional probability of observing the poset response
category yj;= kK€ Pat time £is given by

qr—1
E(Yi | 0) = POy =k 10 X Z) = [ PGP € AR 160550 € AL 1 Xe
m=1
Z).
Rewrite the response pattern in Yjsover time as a T-vector taking some values K € P. The
overall likelihood for the longitudinal mixed model can be expressed as
T i — 1 .
/ IT T Pt e AW 1650 € AY. 1 X Z)r6pde,. @
i=1 t=1m=1

where £(6)) is the density function of random effects. Here we assume that 6;~ MO, G),
where G is the covariance matrix for the random effects.

The GLMM is a flexible tool for handling longitudinal data in which different individuals
have different number of observations, and that the timings of the observations are not
necessarily the same [8]. Particularly, the maximum likelihood procedure only uses available
responses in the data. We devised a recoding scheme for poset responses to take advantage
of this important property of the GLMM - first treated an outcome at a specific timepoint

as response to a single “item”, then recoded the poset response such that the single-item
response is transformed into multiple responses to sub-items that were conditionally
independent given the random effects. Some of the subitem responses would necessarily

be coded as missing (NA). They would not be made available for the maximum likelihood
procedure for GLMM and thus not appear in the likelihood equation.
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To understand how the recoding scheme works, we continue to use the illustrative example
from the sarcopenia example in Figure 1(b). The outcome variable (sarcopenia status) has

8 poset categories and per the structure of the poset in Figure 2 there would be 3 recoded
subitem responses. The first subitem represents the 4-category ordered responses {1} = {2,
3,5} = {4, 6, 7} = {8}; the second the 3 unordered categories {2,3,5}, and the third the
unordered categories {4,6,7}. Table 1 shows the coding scheme for these 8 categories in the
poset, with NA representing missing value. We distinguish between the two types of subitem
responses by labeling them Unordered (U) and ordered (O) respectively using superscripts.

Proposition 1. When the subitem responses using the above recoding scheme of the poset
response categories are assumed to be conditionally independent given the random effects in
the GLMM, the multivariate likelihood evaluated using the subitem responses is identical to
that of the longitudinal poset model specified in Equation 3.

The proof is given in an appendix. The result is a generalization of the work in [10] to a
longitudinal setting.

3. Application: Sarcopeniain Older Adults

3.1

Latent Variable Based Longitudinal Poset Model for Sarcopenia Study

The mixed poset model described above lacks specific features appropriate for the
sarcopenia study and requires modifications. First, the random effects @are individual

but not time-specific. While the linear and additive random effects @in Equation 1 can

be interpreted as a general susceptibility to a disease, it is difficult to interpret fas a
person-specific latent construct if one expects this construct to change over time, as in the
sarcopenia study. Second, within our poset formulation, unordered categories, which are
non-directional, cannot be directly related to the random effects, which also appear in the
model for the ordered response. To solve the dilemma, we analyzed the longitudinal poset
responses under a latent variable framework. We specified a multidimensional latent variable
6;= (6 for individual /7to represent a construct of susceptibility to sarcopenia, which is
allowed to vary over time points. Within-person correlation is modeled by the covariance in
the distribution of 8; By borrowing tools from the psychometric literature, specifically the
IRT and related existing software [12], we incorporated the ordered and unordered responses
within the latent variable framework for multivariate poset responses. Some preliminary
background for both the ordinal and nominal IRT models is provided in an appendix.

Specifically, we focus on IRT models [13] by treating the poset responses to subitems

as multivariate responses of different modes (ordered and unordered) given a specific
timepoint, and the repeated measurements over time as multidimensional data. For our
longitudinal poset analysis of the sarcopenia data, instead of using all 8 categories as defined
in Figure 1(b), we followed the EWGSOP definition and grouped together the three states

6, 7, and 8. Figure 3(a) shows a reformatted poset that is consistent with this definition,

and Figure 3(b) shows the poset analytic submodels derived from the reformatted poset. The
recoding scheme resulted in two subitems - one ordered and one nominal.

Stat Med. Author manuscript; available in PMC 2021 October 30.
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For response Yj;from individual /to subitem at time #that contains ordered responses
labeled 1, ... , M, the following cumulative ordinal model [14] was applied:

P(Yij; 21|06y =1,

1
P(Yij 226 =

1+ expl — (dj + alh00)]

4
1

1+ expl — (djepg + aS5h 0]
P2 (M+1)]|6;) =0,

P(Yjji 2 M | 0;) =

jt

with
P(Yijy=k|0;)=PY;j 2k|0;)— P(Y;jy 2 k+1]06;), (5)
where /=1,..., /1 /=1,...,J 7T=1,..., T,and k=1, ..., M.

The slope parameter aﬁf,)( is a weight function for ordered category & of an subitem for the

latent variable 6 The parameter djy, which is item- and category-specific, is called the
intercept parameter. We note that while the cumulative item response model is the most
commonly used model, other ordinal item response models such as the sequential model
[15] are also possible.

Model 4-5 is not identified; we will discuss identifiability constraints after model
presentation. On the other hand, for nominal (unordered) response with category &, k=
1, ..., L, we followed the multinomial logistic model (see Appendix 1) [13]:

exp(Z; jk)

PXijy=k|b)=—F—7"
2om = 1xP(Zijim)

(6)

in which

u
Zjjik = alsca;,)an + Cjik - (7

For both the ordinal and nominal models, the latent trait vector for an individual follows a
normal distribution:

git ~ N(bl’ G)? (8

where b;is the mean of the latent variable at time ¢ and G is a covariance matrix. In the
unordered model 7, the category-specific parameters aj; correspond to the “scoring” function
(explained below) that orients the direction of the unordered categories to that of the latent
variable. To identify the nominal model [17, 13], we setaj = 0, a} = L - 1; ¢jn =0, and J
Cjue = 0. Furthermore, the scale of @is identified by setting one of the means in 4;to zero

and the diagonal entries in G to unity. Off-diagonal elements of G are unconstrained for
capturing correlation between within-person responses.

Stat Med. Author manuscript; available in PMC 2021 October 30.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Ip etal.

Page 8

Several important remarks need to be made here for clarification of the model. First, we
assume that 6;= (6;), t=1, ---, Tis multidimensional. This flexibility allows the separation
the two sources of correlation: within-individual correlation over time, as captured by the
covariance matrix G, and correlation across subitem responses of the same individual within
a given timepoint, as captured by the random effect 6.

Second, besides the item-specific slope parameter aﬁ.’f), which is constrained to be positive,
the nominal model included a multiplicative weight parameter aj for the latent variable in

Equation 7. The motivation for including a; is that it offers a way for researchers to glean

information about the direction of ordering of the nominal categories from the data. Drawing
experience from the psychometric literature, the random effects & in the response models

4 - 6 has a clear interpretation— it is a person-specific effect that signifies the propensity

of progressing to sarcopenia, or susceptibility to the condition. For example, in the ordinal
model 4, a higher value of & means a higher propensity for being in a worse sarcopenia
state. The distribution of sarcopenia susceptibility is allowed to vary over time in mean (6,
in Equation 8) as one expects susceptibility to increase over time. The model set up thus
requires @in the nominal model 6 to retain the same interpretation as that in the ordinal
model, necessitating an ordering (as estimated from the data) of the nominal categories.

Using the language from IRT, the scoring function aj, [13] has the following interpretation
for poset categories: higher value of 4} suggests higher order of that category on the scale [0,
L-1].

Because the scoring function values are not simultaneously estimable with the other item
parameters, ANOVA-style contrast matrices are used to reparametrize them into estimable
contrasts[19]. A particular linear-Fourier contrast matrix was used by [13, 20] to provide

a smooth transition between the full-rank nominal model and a constrained model of
which some linear coefficients are set to zero (see Appendix 1). Other contrasts have been
used in the past, e.g., polynomials or deviation contrasts[19]. The Fourier basis, from our
experience, is more flexible. As argued in [13], if the data indicate another order, estimated
values of af may be less than zero or exceed L - 1. In practice, prior knowledge and

preliminary analysis could be used to guide setting up the initial order for the nominal
categories so that the fitted model would yield admissable values of aj, for the efficient

determination of the appropriate order.

The determination of the order for the poset model is especially important when covariates
are included into both the ordinal and nominal submodels. In such a case, covariates enter as
fixed effects into both models 4-5 and 6-7. For example, let X denotes the set of covariates
and g, the vector of regression coefficients. Then Equation 7 becomes

Zijtk = aliaj'?)eit + cjik + Xuby, (C)]

where g;is a vector of regression coefficients. In the current application, the same set of
covariates will be used for the ordinal and nominal models.
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A third remark regards constraints on the model, for example, whether or not the respective
“item” parameters a, dand cin the models 4 and 9 are allowed to vary over time points.

In other words, whether or not one would assume that the subitem parameters are invariant
across time. In general, it is not possible to allow both the parameters characterizing the
distributions of the latent variables @and all subitem parameters to be freely estimated
without constraint; the model would be unidentified. One can fix the distribution of &to be
invariant over time and allow the subitem parameters to vary over time, an approach that we
did not adopt, as it seems unlikely that individual & value, indicating extent of susceptibility
to sacropenia, is invariant over time. Instead we conceptualized 6= (&) as a T-dimensional
latent variable and fixed all intercept parameters in the ordered and nominal model to be
time-invariant. - e.g., dj= djin Equation 4, and ¢y = ¢, in Equation 9. Scoring functions
are also constrained to be equal across timepoints. Equality constraints can also be imposed
on slope parameter and/or the regression coefficients 8, (e.g., in Equation 9). In those cases,
goodness-of-fit indexes can be used to compare constrained and unconstrained models.

A final remark concerns the estimation procedure. Model estimation was implemented using
flexMIRT [12, 25], in which poset responses took the form of mixed-mode (ordinal and
nominal) responses to subitems over time. The multiple responses were handled under

the aforementioned latent variable IRT model. The overall likelihood (Equation 3), which
involves high dimensional integration, needs to be optimized. Traditional methods such

as the EM would take a long time to complete. We instead opted to use the Metropolis-
Hastings Robbins-Monro [22] for all estimation.

Data Sample and poset method

We used longitudinal data (n = 3,075) from the Health, Aging, and Body Composition
(Health ABC) Study [9] and applied the poset analysis. At baseline (yrl) the age range

of the participants was 70-79 years; 49% were male and 41% were African American.
Additional study details have been published [23]. Briefly, data from the following study
years-1,2,3,4,5,6, 8, and 10 were considered. For the three variables used in producing
the sarcopenia status variable - appendicular lean mean (ALM, in kg), is the sum of bone-
free lean tissue in the arms and legs was standardized for height (/77), ALM < 7.23 kg2
for men and < 5.67 kg2 for women were defined as low; grip strength (in g) < 30(20)
for men (women) and gait speed (in /ms™1) < 0.8 for both genders were respectively defined
as low; see Table 5 in [5]. Because not all variables were measured every year for all
participants, we did not include year 3 and 5 data. Previously identified risk factors for
sarcopenia [24, 9] - BMI, bodily pain, diabetes status at baseline, physical activity, age,
gender, and race, were included as covariates.

Participants with missing visits were included in the analysis under the assumption that
the missing values were missing-at-random (MAR). Only visits with observed values were
included into the likelihood equation. To minimize the potential bias due to missing values
that may violate the MAR, we employed several strategies to handle missing values. First,
following [9], we excluded = 147 participants that had no follow up data. Individuals
with incomplete measurements for defining sarcopenia state were also excluded. Second,
we did not exclude deceased participants such that data collected prior to their deaths were
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included. Missing value due to death hence did not enter into the model for statistical
inference. Unless death was directly related to the three variables defining sarcopenia, which
we believed was unlikely, the potential bias due to missing values from death should be
minimal. Compared to death, missingness directly related to poor gait (e.g., poor locomotion
prevented a participant to come to clinic for measurement) or grip or low ALM, could be a
more serious issue because in these cases, missingness in the outcome was associated with
the value of the outcome - in other words, data were missing not at random (MNAR). In
general, without auxillary information, it is impossible to tell what mechanism exactly leads
to missingness. MNAR models requires strong assumptions and were not considered in the
current analysis.

Finally we examined the missing value patterns and data distribution by sarcopenic states
by time both using the 8-category poset and the EWGSOP-guided poset. For yr8 data, we
found suspiciously low sample sizes for state 2 and 4. For example, for state 2, n=23 at yr8,
compared to n=122 and n=143 at yr6 and yr10 respectively. This may be an artifact of a
different measurement protocol (home measurement vs clinic measurement) implemented in
yr8. A decision was made to exclude yr8 data. As a result, data from 5 unequally-spaced
time points - yrl, yr2, yr4, yr6, and yr10, were eventually included in our analysis. As
previously mentioned, to circumvent the issue that the time points are not equally spaced
and the potentially changing risk to sarcopenia over time, for each individual susceptibility
to sarcopenia is modeled by a 5-dimensional latent variable with unstructured covariance
across dimensions and variances set to unity. The mean of @at time point 3 (yr4), which had
a relatively large sample size, was set to zero as reference.

3.3. Results

A total of n=2,742 participants were included into yrl. Because of missing values and
attrition, the following 4 time points respectively contained n=2,603, n=2,286, n=1,875, and
n=1,410 participants.

We compared four models (M1-M4) cross-classified by the two conditions: slope parameters
for the ordered/unordered poset component models across time-points were constrained to
be equal (yes/no). For each model, the following 3 conditions for covariates were also
included for comparison: no covariates, with covariates with regression coefficients not
constrained over time, and with covariates and regression coefficients constrained to be
invariant over time. Both AIC and BIC values showed that the best model was the one

with constrained slope parameters for the ordered and unordered model (M4) and included
covariates with constraint (Table 2). Here we only report result from the best model.

Table 3 shows the estimated means of the latent variable over the time points and their
correlations. As expected, susceptibility to sacropenia tends to increase over the years, with
the smallest increment over the first two time points (yrl and yr2). Correlations between
susceptibility across two neighboring time points are in the range 0.67 to 0.71, suggesting
that sarcopenia risks for various time points are highly correlated.

The intercept parameters dj in the ordinal model take the values 0.53, —5.00, and —5.58.
Estimation with time- and category-specific at(,‘? led to large unstable estimates in some
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cases. A decision was therefore made to fix ai,z) across categories and time. The resulting

procedure yielded an estimated value 3.69 for 49). For the nominal model, the scoring
functions a, were such that the first and last response categories (respectively {2} and {5})

were respectively set at 0 and 2 and the category {3} was estimated to attain values 0.14,
0.04, 0.67, 0.96, 1.31 over time. This suggests that the nominal response categories should
be aligned with the direction of @in the order {2}, {3}, and {5} without exception. This
result also suggests that being in category {5} (normal gait and grip but low muscle mass)
portends higher risk to progress to sarcopenia than categories {2} and {3}, which both have
normal lean muscle mass. See also distribution of @ across states in Discussion.

Table 4 shows the regression coefficients for the fixed effects. BMI contains 5 categories
(from low to high) and was treated as continuous. A positive coefficient for a categorical
predictor suggests higher likelihood of a worse sarcopenic state. Therefore being older,
diabetic, and having pain are all associated with higher likelihood of becoming sarcopenic.
The negative coefficient for BMI is somewhat surprising, but see [26]. To further investigate
the effect of BMI, we plotted the distributions of BMI by sarcopenic class. The trends were
found to be similar for different time points, therefore we only show the graphs for the first
(yrl) and last (yr10) (Figure 4). It can be seen that more severe sarcopenic states have lower
BMI in general, with mean BMI of the best state (no sarcopenia, labeled 1) at around a
BMI of 28 kg 2. The relationship seems to vary within the first four states {1},{2}.{3},
and {4}, while the presarcopenia state {5} and sarcopenia states {6, 7, 8} all have BMIs
below 25 kgrm2. The negative coefficient of BMI is likely to be attributed to the differential
distributions over better and poorer states. Admittedly, the complex relationship between
BMI and sarcopenia [27], the latter of which is defined by both function and muscle mass,
may not be well represented by a single linear regression coefficient. Of note, we examined
whether how BMI was modeled could affect the other estimates by removing it completely
from the model. The regression results, in terms of significance of the other variables,
remained unchanged.

Besides BMI, other modifiable factors contribute to the risk of progressing to sarcopenia.
For example, diabetes is a significant risk factor. Having diabetes increases the risk of
progressing into worse sarcopenic states with the odds ratio of exp(0.12) = 1.13. The
odds ratio for bodily pain is exp(0.18) = 1.20, representing an increase of 20% in risk of
progressing into worse sarcopenic state when pain is present.

4. Discussion

Body composition changes as part of the normal aging process. Starting at around age 50,
muscle mass declines by approximately 8% per decade. At around age 70, the loss of muscle
mass accelerates to 15% per decade [28]. The onset of sarcopenia is insidious and reflects
the gradual nature of muscle loss. Rather than experiencing a sudden impairment, those
persons who become sarcopenic experience a progressive decline in strength and functioning
that mirrors the steady loss of muscle mass [29]. Thus an understanding of preconditions

for the syndrome and the various subclinical states of the syndrome is important. In this
paper, we view subclinical sarcopenic states as posets and propose a novel longitudinal poset
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models for data analysis. Although the current approach bears some resemblance to the
hidden Markov poset model described in [30] in terms of fitting a mixed model to data,

the two poset approaches are methodologically rather different; the hidden Markov approach
basically reordered the categories of the poset and does not separately consider nominal and
ordered categories.

There are several contributions of the longitudinal poset analysis. First, it allows a general
framework for analyzing a large class of responses in a longitudinal setting. The clinical
application demonstrates the possibility of the poset approach for analyzing subclinical
states. Second, the approach allows information to be gleaned from the nominal categories to
enhance inference in the ordered responses via random effects (latent variables). Traditional
analysis such as collapsing unordered categories into a single category would miss an
opportunity to exploit information within unordered categories for improving predictive
modeling. Distinct from how random effects are typically used in longitudinal analysis,

here we adopt a psychometric viewpoint in the context of latent variable and interpret the
quantity @as a susceptibility factor for an older adult to develop into sarcopenia.

To visualize the relationship between the latent variable &and the sarcopenic states, we
plotted the distribution of &by sarcopenic states at the first and the last time point (Figure 5).
The almost monotonic relationship between @and the sarcopenic states provides support to
the susceptibility interpretation. Importantly, according to this poset analysis result, state 4,
which has deficits in functions (both gait and grip strength) but not lean mass, has a higher
susceptibility to sacropenia than state 5, which has low muscle mass but normal function.
The ordering between the two states is consistent at baseline and at the last time point.

The poset analysis reveals the high risk associated with older adults with seemingly normal
muscle mass but low functions. This implies that older adults with early signs of functional
deficit is likely to be as of high risk for developing sacropenia as older adults with low
muscle mass. Figure 5 also suggests that from the poset analysis states 6, 7, 8 are quite
similar, both at baseline and the last time point, offering support for the EWGSOP definition
of sarcopenia that collapses these 3 states into one. It is also interesting to note that the
distribution of @for State 1 (normal) has substantial variance at yr1, implying that different
individuals in the normal state actually may have rather different risk of progressing to
sarcopenia over time. This may be an artifact of & being modeled as a vector of 7=5
dimensions- information was borrowed across later time points for retrospectively shaping
the value of @at the first time point through the covariance matrix G. Notably state 2, 3,
and 5 have increasing means in 6, which is consistent with the ordering estimated from the
scoring function. The variances of these states however are all relatively small, especially
when compared to state 1.

As suggested by a referee, we also examined the robustness of the poset model by collapsing
the states 2, 3, and 5 into one state and conducted an ordinal item response model analyses.
The estimated latent distribution using collapsed categories showed similar patterns to that
of the poset model. For example, estimated means across time points 1 through 5 had
respective values of —0.26, —0.21, 0.00, —0.03, 0.08. The correlation between the latent
variables ranged from 0.51 to 0.69, compared to the range of 0.50 to 0.71 in Table 3.
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Significant and non significant results (o < .05) in the regression analysis using collapsed
categories remained unchanged.

The current article has a few limitations. First the procedure for establishing a weak order
in a poset by iteratively removing the maximal (minimal) elements does not always lead to
a unique partitioned solution. A simple example is to change = to < to in the sarcopenia
example. Figure 6 shows the resulting poset, the structure of which is different from that
depicted in Figure 3(a). The non-uniqueness of poset may lead to interpretation issue.

We suggest using substantive knowledge for choosing the appropriate poset representation.
Additionally, collapsing poset elements can also be considered for reducing the complexity
of the GLMM and improve interpretability of results.

Another limitation, as pointed out by a referee, is that the poset definition in the sarcopenia
application requires all three measurements - muscle mass, gait and grip, to be present.
Missing any one of the measurements could result in missing classification. Furthermore,
as explained in the method section, the MAR assumption for missing value also has
limitation as missing values due to death or health reasons may not be truly missing at
random. Readers should consider potential bias in the results due to violation of the MAR
assumption.

Another limitation is that in this study we use the same linear fixed effects for both the
nominal and ordinal model and also assume no time by predictor interaction. For example,
the effect of BMI on sarcopenic state was summarized using a single regression coefficient,
as discussed in the Results section. Note that in the current approach, in order to identify
the model, we allow the latent variable to change over time and constrain some items
parameters. This approach may not be applicable to other types of poset analysis such

as subgroup analysis in cohorts with shorter period of followup. Poset items may behave
differently across groups. In that case, one may use the latent variable as a device to account
for intra-person observations, test for poset item parameter invariance across groups, and
adjust the model to accommodate differential item behaviors. We will further explore such
alternative models.

Acknowledgement

Appendix
Appendix

This study is funded by the following grant: NSF SES-1220549, NIH 1UL1TR001420-01, and P30AG21332.

1: Background for (cross-sectional) ordinal and nominal item

response models

Item response models are designed for multiple categorical item responses (dichotomous,
polytomous, and nominal) that are “caused” by an underlying individual-specific latent trait,
often denoted by 8, where 7is the index for individual. The distribution of latent trait is often
assumed to follow a normal distribution M0, G) where G is the variance. For identification
of the scale, Gis set to a fixed value. Different link functions are possible in IRT models. For
illustration purpose, we only use the logistic link here.
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First we introduce the item response model for ordered categories. Without loss of
generality, assume each item uniformly contains M ordered categories, labeled 1, ---, M.
For the response Yj;of individual /to item /, j=1, -+, J the cumulative model (called
graded response model in the psychometric literature) can be written as:

PY;;>2116)=1,
1

> ) =
P(Yij2216) 1 +expl — (djp +ajpb)]’
(10)
1
> L) =
Py 2 MO = T =@ + apng@T’
PY;j2(M+1)]6)=0,
With
where k=1, ..., M.
The parameter gjare aj, k=1, -+, Mare respectively called the intercept and

discrimination parameters. Constrained models are possible — for example, aj = a;.

The nominal (unordered) item response model [16] is less commonly used in the literature.
Following the previous notation, we label the (unordered) responses &, k=1, ..., L. The
basic nominal model can be written as:

PY;j=k|6)= M (12)
2om = 1XP(Zimj)
in which
Zjkj = ajkb; + cji - (13)
and
0, ~ N0, G), (14)

Identification constraints such as aj = ¢y = 0 are used to identify the model. In order to set
up a more flexible framework to handle more complex data such as multidimensionality

in latent trait, [13] offered a new parameterization of the basic nominal model. The

new parameterization involves the separating the a parameter into a single discrimination
parameter for all categories and a category-specific scoring function for all the responses.
Specifically,

Zikj = a,scajH,- + Cik> (15)

where a;is the single discrimination parameter which is common for all response categories,
and aj, is the category-specific scoring function. The following constraint is imposed for
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identification: aj = 0, aj = L — 1, and ¢j = 0. The advantages of the new parameterization

include both better parameter interpretation and easier generalization to multidimensional
latent trait.

Another feature added to the basic model from [13] is the use of a smoothing, either through
polynomial or Fourier basis for the aand ¢ parameters so those parameters across response

categories would be “smoothly changing”. Let as = (a}) and ¢ = (cx) (subscript j suppressed).
The Fourier basis for the aand ¢ parameters takes the form:

as=Ta, (16)
and
c=Ty, 17)

where a and 7 are vectors of length L - 1, and

L foo - for-
T=| 2 [fz- far-n (18)
L-1 0 - 0

in which fi;= sin[r(i— 1)(k— 1)/(L - 1)], and a; = m; = 1. Restricted models where some
ay, -+, a;—1 are set to zero are also possible. See [13] for details of further generalization to
multidimensional models in which 6;is a vector of length > 1.

For both the ordinal and nominal IRT models, the conditional likelihoods given &are formed
by the product of the likelihoods of the individual item responses under the assumption

of conditional (local) independence given 6. The overall likelihood is then formed by
integrating out the latent variable.

Appendix 2: Proof of Proposition 1

Proof. We follow the notation in Section 2.3. The conditional partition sets associated with

category k are denoted by Ag‘), - Ag;?' and the corresponding sets that category & belongs

by s{, -+, s, By definition, PG e AS) = PG e A = 1.

The joint density of observing a specific poset category kis given by
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k k
PY =k| )= PGy €Ay st e ] )

k k k X . .
= P(S‘(Ik)—l € Aflk)—l | s;k)_z (S AEIk)—z’ S ) c A(] )’ ) x P
k k k

ye AN s eaP)
= e (19)

_ (k) (k) (k) (k) k) (k)
= Py €Ay o | sS) s e Ag) o, IX PS5 € Ay,

k (k)
| sf(lk)—3 € Ag—3 )

x - x P € AV | s(9 e AL, yx P e AV ] ).

(k)
s

When the poset categories k=1, -+, Kare recoded as subitem responses, each of

(k) (k) k (k)
Ay -2 PG e a1 )

corresponds to the probability of a subitem response Y* that was not coded as NA. Denote
this subset by Y§k and the subset of NA responses to the subitems by Yﬁk. The conditional

. el (k) (k)
the conditional probabilities P(sqk _1€ n Sg—2 € A

probability of observing the sequence s{°), --- , s;?_ , in Equation 19 is given by

POY% =51 ) = ![S POYF=y51.). 20)
s k

The equality is the result of the conditional independence requirement of the subitem
responses.

On the other hand, the ML procedure in GLMM directly evaluates the
probability of the response pattern of the subitems for category & given by

POY* =y*| )= P(YJe s, = 35 Y e N, = ¥¥ | ). Under the conditional independence and
missing data assumption of GLMM, this probability is evaluated as [] < SkP(Y;" =y¥| )

which is the same as the right hand side in Equation 20.
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(a) Classification of sarcopenia states from EWGSOP criteria, (b) poset representation of
sarcopenia states in (a). An arrow from category 1 to category 2 indicates that 1 dominates 2,

and so on.
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1,2,3,456,7,8

Figure 2.
Conditional partition and model for poset in sarcopenia example (Figure 1(b)). Ord=Ordinal

model; Cat=Categorical model
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1,2,3,4,5,{6,7,8}

(b)

Figure 3.
(a) Poset structure of real data example in HABC, (b) Conditional partition and model for

poset categories in (a).
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Distributions of latent variable 8 by sarcopenic states at (a) first time point (yrl), (b) last

time point (yr10).
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Figure6.
Alternative representation of weakly ordered poset for Health ABC sarcopenia data.
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Recoding scheme for sarcopenia example.

Category Subitem1 Subitem2 Subitem 3

1

2
3
4
5
6
7
8

10
20
20
30
20
30
30
40

NA
1 U
2U
NA
3V
NA
NA
NA

NA
NA
NA
1V
NA
2 U
3 1%
NA

Table 1.

Page 25

Superscripts (U) and (O) are respectively used to indicate unordered and ordered categories; dummy coding is used and the category labeled 1Uis

used as reference.
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Goodness-of-fit for fitted models

Model No covariate Covariate Covariate(fixed)
AlC BIC AlC BIC AlC BIC
M1 45919 46121 37624 38034 37131 37374
M2 48343 48521 37297 37683 36212 36432
M3 49144 49322 37137 37523 37464 37684
M4 48377 48531 37899 37261 36051 36247

Page 26

M1=No constraint on slope in both ordered and nominal model; M2= Slope in ordered model constrained over time; M3= Slope in nominal model
constrained over time; M4=Slope in both ordered and nominal model constrained over time. Covariate (fixed)=regression coefficients constrained

to be invariant over time. Values for the best model are indicated in bold.
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Table 3.
Estimated latent distributions for 5 time points
Correlation Timel Time2 Time3 Time4 Time5
1.00
071 1.00
0.67 0.69 1.00
0.61 0.63 0.67 1.00
0.50 051 0.54 057 1.00
Mean -027(001) -0.20(0.01) 000 0.15(0.01) 0.32(0.01)

Standard errors of mean estimates are in parentheses. The 5 time points refer to Years 1, 2, 4, 6, and 10.
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Table 4.

Results of the proposed poset generalized linear mixed effects model.

Variable Estimate (SE) p-value

Race —-0.34 (0.03) <0.001
Gender 0.29(0.03)  <0.001
Age 0.79(0.04)  <0.001
BMI -153(0.05)  <0.001
Diabetes 0.12 (0.02) <0.001
PA -0.06 (0.04) 0.13

Bodily pain 0.18 (0.03) <0.001

Abbreviation: BMI=Body mass index, PA=Physical activity, SE=Standard error; Respective reference category for variables Race, Gender,
Diabetes,and Bodily pain: White, Male, No diabetes, No bodily pain
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