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Abstract An existing micro-macro method for a single individualéévariable is
extended to the multivariate situation by presenting twdtiteuel latent class
models in which multiple discrete individual-level varieb are used to explain a
group-level outcome. As in the univariate case, the indialdevel data are
summarized at the group-level by constructing a discréémtavariable at the group
level and this group-level latent variable is used as a ptedfor the group-level
outcome. In the first extension, that is referred to as theddimodel, the multiple
individual-level variables are directly used as indicatimr the group-level latent
variable. In the second extension, referred to as the lcidinedel, the multiple
individual-level variables are used to construct an irtiral-level latent variable
that is used as an indicator for the group-level latent Weidrl his implies that the
individual-level variables are used indirectly at the grdevel. The within- and
between components of the (co)variation in the individea&l variables are
independent in the Direct model, but dependent in the latiredel. Both models
are discussed and illustrated with an empirical data exampl
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Fig. 1 Micro-macro latent variable model with one micro-level vatéab

1 Introduction

In many research areas, data are collected on individuatsqstevel units) that are
nested within groups (macro-level units) (Goldstein 20Eby example, data can be
collected on children nested in schools, on employees ah@starganizations, or on
family members nested in families. The variables involvexyoe either measured
at the individual level or at the level of the groups. FollogiSnijders and Bosker
(2012), one can distinguish between macro-micro and mmgaoro situations. In a
macro-micro situation, the outcome or dependent variahhedasured at the
individual level, while in a micro-macro situation, the oaine variable is measured
at the group level. The current article focuses on the lagpes of multilevel analysis
that is needed when, for example, characteristics of haldehembers are related
to household ownership of financial products, or when psipaiical characteristics
of employees are related to organizational performanceoouts. Furthermore,
attention is focused on micro-macro analysis for discrata.d

In micro-macro analysis, the individual-level data neetléaggregated to the
group level, so the aggregated scores can be related todhp-tgvel outcome.
When a group mean or mode is used for aggregation, measurangaampling
error in the individual scores is not accounted for and Craaehvan Veldhoven
(2007) showed that this neglect of random fluctuation in tiividual scores causes
bias in the estimates of the group-level parameters. Maretvis type of
aggregation wipes out all individual differences withie tjroups and it is well
known that the variability of the group means and modes nlyt @presents
between-group variation but also partly reflects withiotgy variation. Therefore,
the analysis of observations from micro-macro designsiregjan appropriate
methodology that takes into account the measurement anglisgrerror of the
individual scores and neatly separates the between- ahthvgtoup association
among the variables (Preacher et al 2010).

Such technigues have been developed by using a group-#egat bariable for the
aggregation. For continuous data, Croon and van Veldh@®@0i7/() provide a basic
example of this methodology. The scores of the individu&dem groupj on an
explanatory variabl&;; are interpreted as exchangeable indicators of an unolzserve
group score on the continuous latent group-level varighl&urthermore, the latent
variable is treated as a group-level mediating variable/beh a group-level
predictorX; and a group-level outcom§. Figure 1 represents this model



Micro-macro multilevel latent class models with multiple desterindividual-level variables 3

graphically. Any theory in which a group-level interventiis not only expected to
influence a group-level (performance) measure directhyalso indirectly through a
characteristic of the group members, can be tested withnbigel.

The model belongs to the general framework of generalizetiaariable models
described by Skrondal and Rabe-Hesketh (2004) and canalserbulated for
categorical data (Bennink et al 2013), by using a latensalasdel instead of a
factoranalytic model that was used for continuous varmblée latent variablg;
then becomes a categorical variable viitbategories¢ = 1,---,C. The scoreg;;

of thel; individuals in groupj (collected in the vector ;) are treated as ‘unreliable
indicators of the group scoig. For an arbitrary groug, the relevant conditional
probability distribution for the manifest variabl¥sandZ j givenX; is:

C
P(Y},Zj|Xj) = > P(Y;,{j = clX))P(Zj[{j =) - @)

c=1

The terms on the right hand side of the equation are the batause within part that
can be further decomposed as

P(Y;j,{j = c|Xj) = P({; = c|Xj)P(Yj|Xj,{j =¢) , (2)
and

lj

P(Zjl¢; :C):]]P(ZUIZJ' =c). @)

Since in the social and behavioral sciences it is very commarse multiple
individual-level variables instead of only a single onethia present article two
multilevel latent class models are presented that extendnivariate case to the
situation with multipleZ;j-variables. As in the existing method, tAg-variables are
summarized by a single discrete latent variable at the gleugb ({;). In the first
model, that is referred to as the Direct model, fiyevariables are directly used as
indicators for{;, while in the second model, that is referred to as the Intiredel,
this is done indirectly through an individual-level lateariable ;j). The Direct
model can, for example, be used to construct a latent cleessifn of households
based on the age, gender and educational level of the hddsekmbers to predict
household ownership of financial products. The Indirect ehadn, for example, be
used when multiple individual-level items on the satistatbf employees with
respect to their relationships at work are used to constinecindividual-level latent
variablen;; that is used as an indicator gy to predict organizational performance
measures, such as the level of organizational conflicthdmemaining article, both
methods and their estimation procedures are discusseatiddcito empirical data
examples.
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Fig. 2 Direct models

2 Direct model

Figure 1 is extended to a situation wikhindividual-level variables. These
individual-level variablegs;j, Z; - - - Zkij, can be directly used as indicators of the
discrete latent group-level variabfg, as done in the model with a singfg;. In this
way, a (latent) typology of groups is constructed based emthltiple
individual-level variables. For example, the age, gendereducational level of
household members can be used to construct a classificétmuseholds. This
classification of groups is used as a predictor for the olesegvoup-level outcome
Yj, for example, the household ownership of a financial pradiisb other
(observed) group-level predictors representefgycan be included in the model.
For example, the household income can be used as an adtgionp-level
predictor.

Although not necessarily in a model with a sindlg;, in a model with multiple
Zj-variables it needs to be accounted for that the individess variables can be
dependent within individuals, since it is not reasonablagsume that all of the
association between the individual-level indicators iglaxed by{;. This can be
done in two ways. As a first alternative, all two-way withirsasiations among the
Z,;j-variables can be incorporated in the model as shown in thpdeel of

Figure 2. This model is referred to as the ‘Dirggtodel’. A second alternative
consists of defining a discrete individual-level latentahle n);; with D categories,
d=1,---,D, as shown in the right panel of Figure 2. This model is refktoeas the
‘Direct, model’.1

As in Equation 1, the probability distribution of an arbiyygroup j contains a
between and a within term. For both models the between pstitlisepresented by
Equation 2, but they differ with respect to the within paxtr Ehe Direcissmodel,
the within part is

|
J

P(Zjlfj:C):UP(Zlij,Zkij,~~~ZKij|Zj:C), (4)

1 nij does not necessarily need to be discrete, but can be definédwaus as well.
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Fig. 3 Indirect model
whereas for the Diregtmodel, the within part is
li D K
P(Zj|{j=c) = l_ldz P(nij = d) [ P(Zajl¢; = c,nij =d) . (%)
i=1d=1 k=1

The group members are used as exchangeable indicatorisnhiss that
P(Z1ij, Zij, - - Zkij|{j = c) in the Direckssmodel andP(Z;|{; = ¢,nij = d) in the
Directy model, are identical for all individuals. In the Dirggtmodel, there is by
definition local dependency among the indicators giggrbut in the Diregy model,
the indicators are locally independent givgn and{;j. It is also important to note is
thatn;; and{; are assumed to be independent.

3 Indirect model

When theK individual-level variables were intended in the first pléceneasure an
individual-level construct, it is more logical to specifyetrelationship between the
group-level latent variable and the individual-level itemdirectly rather than
directly. For example, suppose that the satisfaction oflepegs with their
relationships at work is measured by three indicators:H@iy satisfaction with the
relation with their supervisor, (2) the satisfaction witleir relation with other
coworkers, and (3) the degree in which they experience dyamlture at their
working environment. These thr@g -variables may be treated as indicators of an
underlying latent construct at the individual-levgl;{. In the current articley;; is a
discrete variable witlD categoriesg = 1,-- -, D. 2 Since there may exist group
differences om;j, a group-level latent variable () may be invoked to represent
these between-group differencesmp

This model is graphically shown in Figure 3 and referred tthasIndirect model'.

2 Varriale and Vermunt (2012) proposed a similar model with a icoousnij and no group-level
outcome.
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Referring to the formal general description in Equatiorhg, between part of this
model is represented again by Equation 2, but the withiniparw:

li D K
PZilgi=c) =[] 2 P =di¢j =0 []PZajImi = d) 6)

The group members are again treated as exchangeable, 8Zkan; = d) has

the same form for all individuals. The individual-level iables are locally
independent given;; and the two latent variables are dependent since the
distribution ofn;; depends odj. In this model there is no immediate need to allow
for residual association among the individual indicatdmsesn;; is assumed to
account for all of the associations that exist among thecatdis.

4 Estimation, identification, and model selection

The micro-macro models presented above are extended neiiche multilevel
latent class model proposed by Vermunt (2003). The extarnsimlves that, in
addition to having discrete latent variables at two levislese models contain an
outcome variable at the group level. Vermunt (2003) showed o obtain
maximum likelihood estimates for multilevel latent classdals using an EM
algorithm, and a very similar procedure can be used herelofakikelihood to be
maximized equals:

J
log L = Z logP(Y}, Zj|X;)
J C
Z og [ZP(ZJ = C|Xj)P(Yj‘Xj,Zj =C)
|

I_|dz (nij =d[{j =c)P(Zij|j=c,nij=d)] . (7)

The expected complete-data log-likelihood, which is cotagun the E-step and
maximized in the M-step, has the following form:

J C
E(log Leomp) = Z Z 15 log P({j = c[X;j)
j=1c=1
J C
+ n‘-’logP(Yj|Xj,Zj: )
j=1c=1
J ljc

D
dz rchIOgP (nij=d[{j=c¢)

D

-
iM-

1
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C
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(@]

Tﬁc logP(Zij|{j = c,nij =d). (8)
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Here,njC andnﬁd denote the posterior class membership probabilities

P(¢; = clYj,Zj,X;) andP({j = c,nij = d|Y;,Z;, X;), respectively. These posterior
probabilities can be obtained in an efficient manner usingmward-downward
algorithm. In the upward step we obtai# and in the downward step we obtaiff
asmP(nij = d[{j = ¢,Yj, Zij, X;). This algorithm is implemented in the Latent
GOLD program (Vermunt and Magidson 2013) that we used faaupater
estimation in the empirical examples presented in the restian.

Since the four sets of model probabilities are parametnisagy logit models, the M
step involves updating the estimates of a set of logistiamaters in the usual way.
Note the three special cases of the micro-macro model arestticted versions of
the general model for which we defined the expected completa{og-likelihood.
The Directssmodel does not contain a lower-level latent variable, witieh be
specified by settin® = 1. In this model, the joint distribution d&;; is modeled

with a multivariate logistic model containing the two-\asle associations between
the responses. In the Dirgcimodel and the Indirect model, we assume responses
Z; to be locally independent, meaning that the associatiotvedas the responses
are fixed to zero. Moreover, in the form&g; is assumed to be independent{pf
and in the latten);; is assumed to be independentpf which are restrictions that
can be obtained by fixing the logistic parameters concemedr.

As regards the identifiabilty of the models proposed in thile, similar conditions
apply as for regular latent class models. A sufficient caonitor identification is
that both the individual- and the group-level part of the elate identified latent
class models (Vermunt 2005). For the individual-level mdhis means that we
need at least threg-variables K > 3), whereas for the group-level model this
means that most groups should have at least three indigidyat 3). However,
also when these conditions are not fulfilled, the micro-raawodel concerned may
be identified. For example, The Dirggimodel, which contains only a group-level
latent variable, is also identified with two individuals ggoup wherK > 2, and the
Indirect model is also identified witk = 2 andl; > 3. A formal way to check
identification is to determine the rank of the Jacobian matvhich can be done
using Latent GOLD.

Another important issue concerns the selection of the nuwibeasses at the
individual and the group level. For multilevel latent classdels, Lukd@iene et al
(2010) recommended to use either the BIC (with the numberamifgs as sample
size in the formula) or the AIC3 for making this decision. e tDirectssmodel,
there is only a group-level latent variable, meaning thatam® simply select the
model with the number of group-level classes that provitdesest fit. For the
Direct, model and the Indirect model, on the other hand, the numbeas$es at
both levels have to be determined simultaneously. Herepli@f the suggestion by
Lukociene et al (2010) to first determine the number of classdseat t
individual-level D), keeping the number of group-level classes fixed to @he ().
The second step is then to fixat this value to determine the number of group-level
classesQ). In the final step, the number of individual-level laterdasdesD) is
reconsidered again while fixirg at the previously determined value.
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5 Empirical data examples

In this section, the Diregtsmodel and the Indirect model are applied to empirical
data. In the first example, data on Italian households arm tas@vestigate how
demographic characteristics of the household memberst &ffeisehold ownership
of financial products. Contrarily to Figure 2, this exampbes not contain an
additional group-level predictof;. In the second example, data on small firms are
used to investigate how the perceived quality of employédsair relationships at
work affects organizational performance measures, andhghthis relationship is
moderated by organizational size. All analyses are camigdh Latent GOLD 5.0
(Vermunt and Magidson 2013).

5.1 Example Direct model

From the 2010 Survey of Italian Household Budgets (Bankaiy 12012),
information is available on the ownership of financial prodiby 7951 Italian
families. Three such financial products are taken here agpgeyvel outcomes: the
number of postal and bank accounts (ACC), the number of pastibank savings
accounts (SAV), and the number of credit cards (CRD). In #eessurvey,
information is available on various demographic charéties, such as age (AGE),
educational level (EDU), and sex (SEX), of the 19836 indraidfamily members.
These individual-level variables are used to constructemtaypology of the
families ({;). The research question of interest is whether these diffdypes of
households show significant differences with respect toesship of the three
financial products.

For the analysis, the variables on ownership of the finapec@ducts were
categorized into two categories: either the family ownegfthancial product (score
= 1) or it did not (score = 0). For the variables measured airttigidual-level, age
and educational level were categorized into five categ¢tres 30, 2=30-40,
3=41-50, 4=51-65, 5565; 1=none, 2=elementary school, 3=middle school, 4=high
school, 5=bachelor or higher) and sex had two categorienéle; 2=female).

For the Latent GOLD analyses, six multinominal logit eqoasi were defined, one
for each group-level outcome and one for each individuadllgariable. In all
equations, a discrete group-level variajevas used as a predictor. All two-way
associations among the group-level outcomes and all twoassociations among
the individual-level variables were specified as well. Bt selection criteria BIC
(based on the number of groups) and AIC3 suggested a modeawitast eighteen
household-level classes. This large number of latentetasjuired to obtain an
acceptable statistical fit is probably a consequence ofilye Bize of the sample on
which the analyses were carried out, but it simply precludssaightforward and
illuminative interpretation of the results. For illustkeg purposes, the solution with
three classes is interpreted here. These classes are pasated as indicated by the
Entropy R-squared measure (Vermunt and Magidson 2685),= .74, that is in
general labeled to be good when it is larger théh
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Table 1 Class proportions and class-specific probabilities Exarhple

Class¢ 1 2 3
Classsize .36 .32 .32
AGE=1 .02 .46 .28
AGE=2 .06 .17 .05
AGE=3 .05 .29 .07
AGE=4 16 .06 .47
AGE=5 .71 .02 .12
EDU=1 .10 .19 .01
EDU=2 49 .13 .06
EDU=3 30 .40 .31
EDU=4 09 .21 .41
EDU=5 .02 .07 .20
SEX=1 43 50 .49
SEX=2 57 50 51
ACC=0 .28 .15 .03
ACC=1 .72 .85 .97
SAV =0 .75 .81 .84
SAV=1 25 .19 .16
CRD=0 .92 .62 .47
CRD=1 .08 .38 .53

The estimates of the logit parameters of the fitted model lasigaificant at the 1%
significance-level. The corresponding class-specificaesp probabilities together
with the class proportions are given in Table 1. The first grtavel class contains
36% of the households. The household members in this clasglatively old,

lowly educated and a small majority of the family membersinéle. The second
group-level class contains 32% of the households. The menfitzan this class are
relatively young, moderately educated with an equal bad®tween males and
females. Finally, the third group-level category contaits® 32% of the households.
The members are relatively old, highly educated and gesdagain equally
distributed.

Compared to the other two classes, the households from shelfiss have a lower
probability to own bank accounts (.72), a higher probaptlit own savings accounts
(.25), and the lowest probability to own credit cards (.08)e households from the
second class have a higher probability to own bank accobatsthe households
from the first class but a lower probability than the housdfdlom the third class
(.85). They have a lower probability to own savings accotims the first class but
a higher probability than the third class (.19). With regardredit cards, the second
type of households is in the middle of the other two classegadly.38). The
households from the third class have the highest probabilibwn bank accounts
(.97) and credit cards (.53) but the lowest probability tox@avings accounts (.19).

To conclude, our analysis yielded a classification of theskbolds in three types
that especially differ in composition with respect to agd aducational level of the
family members. Moreover, the different types of housetisliow clear differences
with respect to ownership of financial products. The houkizhwith older, lower
educated members have a higher probability of owning sawdegounts than the
other two types of households, but a lower probability of mgrbank accounts or
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credit cards. The households with relatively young and rrettééy educated
members have the highest probability to own savings aceaurd fall in between
the other two classes with respect to owning bank accouutsr@dit cards. The
households with relatively old and highly educated memhar® the highest
probability to own bank accounts and credit cards, andidiietween the other to
classes with respect to savings accounts.

5.2 Example Indirect model

In the literature on small-firm Human Resource ManagemeRiMH it is often
assumed that working in a small firm is either fantastic oegame (Wilkinson
1999). This assumption is tested on data collected by drr8oiby administering
two questionnaires. In the first questionnaire, 91 HR marsagfesmall
organizations provided information about their HR system ather organizational
characteristics. In the second questionnaire, 463 emptogeovided information
about their perceptions of work-related issues, such asakperience of positive
relationships at work. The research question of interdsbvg the perception of
employees on their relationships at work affects two orgational performance
measures: the level of absenteeism and the amount of canftlet organization. At
the same time, it is investigated whether this relationghipoderated by
organizational size.

Organizational size (SIZE) was measured by the total nurbemployees in the
organization, including working owners and part-time eoypks, as reported by the
HR manager. The variable is dichotomized into two categpoae with firms
having less than 10 employees, and one with firms having ldnfjfloyees. This
corresponds to micro organizations and small organizatiedefined by the
European Commission (2005). The level of absence (ABS)aohaktrial conflict
(CON) was originally measured on a five point Likert scaleging from very low

to very high (Guest and Peccei 2001). Since the scores expbytthe HR managers
were very skewed, the variables are dichotomized to orgénizs that have very
low levels (Cat=1) and low to very high levels (Cat=2) of altseism or conflict.

At the individual-level, the perception of work relatiomstwere measured by three
indicators: (1) satisfaction with the direct supervisdUgg, (2) satisfaction with
colleagues (COL), and (3) the perception of the degree ichvtiie individual
experience a family culture at work (FAM). These three iatlics were originally
measured with multiple items, but to keep the illustrationge and as close as
possible to Figure 3, the mean scale scores of each of thedhedes is used as an
indicator variable in the latent class analysis. Satigdaawith the direct supervisor
was originally measured by nine items on a four point Likegls ranging from
never to always (Van Veldhoven et al 2002). An example iterfdan you count on
your supervisor when you come across difficulties in yourkibrSatisfaction with
colleagues was originally measured with the same four ansategories on six
items (Van Veldhoven et al 2002). An example item is: "If resary, can you ask
your colleagues for help?”. The perception of a family crdtat work was originally



Micro-macro multilevel latent class models with multiple desterindividual-level variables 11

Table 2 Class proportions and class-specific probabilities Exaraple

(@) (b)

Classn 1 2 Class¢ 1 2 3 4 5
Classsize .53 .47 Classsize 17 .13 .20 .39 .10
SUP=1 .67 .01 n=1 .81 .65 .53 .39 .18
SUP =2 30 .46 n=2 .19 .35 47 .61 .82

SUP =3 .03 .53 SIZE=1 .09 .10 17 .56 .07

COoL=1 58 .05 SIZE=2 .28 .18 .23 17 .14

CoL=2 34 41 ABS =1 .00 1.00 .00 1.00 .00
COL=3 .08 .55 ABS=2 1.00 .00 1.00 .00 1.00
FAM=1 .40 .15 CON=1 .00 .00 100 1.00 .00
FAM=2 .36 .32 CON=2 1.00 1.00 .00 .00 1.00
FAM=3 .24 53

measured by three items on a five point scale ranging froriytatisagree to totally
agree (Goss 1991). An example item is: "People here aredikdély to me”.

The model can be formally described with seven multinonuigitimodels: (1) two
for the group-level outcomes in which the main effecpfthe main effect of
organizational size and their interaction effect are usagradictors, (2) one for the
group-level latent variablé; in which organizational size is used as a predictor, (3)
one for the individual-level latent variabig; for which {; is a predictor, and (4)
three for the individual-level variables for whicfy; is a predictor. Furthermore, a
two-variable association among the two firm-level outcomeslded to the model.
The number of classes for the two latent variables are détedhollowing the
stepwise procedure of Lukgne et al (2010) using BIC based on the number of
groups. This resulted in two classes at the individualllane five classes at the
group-level. The class separation of the latent varialslssificient to good

(Rl = .67 andRSy, = .92).

All effects were significant at the 5% level, except the mdiact of organizational
size and its interaction effect witfy on both group-level outcomes. Therefore, these
effects were removed from the model. The class proportiodsciass-specific
probabilities based on the final fitted model are given in @ablTable 2(a) shows
that at the individual-level, there is one class that cont&i3% of the employees
and these employees are not very satisfied with their relstips at work. The
second class of individuals contains 47% of the employessatte satisfied with
their relationships at work.

Table 2(b) provides the conditional probabilities of thealete categories of the
indicators given the discrete categories of the grouptlewent variable(;, and the
conditional probabilities of the latent categorie{phiven the categories of the
group-level predictor organizational size. From the fingi tows of the table can be
seen that at the group-level, the five classes differ witheesto the composition of
employees from the two individual-level classes. The grlewel latent classes are
ordered from the lowest probability of an employee belogdmthe satisfied
individual-level class (.19) through the highest (.82)eTinst and second
group-level classes contain firms with employees from theatisfied
individual-level classes (.81 and .65, respectively). Tlass sizes are 17% and
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13%. The fourth and fifth group-level classes contain firnag tave the highest
probability of employees from the satisfied individualdeelass (.61 and .82,
respectively). These classes contain 39% and 10% of the.firhesremaining 20%
of the firms belong to the third group-level class. In thissla mixture of
employees from the two individual-level classes is found.

In the third and fourth row of the table is shown that, the miftrms with maximum
10 employees (SIZE=1), have the highest probability tohglo the fourth
group-level class (.56) and the small firms with 11-50 emeésy(SIZE=2) have the
highest probability to belong to the first group-level clé&8). The micro
organizations have a higher probability to belong to thetfoalass than the small
organizations, but for the remaining four classes it is tteoway around. The
fourth group-level class contains firms with very low prottiibs of absenteeism
(.00) and conflict (.00). The second and third group-leva$sts have, respectively,
high probabilities on either absenteeism (1.00) or conflid0). The first and fifth
group-level classes have high probabilities to encourd#r {1.00 and 1.00).

To conclude, at the individual-level, the assumption thatking at a firm with less
than 50 employees is either fantastic or gruesome is suggha@ince the two
individual-level classes could be interpreted as a satisfiel an unsatisfied class of
employees. At the group-level the situation becomes mamgptex. Although about
half of the organizations contain mostly employees fromsthigsfied
individual-level class, these organization belong eitbex group-level class that
encounters low or high levels of absenteeism and conflicat$iee group-level,
there is no clear positive affect of having satisfied empdsyen organizational
levels of absenteeism and conflict. Organizational sizeersin this context, since
micro organizations have a higher probability to belonghdgroup-level class with
no troubles than small firms.

6 Discussion

In the current article, two latent class models, referrealstthe Direct model and the
Indirect model, are presented that can be used to predicisdevel outcome by
means of multiple individual-level variables by extendamexisting method for
micro-macro analysis with a single individual-level véilato the multivariate case.
Both models involve the construction of a group-level latdass variable based on
the individual-level variables to summarize the individievel information at the
group-level. The group-level latent variable can then leted to other group-level
variables, such as a group-level outcome. In the Direct mttk=group-level latent
classes affect the individual-level variables directifjlerin the Indirect model
these are affected indirectly via an individual-level tdateariable. The Direct model
seems most appropriate when the aim of the research is ttrecns typology of
groups that affect one or more group-level outcomes. Ingihigtion the within and
between component of the individual-level variables adependent. The Indirect
model seems more appropriate when the individual-levéhlites are intended to
measure an individual-level construct and groups are alibte differ on the
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individual-level variable. The within and between companef the individual-level
variables are now dependent. Both methods are appliedltdataexamples.

In the models with a discrete latent variable at each lekelfumber of classes of
the latent variables had to be decided simultaneously sivectull model was
estimated at once. Although Lu&ene et al (2010) provided guidelines on how to
make this decision, further research should be devoteditty sthether their
approach is also optimal in the current context. Especialign the latent variables
are dependent, one might prefer to determine the numbeteritlelasses of the two
variables independently. A stepwise procedure to do thisout introducing bias in
the group-level parameter estimates, is presented in Balak(2004), Vermunt
(2010), and Bakk et al (2013). A further limitation of the et method is that the
group-level outcome functions as an additional indicafdhe latent group-level
variable. This implies that the formation of the group-leslasses is affected by the
outcome variable. This may be counter intuitive since thentavariable is intended
to predict the outcome. An additional advantage of usingstpwise procedure just
referred to, is that the latent classes can not only be deiimtkgbendent of each
other, but also independent of the group-level outcome.
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