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Exploring for the change in change of employment status over time.  

 

Abstract 

The study seeks to explore for presence of dissimilar developmental paths in employment status 

of American individuals. The empirical longitudinal exercise is conducted with hybrid latent 

class growth model and latent class growth mixtures. For testing the hypothesis of 

heterogeneous subgroups within employment status  data  three mainstream modelling variants 

of growth modelling are tested and elaborated in terms of model performance.Progressive 

employment status based  typology is found robust to alternative  model specifications voting 

for presence of  clustered growth patterns in experiencing employment status over time .The 

typology describes three clusters of active, inactive and mediocre active participants in terms 

of moving between various stages of employment status for the age span of 18years to 35 years 

i.e., from adult to post adult prime working life years. 

Keywords: Hybrid Latent class growth model, growth mixtures, two level bivariate residuals, 

BLRT  

JEL Classification: c49, c50, c51, c52. 

 

 

 

 

 

Introduction 

When the aim is to explore trajectories of growth for heterogeneous sub-populations over the 

time or age and if the change is latent then we have three main stream approaches  for finding 
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developmental  trajectories over time. These techniques stem from parametric or semi 

parametric distribution or hybrid distributions. In all kinds of growth models, change, 

development or progress in variable of interest over a given time span is calculated. Here 

change implies being dynamic, therefore contrary to static cross-sectional framework, repeated 

measured data or longitudinal data is prerequisite to utilize such models. The change can  also 

be measured in continuous or discrete sense related to the theoretical query. The continuous 

change in such approaches  is measured in terms of mean and variance leading to quantitative 

difference measurement and discrete change is measured in terms of qualitative differences. 

For continuous case, change from any one status to another status requires information for at 

least two time points and can be simply   measured by score calculations.  In conventional 

growth models average change is considered as a sufficient representative for the whole sample 

under study.These Conventional growth models hypothesize a single population for all 

individuals and a single growth path for estimating the change in parameter of interest. 

However, many real-life issues theoretically validate the categorical responses of individuals 

leading to distinctive sub-populations (e.g., socioeconomic classes and employment status 

categories). Daniel S Nagin and Tremblay (2005) consider using a single growth curve for 

whole sample as an over-simplified attempt for the possible complex growth patterns among 

members of different groups.To find discussion on limitations of standard or average growth 

approach see in (Karen L Nylund et al., 2007). 

In mainstream alternative parametric random effects or  random coefficients approach , latent 

subgroups  are assumed to exist within the data(Vermunt, 2017); (D. Nagin, 2009).To address 

and measure the difference in subsets of population based on continuous data ,difference in 

means,variances and co-variance statistics are compared for the subgroups. Naturally this 

implies the usual imposition of normally distributed data from which the subgroups may 

emerge. Unfortunately, the assumption of normal distributed data is always challenging and 



 

3 

 

controversial to hold in case of real-life data sets since survey-based data sets mostly provide 

skewed responses. This limitation of parametric approach  leads to hybrid latent class  growth 

models (HLCM) proposed by (Vermunt, 2017).In HLCM approach, we may find class 

differences by including categorical latent variables along with continuous latent variable.This 

technique serves to find individual growth trajectories for each subclass with different means 

and slopes(Andruff et al., 2009).  

Another extension to average growth scheme is growth mixture model. This approach is more 

comprehensive then HLCM since it imposes no structure on distribution of different latent 

classes of the data. The distribution for each class can therefore by normal or any according to 

variables of data. This approach like HLCM is based on testing of “change over time does not 

changes everyone equally” and the error in measurement of change is   again measured through 

latent part with flexible distributions scope. The models  under this scheme do not rely on the 

assumption that all individuals under study are drawn from a single population, which is the 

main limitation of conventional  growth models. Compared to their cross-sectional counterpart 

‘latent class cluster model’ these models in longitudinal version explore the clusters for which 

the rate of change or effect sizes are different. In this specific format these models are extension 

of latent class regression models where the predictor is mainly time or age .Thus, we may test 

longitudinal heterogeneity through the identification of unobserved sub-populations in the 

sample.The population heterogeneity in these models is captured by the inclusion of a 

categorical latent variable that identifies subgroups of individuals, typically referred to as latent 

classes. The growth mixture models (GMM) introduced by Muthén and Muthén (2000) are 

advocated for their effectiveness in categorizing homogeneous subgroups inside the grander 

heterogeneous group for finding important classes with respect to growth patterns and in 

addition for accounting measurement error in survey data (MacCallum & Austin, 2000) (Karen 

L Nylund et al., 2007). D. Nagin (2009) proposed to impose homogeneous individual growth 
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trajectories within a class  for GMM. This restricted version is known as Latent class growth 

mixture .According to Reinecke and Seddig (2011) the  latent class Growth mixture is the most 

adjustable approach for incorporating inter individual differences in intra-individual change 

considering  unobserved heterogeneity within a larger population.  

Considering the variants of growth models briefly now we justify their significance to explore 

employment status. For any economy, following and understanding employment status of 

individuals over the time is important for observing the dynamics of labor market.  Since 

employment status choices over the age shape and effect individuals total. The average change 

in employment choices fails to depict the inside differences of individual experiences (Ishaque, 

2024).Moreover, we know that the employment status data is collected in periodical surveys in 

USA like many economies, therefore the recorded responses contain measurement error and 

remain imperfect measure of employment status. Further the employment status experienced 

at the time of data collection is not the perfect measure for deciding about the actual 

employment situation immediately before or after the surveys. Therefore, like any economic 

variable, the latent variable based growth framework becomes particularly useful for 

incorporating measurement error in recorded variables as well for observing experience of 

change in change of employment status over the time.  To our best knowledge, there is no 

empirical application utilizing growth approaches for exploring employment status in detail for 

any country, therefore the choice of empirical setup is novel from methodological and 

theoretical perspective. Reason for selection of USA was in continuation of employment   

analysis by (Ishaque, 2024) for adding more to  historical insights of US labor market. In this 

study change in employment patterns between various classes of employed, unemployed, and 

out of labor force are explored and clustered for prime working age years of (16 to 35) using 

NLS-79 cohort data. For many socio-economic variables this data source provides longitudinal 

details of those who were around 16 years of age in 1979, and were around 35 in 1998.The 
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research questions addressed in this study are: what kind of change exists between employment 

statuses across time?  Do the qualitatively distinct subgroups   within employment status data 

reveal any patterns in responses of employment choices over age?  

2. Methodology  

Absolute and relative fit statistics are utilized in growth models for finding the best model, for 

some background see into  (Collins, Fidler, Wugalter, & Long, 1993).  Longitudinal bivariate 

residuals  (LBVR) is the new measure to evaluate model performance of longitudinal data 

(Jeroen K Vermunt & Jay Magidson, 2013). For concepts of other model evaluation statistics 

see into onlince technical appendix 1.  

The data utilized in this study comes from NLS 1979 cohort beta version. This was the tested 

harmonized data for comparatives of two mainstream cohorts of NLS surveys. Some variables 

like age, employment status, education were compared for those who aged 14-16 years in 1979 

and 1997. To access the data, go to https://www.nlsinfo.org/investigator and select "NLS Cross 

Cohort Beta. 

In the following, we brief about growth modelling and its specific versions utilized in  analysis 

of employment status change and for differentials in growth trajectories of various classes. For 

sake of brevity the references for details are accompanied. 

Underlying simple growth structure is the notion that all persons are drawn from a single 

population with shared parameters. This assumption is relaxed under the growth mixture 

framework and for mixture components varied growth parameters are feasible to calculate. 

This task of un-mixing the population in terms of different growth parameters is accomplished 

using latent categorical variables. These categorical variables allow to find trajectories or paths 

of change for subgroups for different groups of individual growth trajectories to vary around 

different group averages. The distinct growth models for each subgroup/cluster sometimes 

https://nlsinfo.org/investigator


 

6 

 

provide quite unique estimates of covariate effect.Since Latent class growth analysis (LCGA) 

is a restricted version of growth mixtures, the underlying difference of this model is the pre 

imposed homogenous structure of growth within each subgroup. Henceforth variance and 

covariance estimate for the growth factors within each class are assumed to be fixed to zero. 

For broad discussion of  growth variants see into (D. S. Nagin & Land, 1993; Vermunt, 2017). 

The specifications of employed growth models for categorical variable employment status (ES) 

are given below: 

2.1.Parametric/Semi parametric latent class growth model 

A longitudinal model for categorical data that does model the individual differences is  known 

as a generalized linear mixed model (Skrondal & Rabe-Hesketh, 2004).The same model is 

called random-effects, random-coefficients, mixed, or parametric latent growth-curve 

model(Vermunt & Van Dijk, 2001). The model is expressed as having two levels. Level 1 

describes the unit change in latent responses at each time point, and at level 2 we describe the 

unit change over time. The Level 1 equations are: 

𝑟
ti
∗ = 𝛽0𝑖 + 𝛽1𝑖𝑎ti + 𝜀ti                                                                                                     (1) 

At Level 2, individual differences in the random coefficients from Level are represented by 

variability ( 𝑣0𝑖 , 𝑣1𝑖 ) around the mean intercept 𝛽00   and mean slope  𝛽01 .The individual 

differences are modeled as a function of an individual-level, time-invariant covariate,  𝑦𝑖 

(multiple covariates are possible) quantified by regression coefficients 𝛽01  and 𝛽01  for 

intercept and slope, respectively. The conditional joint distribution of the intercept and slope is 

assumed to be multivariate normal. In the following base equations are described.For technical 

differences and detailed elaboration of the given models see into (Feldman, Masyn, & Conger, 

2009).For semi parametric or hybrid  version of the same model see into (Vermunt, Tran, & 

Magidson, 2008).(Vermunt, 2017).  
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𝛾0𝑖 = 𝛽00 + 𝛽01𝑦𝑖 + 𝑣0𝑖

𝛾1𝑖 = 𝛽00 + 𝛽11𝑦𝑖 + 𝑣1𝑖
                                                                                                         (2) 

pr (𝑐𝑖 = 𝑘 ∣ 𝑦𝑖) =
exp[𝛿𝑘+𝜗𝑘𝑦𝑖]

∑  𝐾
ℎ=1

exp [𝛿
ℎ

+𝜗
ℎ

𝑦𝑖]
                                                                                                    (3) 

2.2.Latent Class Growth Mixtures 

From the standard growth model with the restriction of different growth curves of k subgroups 

or clusters we can add the subscript k in above sequence of equations  where each class has its 

own variance covariance structure. By further imposing homogeneity of parameters change 

within each class we can acquire probablity based growth paths (Jung & Wickrama, 2008). 

𝑟
kti
∗ = 𝛾𝑘0𝑖 + 𝛾𝑘1𝑖𝑎ti + 𝜀kti                                                                                                                  (4) 

 

𝛾𝑘0𝑖 = 𝛽𝑘00 + 𝛽𝑘01𝑦𝑖 + 𝑣𝑘0𝑖

𝛾𝑘1𝑖 = 𝛽𝑘10 + 𝛽𝑘11𝑦𝑖 + 𝑣𝑘1𝑖
                                                                                                               (5) 

 

pr (𝑐𝑖 = 𝑘 ∣ 𝑦𝑖) =
exp[𝛿𝑘+𝜗𝑘𝑦𝑖]

∑  𝐾
ℎ=1

exp [𝛿ℎ+𝜗ℎ𝑦𝑖]
                                                                                                       (6) 

2.3.Longitudinal Bivariate Residuals (LBVR) 

Bivariate residuals (BVR) measure associations at multiple levels of group and individuals. 

The lowest score of BVR indicates better fit in terms of co-dependency addressed.  Since the 

employment data had multilevel structure, where individuals were nested within time units 

over  16 years.So between-group differences and within-group similarities in responses to the 

change in employment status   are measured by measuring presence of longitudinal associations 

group wise and pair wise see details in f (Nagelkerke, Oberski, & Vermunt, 2017).BVR-group 

is equivalent to the BVR obtained by using the group id variable also as a nominal covariate 
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(with its effect set equal to 0). The BVR-pairs computes  categorical indicators by setting up 

the two-way cross-tabulation for the responses of pairs of observations within groups. The 

estimated frequencies 𝐸 (𝑛
𝑚,𝑚′)are obtained as follows: 

𝐸 (𝑛
𝑢,𝑢′) = ∑  

𝐽

𝑗=1

∑  

𝐼𝑗

𝑖=1

∑  

𝑖′<𝑖

𝑤𝑒𝑖𝑤𝑒
𝑖′ ∑  

𝑀𝑔

𝑙𝑔=1

𝑃̂(𝑦𝑗𝑖𝑡 = 𝑢 ∣ 𝑙𝑔)𝑃̂ (𝑦
𝑗𝑖′𝑡

= 𝑢′ ∣ 𝑙𝑔) 𝑃̂(𝑙𝑔 ∣ 𝐞𝑗 , 𝐲𝑗) 

BVR-pairs equals the resulting chi-squared value divided by M · (M − 1)/2 (the number of 

parameters of a symmetric association) and by the average group size see details in (Jeroen K 

Vermunt & Jay  Magidson, 2013). BVR-time is equivalent to the BVR obtained by using the 

time variable as a nominal covariate (possibly with its effects set equal to 0). The estimated 

frequencies 𝐸 (𝑛
𝑢,𝑢′)are obtained as follows: 

𝐸 (𝑛
𝑢,𝑢′) = ∑  

𝐼

𝑖=1

𝑤𝑒𝑖 ∑  

𝑇𝑖

𝑡=2

∑  

𝑀𝑑

𝑙
𝑡−1
𝑑 =1

∑  

𝑀𝑑

𝑙𝑡
𝑑=1

𝑃̂ (𝑦𝑖𝑡−1 = 𝑢 ∣ 𝑙
𝑡−1
𝑑 ) 𝑃̂ (𝑦

𝑖𝑡′ = 𝑢′ ∣ 𝑙𝑑) 𝑃̂ (𝑙
𝑡−1
𝑑 , 𝑙𝑡

𝑑 ∣ 𝐞𝑗) 

3.Results 

The models were not directly nested in this study since each growth model has different 

assumptions therefore between the nested cases the selection criteria opted was relative fit 

between nested/non nested, parsimony, interpret ability (theoretical validity), low classification 

errors, ease of convergence, high entropy R2, and lowest two-level bivariate residuals. Initial 

diagnostic suggested us to vote between 3 or 4 class models as the best fit in each case(see 

Table 1). After handling the class enumeration problem, the selected model was further tested 

by bootstrap likelihood ratio test (BLRT). (For technical details of BLRT see into online 

appendix 1 ). 
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Table 1 starts from standard homogeneous growth model and ends with the LCGM with 4 

classes. Starting from the basic linear growth model we can observe a size able decrease in log 

likelihood based absolute and relative model fit statistics.It is to be noted that imposed structure 

is different, so models are not nested generally.Second entry shows hybrid latent class growth 

model where only intercept differs across 2, 3 and 4 class specifications. So, we can pick one 

best performing for this case of nested models. In second specification we vary only slopes or 

effect sizes across age for different possible class solutions. In third case inspired from first 2 

specifications in favor of close options for 3 or 4 class as best fit we only tested for LCG 

variants for 3 and 4 classes. We can compare from the given summary table extent of bivariate 

residuals, entropy R2 and level of classification errors across models,and these are compared 

in detail from case to case in next pages. 

In this study, one best fit model was not the objective since each of the models address 

development(change)in employment status under different assumptions so from three set of 

underlying assumed structures one best fit from each set was selected and compared in terms 

of interpretation of change over time. Henceforth, after selecting best from first set i.e., 3 class 

model, next models was found for included random slope to incorporate the change in growth 

of various classes around the mean value of change. We tested for whether the unique slope 

parameter brought further insight in understanding differential effect of age on given classes. 

Going back to the summary table 1 presented if we had to make only one choice of the most 

suitable representative model of given data then LCGM version models having fixed variance 

covariance structure within same class were best fit in terms of lowest value for relative fit 

statistics for four cluster case followed by 3 cluster case. Since clustering remained main 

objective so we gave more weightage to low classification errors otherwise in growth literature 

it is very much recommended to choose model based on relative fit criteria(Nylund, 

Asparouhov, & Muthén, 2007).  
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Further to make selection  we applied bootstrapping to confirm final choice between LCGM 3 

and LCGM 4. Bootstrapping based statistics revealed adding one more class does not add to 

understanding data better since the p-value is insignificant. see Table 2. In the following we 

discuss the model parameters of change for each specification. 

3.1.  Hybrid latent class growth(HLCG) model 

Following basic structure of these models repeated measurements on individuals are expressed 

as a function of time.We have measured individual differences in employment status when 

time equals zero and change in the various categories (employed, unemployed, out of work 

force) over time was modelled by permitting the intercept and slope coefficients to vary across 

individuals. The intercept and slope(s) are, therefore, referred to as random coefficients, 

random effects, or (latent) growth factors.To avoid over extraction of trajectories we started 

with random sets for all models since this option reduces the chance of over extraction of 

trajectories which is  major issue encountered in growth mixtures(Vermunt, 2017). 

 Firstly, from table 1, for category-specific intercepts cases i.e., HLCG (2-4class), although 4 

class solution could be selected on the base of lowest information criteria, high entropy R2 and 

low classification errors, but class 3 solution emerged as more parsimonious with highest 

entropy R2 (91%) and lowest classification error amongst competing alternatives. From table 

3 we will see whether significance differential effects of age on shaping employment patterns 

of individuals do exist? This is located by finding mean change for various classes for various 

employment statuses. In case of perfect heterogeneity, development of various phases of 

employment overtime should be distinctive across subgroups of the selected individuals which 

is not the case here. Though the initial starting differences in employment status is seen by the 

different intercepts across classes. 
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Random intercepts are significantly different for each class implying initial position of 

employment status is different for each class. For issue of identifiability of parameters dummy 

codingis employed(Jeroen K Vermunt & Jay Magidson, 2013). First category labelled 

“employed” is taken as baseline from which the change in other categories is compared. Across 

the three classes we can see that over the given age duration of 16 years, class 1 individuals are 

most likely to be out of work force compared to baseline status of being employed, for this 

class mean change from employed to out of work force equals to 2.94. The change is also 

positive, big and significant for case of being unemployed compared to being employed. The 

chance of being unemployed after being employed is lowest for the class 3. In summary 

employment choices are picked differently across these three classes. The average effect of 

linear time/age is though significant to shape these trajectories but insignificant, therefore the 

extended cases of square or cubic trajectories are not calculated further. 

 

Bivariate residuals are extreme higher at second level of association, which imply the present 

level of autocorrelation are not well accounted by these models. 

For random slope version of HLCG, age lacks explanatory power for explaining class 

differences since the effect sizes of age are negligible. This implies the mean level of change 

is not much different across the three classes and random slopes is not suitable specification 

for this case. As far the conditional effects of time are concerned, we find some changed effect 

sizes naturally. For class 2 individuals we have highest likely change of being out of labor force 

over the time after being employed, this effect is large and significant for class 3 as well and 

lowest positive for class 2. Class 2 individuals are most unlike to be unemployed over the age 

and class 1 individuals have highest chance to be unemployed after being employed over the 

age , the effect size is around .5 and significant.  
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3.2. Latent class growth mixture results.  

 

 

In  table 6, we  see that the included continuous random effects for finding presence of 

heterogeneity within  classes are highly significant and with very low standard errors. 

Variances of intercept shown through an aggregative u0 are high in magnitude compared to the 

u1 which measures average change around mean values for each cluster. Covariance is highly 

significant though negligible in size.The breakdown of continuous latent term in last 

decomposed matrix form shows the effects of considering different means and variance and 

covariance structure for the data in hand is significantly applicable. After the continuous part 

of mixture framework, we come to discuss the usual class element by reading the effect of 

distinct slopes and distinct intercepts for each class. We observe each of the class had different 

position to take development from one state to another. This effect is read through the 

conditional effect of time for each category for each class, also the effect of the only considered 

age (random slope) is  negative and significant for each class though low in magnitude. This 

negative effect makes one thing clear that whatever the change faced for ES categories for the 

given three classes ,ultimately over time there were declines in affiliations to these patterns. 

The two level bivariate residuals value far below 2 indicates significant values of conditional 

independence at groups and individual level, this low reported value signals the model fit and 

suitability to study the measured change in structure (ES change). Since the higher values of 

these cross-dependence indicators implies model misfit in last versions. 

From comparing the results of above specification of latent class growth model to other 2 

specifications in terms of model performance we concluded the last one stands as the best 

approach to observe changes in employment status over time for the given data. 
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4.Typology of change in ES 

In this section, change in employment course over the age is discussed. The objective is to find 

and compare the patterns of change in above discussed modeling schemes and to infer whether 

the change in taking employment course over life depicts some pattern and that pattern is robust 

to modeling schemes or not?  From above section we concluded that LCGM outperformed 

competing models in terms of most of model performance and for contributing to understand 

effect and change sizes. Second competing case was of HLCG 3class random intercept in terms 

of significant changes over time therefore, longitudinal paths or typologies of employment 

status/ES are discussed and compared for both models in the following. 

In above profile table we have the advantage to compare the likely pattern of change in course 

of all 3 employment choices for each of three classes. Class 1 reveals the change (0.22 % to 

0.51 %) in having first status (employed) over the 16 years. (We are explaining in terms of first 

and last point’s change otherwise it is possible to read the change in each class for each 3 

categories of employment status for each year). For class 2 this change margin is initially quite 

higher (0.81 to 0.93) compared to class 3 which have individuals who likely had the probability 

to remain in this category like class 1 but with higher range of change in their status of being 

employed over time (0.28 to 0.71). Class 3 emerges as different for category 1 status change 

over the time since its individual rise gradually for likely to be employed over the time. 

Similarly other categories reveal major differences over the prime age life course for this class. 

For category of ‘out of work force’ we had class 1 reporting highest proportion of likely cases 

that is 68% followed by steady decline in this status up to 41 % in last reported years. In 

summary the response patterns for growth of various employment status categories suggests 

class 1 (24 % size) have more likely cases who had grown over the time for being employed, 

and more likely cases who initially and finally ended up with being out of labor force whereas 
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class 2 has individuals more likely to steadily remain employed around whole life span 

considered followed by class 3.  

 On the basis of distinctive patterns for three classes on the base of common response patterns 

as Mediocre active, Mostly Inactive, Active  

The posterior probability based suggests somehow similar likely previous discussed pattern of 

growth over time for various categories of Employment status. To summarize the likely cases 

of growth for ES category 1 for class 1, it is changing positively over time suggesting the rate 

of being employed is positive. For unemployed category there are more likely cases for whom 

growth in being unemployed is low. For ‘out of work force’ we observe somehow similar 

pattern whereas being inactive the reported rates  are low   at initial youth years to middle years 

and finally declined growth rate.This suggests overall more individuals of this class are 

economically active. For class 2, unemployed categories are steady over the time with low 

starts and ends whereas out of work force individuals remained part of this group for more than 

50 % more or likely all the time. 

Class 3 had opposite developmental course for individuals being fully employed compared to 

other two classes, it had highest reported likely cases of being active labor at youth years and 

had cases of such individuals from initial probability of 76 % with the positive change upto 

90% being employed over time. This naturally suggested decline in growth of other 2 

categories for this group. As we can see for category out of workforce there was persistent 

decline in terms of size of 15% to 1 % over age. We label the classes in row on the base of 

common response patterns as Mediocre active, Mostly Inactive, persistent Active. 

Conclusion and Policy Implications 

For any economy, following and understanding employment status of individuals over the time 

is important for observing the dynamics of labor market. We know that the employment status 

data is collected in periodical surveys in USA, therefore the recorded responses contain 
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measurement error being imperfect measure of employment status. Further the employment 

status experienced at the time of data collection is not the perfect measure for deciding about 

the actual employment situation immediately before or after the surveys. Therefore, like any 

economic variable, the latent variable based growth framework becomes particularly useful for 

incorporating measurement error in recorded variables as well for observing experience of 

change in change of employment status over the time. By employing longitudinal data over the 

prime working age of American labour class we attempted to explore growth differences in 

observed employment course. To serve the objective and for testing the hypothesis of 

heterogeneous subpopulation within the larger population we employed methods which could 

measure inter individual differences in intra individual change over time. Three mainstream 

modelling variants of growth modelling were tested and elaborated in terms of model 

performance. Lastly status typology was built based on the consensus of model variants. 

Though class sizes appeared different under above discussed growth variants but typically three 

patterns of change were observed under each specification.  The highest proportion had those 

likely cases that remained and grow to be employed and least likely cases of being inactive or 

unemployed over age. That cluster was called persistent active. The relative smaller cluster 

had initially lower reported cases of being employed which persistently growing in likely to be 

employed and highest cases of individual to be unemployed following remarkable slows in 

such status over age and distinctive highest and consistent cases of being out of labour force 

over the age. On part of such contributors, the second cluster was labelled as mostly inactive. 

Third segment had lowest number of likely cases with different response patterns of giving 

lowest employment starters cases rising over age to be employed but low in proportion to other 

clusters so this cluster was named as mediocre active. 

The growth modeling utilized in this study sets an exemplary case study ,a non-conventional 

and rather more theoretically sound approach for looking into subject of employment status 
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statistics by policy makers of any economy. Since latent growth approach can split 

measurement error from recorded survey items, plus it is unique statistically endorse the 

presence or absence of sub classes within total employment status and respective changes in 

employment statuses over time. The three clusters found in this study though had no stark 

differences but they led us to think about the possibilities of various employment status patterns 

leading to demand subjective policy measures accordingly. 
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Table 1. Growth Models Specifications 

 

 

Table 2. Final selected model by BLRT 
3-Class Model      

     

Number of cases 8114    

Number of 

replication 

111542    

Number of parameter 17    

     

 LL BIC(LL) AIC(LL) AIC3(LL) Np df 
Class

.Err. 

Ent. 

R² 

1c linear 

avg. growth  
-87628.5 175293 175265 175269 4 8110 0 1 

2cintercept 

specific 

HLCG 

-75134.3 150340.6 150284.6 150292.6 8 8106 0.02 0.89 

3cintercept 

specific 

HLCG 

-69989.7 140087.4 140003.3 140015.3 12 8102 0.02 0.91 

4c 

intercept  

specific 

HLCG 

-68413.6 136971.3 136859.3 136875.3 16 8098 0.07 0.82 

2c random 

slope HLCG 
-74708.9 149498.9 149435.8 149444.8 9 8105 0.02 0.90 

3crandom 

slope HLCG 
-69434.4 138994.9 138896.8 138910.8 14 8100 0.02 0.91 

4crandom 

slope 

HLCG 

-67777.4 135725.9 135592.8 135611.8 19 8095 0.07 0.82 

3 class 

LCGM 
-63543.1 127239.3 127120.3 127137.3 17 8097 0.23 0.47 

4 class 

LCGM 
-63435.6 127069.2 126915.2 126937.2 22 8092 0.33 0.37 
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Chi-squared Stats   Bootstrap stats 

Degrees of freedom  8097 p-value pvalue s.er. 

L-squared (L²) 65885.79 2.0e-8866 0.216 0.0184 

 

 

Table 3. Regression Scores for 3c intercept HLCG 

 

 

Table 4. LBVR for 3 class HLCG 

 

Dependent es 

es . 

Independent es 

age 0.0000 

Twolevel es 

Case 1.5175 

Pairs 333.1598 

classes coefficent s.e. z-value 

Class(1)    0 . . . 

Class(2)    1.0394 0.029 35.8499 
1.80E-

281 

Class(3)    -1.4881 0.055 -27.0619 
2.80E-

161 

        

es(employed)  / Class(1) 0 . . . 

es( unemployed)  / Class(1) 0.3749 0.0482 7.7792 7.30E-15 

es(out of work 

force) 
 / Class(1) 2.9428 0.0556 52.9708 7.7e-612 

es(employed)  / Class(2) 0 . . . 

es( unemployed)  / Class(2) -1.2573 0.0418 -30.0471 
2.40E-

198 

es (out of work 

force) 
 / Class(2) -0.1128 0.0519 -2.1714 0.03 

es (employed)  / Class(3) 0 . . . 

es ( unemployed)  / Class(3) -0.5831 0.0813 -7.1761 7.20E-13 

es (out of work 

force) 
 / Class(3) 0.2402 0.0832 2.886 0.0039 

es age   -0.0226 0.0005 -47.478 5.5e-492 
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Table 5. Regression Scores for 3c random HLCG 

 

classes coefficent s.e. z-value p-value 

Class(1) 1   0.00 . . . 

Class(2) 1   1.58 0.06 26.2464 7.9e-152 

Class(3) 1   2.59 0.05 45.4167 2.2e-450 

        

es(employed) 1 | Class(1) 0.00 . . . 

es(unemployed) 1 | Class(1) 0.65 0.13 4.92 8.5e-7 

es(out of work 

force) 
1 | Class(1) 1.88 0.15 11.86 1.8e-32 

es(employed) 1 | Class(2) 0.00 . . . 

es(unemployed) 1 | Class(2) -1.47 0.07 -20.81 3.4e-96 

es(out of work 

force) 
1 | Class(2) 0.48 0.08 5.46 4.7e-8 

es((employed) 1 | Class(3) 0.00 . . . 

es( unemployed) 1 | Class(3) 0.13 0.07 1.81 0.070 

es(out of work 

force) 
1 | Class(3) 1.69 0.09 18.43 6.5e-76 

es age | Class(1) -0.03 0.00 -28.04 4.9e-173 

es age | Class(2) -0.00 0.00 -0.42 0.67 

es age | Class(3) -0.04 0.00 -43.19 1.2e-407 

 

Table 6. Regression Score for 3class LCGM 

term    coeff se z-value p-value 

Class(1)    0 . . . 

Class(2)    1.596 0.072 22.1508 4.10E-6 

Class(3)    2.0199 0.062

6 

32.2845 6.10E-6 

        

es(employed)  | Class(1) 0 . . . 

es(unemployed)  | Class(1) 6.0362 0.353

4 

17.0807 2.10E-65 

es(out of work 

force) 

 | Class(1) 8.7094 0.468

3 

18.5993 3.30E-77 

es(employed)  | Class(2) 0 . . . 

es(unemployed)  | Class(2) 2.2309 0.221

4 

10.0758 7.10E-24 

es(out of work 

force) 

 | Class(2) 3.1981 0.280

8 

11.3895 4.70E-30 
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es(employed)  | Class(3) 0 . . . 

es(unemployed)  | Class(3) -

0.4708 

0.138

2 

-3.4067 0.00066 

es(out of work 

force) 

 | Class(3) 2.2526 0.169

7 

13.2745 3.30E-40 

es age | Class(1) -

0.1051 

0.003

9 

-

26.7122 

5.20E-65 

es age | Class(2) -

0.0672 

0.003 -

22.4052 

3.10E-23 

es age | Class(3) -

0.0374 

0.001

8 

-

20.3032 

1.20E-91 

        

Variances        

term    coef s.e. z-value p-value 

u0    1.8349 0.029

8 

61.5691 9.1e-826 

u1    0.0217 0.000

3 

71.7924 6.9e-1122 

        

Covariances / 

Associations 

       

term    coef s.e. z-value p-value 

u0 u1 

(chol

) 

  -

0.0757 

0.001

2 

-

62.7738 

2.7e-858 

        

Variances / Covariances 

continuous latent 

      

term    coef s.e. z-value p-value 

u0    3.3668 0.109

4 

30.7845 2.10E-65 

u0 u1   -0.139 0.004

4 

-

31.6245 

3.10E-35 

u1    0.0062 0.000

2 

33.163 1.10E-38 

 

Table 7. LBVR Score for LCGM 

Dependent es 

es . 

Independent es 

age 0 

gender 19.3333 

Two level es 

Case 0.1827 

Pairs 0.0883 

Table 8. Longitudinal profile   of employment status for HLCG  
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status Time 1 2 3 

Emp. 

status 

 

employed 1 0.2248 0.8189 0.2824 

 2 0.2412 0.8314 0.3102 

 3 0.2584 0.8432 0.3392 

 4 0.2762 0.8542 0.3693 

 5 0.2948 0.8646 0.4003 

 6 0.314 0.8743 0.4319 

 7 0.3336 0.8833 0.4636 

 8 0.3534 0.8916 0.4948 

 9 0.3737 0.8994 0.526 

 10 0.3943 0.9066 0.5568 

 11 0.4175 0.914 0.5899 

 12 0.4432 0.9214 0.6251 

 13 0.4705 0.9285 0.6602 

 14 0.4883 0.9329 0.6825 

 15 0.5051 0.9368 0.7026 

 16 0.5153 0.9391 0.7144 

unemployed 1 0.0834 0.0595 0.0402 

 2 0.0834 0.0563 0.0411 

 3 0.0832 0.0532 0.0419 

 4 0.0829 0.0503 0.0425 

 5 0.0825 0.0474 0.0429 

 6 0.0819 0.0447 0.0432 

 7 0.0812 0.0422 0.0433 

 8 0.0804 0.0398 0.0432 

 9 0.0794 0.0375 0.0429 

 10 0.0783 0.0353 0.0424 

 11 0.077 0.033 0.0417 

 12 0.0753 0.0307 0.0408 

 13 0.0734 0.0284 0.0395 

 14 0.0721 0.027 0.0387 

 15 0.0708 0.0257 0.0378 

 16 0.07 0.0249 0.0372 

out of 

work force 

1 0.6897 0.1185 0.0581 
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 2 0.6735 0.1096 0.058 

 3 0.6566 0.1012 0.0577 

 4 0.6392 0.0934 0.0572 

 5 0.6212 0.0861 0.0565 

 6 0.6026 0.0793 0.0555 

 7 0.5838 0.0731 0.0544 

 8 0.565 0.0674 0.053 

 9 0.5458 0.0621 0.0515 

 10 0.5263 0.0572 0.0498 

 11 0.5046 0.0522 0.0478 

 12 0.4806 0.0472 0.0454 

 13 0.4553 0.0425 0.0428 

 14 0.4388 0.0396 0.0411 

 15 0.4234 0.037 0.0395 

 16 0.414 0.0355 0.0385 

 Table 9. Longitudinal profile of employment status for LCGM 

 

   

  Class   

 Time 1 2 3 

Employment 

status 

    

employed 1 0.2134 0.6958 0.592 

 2 0.2611 0.7323 0.616 

 3 0.3192 0.7646 0.6386 

 4 0.3855 0.7919 0.6588 

 5 0.4541 0.8138 0.6761 

 6 0.5189 0.8307 0.6901 

 7 0.5787 0.8432 0.7008 

 8 0.6304 0.8522 0.7088 

 9 0.6734 0.8585 0.7145 

 10 0.7084 0.8628 0.7184 

 11 0.7393 0.8656 0.7212 

 12 0.7665 0.8671 0.7228 

 13 0.7893 0.8675 0.7232 

 14 
0.8024 0.8674 0.7232 

 15 0.8125 0.867 0.7229 

 16 0.8177 0.8667 0.7226 
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unemployed 1 0.0419 0.1459 0.0374 

 2 0.0462 0.1328 0.0364 

 3 0.0494 0.1199 0.0352 

 4 0.051 0.108 0.0338 

 5 0.0504 0.0977 0.0323 

 6 0.0486 0.0891 0.0309 

 7 0.0457 0.0822 0.0295 

 8 0.042 0.0767 0.0282 

 9 0.0381 0.0724 0.027 

 10 0.0344 0.069 0.0259 

 11 0.0307 0.066 0.0249 

 12 0.0272 0.0634 0.0238 

 13 0.024 0.0613 0.0228 

 14 0.0219 0.06 0.0222 

 15 0.0202 0.0589 0.0217 

 16 0.0192 0.0584 0.0214 

out of work 

force 

1 
0.061 0.1549 0.3706 

 2 0.064 0.1324 0.3475 

 3 0.0652 0.1136 0.3262 

 4 0.064 0.0986 0.3074 

 5 0.0606 0.0872 0.2915 

 6 0.0562 0.079 0.279 

 7 0.0511 0.0734 0.2697 

 8 0.0456 0.0698 0.263 

 9 0.0405 0.0677 0.2584 

 10 0.036 0.0667 0.2556 

 11 0.0318 0.0666 0.2538 

 12 0.0279 0.0672 0.2533 

 13 0.0244 0.0685 0.2538 

 14 
0.0223 0.0694 0.2544 

 15 0.0205 0.0704 0.2552 

 16 0.0195 0.071 0.2558 

 

 

 

 

 


