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 This study examines job transition patterns among 868 tourism workers in 
Malang, Indonesia, a key tourism hub, using 2023 Fieldwork Training data from 
Politeknik Statistika STIS. It aims to model transitions while addressing the high 
number of workers with no job changes using a Zero-Inflated Poisson (ZIP) 
model, which better captures these patterns than standard models. The ZIP 
model, including sex, age, relationship to the head of household, education, and 
foreign language proficiency, shows that proficient workers are more likely to 
remain in stable roles, while men and younger workers exhibit greater mobility, 
particularly when leveraging language skills. These findings support Indonesia’s 
Sertifikasi Kompetensi SDM Pariwisata program by justifying targeted 
interventions: language training to enhance mobility for non-proficient workers, 
mentorship for female tour guides to address gender disparities, and digital skills 
programs for older workers to boost employability. These strategies align with 
government efforts to strengthen Malang’s tourism workforce resilience. 
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1. INTRODUCTION 

The tourism industry is a major driver of economic growth in many countries worldwide [1], including 
Indonesia. Malang Regency, characterized by its abundant natural landscapes and varied attractions such as Coban 
Rondo, Mount Bromo, and Flora Wisata, is a popular tourist destination that attracts both local and international 
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visitors [2]. As a labor-intensive sector, tourism requires workers with diverse skills to support services like 
accommodation, transportation, food and beverage, tour guiding, and recreation [3]. The high tourist influx in 
Malang Regency underscores the need for a substantial workforce, positioning the tourism industry as a vital 
contributor to job creation and economic development [2]. 

Given the sector’s labor demands, analyzing labor dynamics, particularly job transitions, is crucial for 
understanding workforce mobility and its socioeconomic impacts. Labor market theory suggests that worker-firm 
interactions drive job transitions, with mobility reflecting economic opportunities or constraints [4]. In tourism, 
transitions redistribute skills (e.g., hotels hiring experienced guides), boosting local economies, but may disrupt 
worker stability, affecting earnings [5]. Factors like education, training, and socioeconomic conditions—such as age, 
gender, skills, and urban/rural residence—shape these transitions, influencing job quality and career paths [6, 7, 8, 
9, 10, 11, 12]. Younger workers often transition to gain skills, while women face barriers to high-level roles, 
increasing mobility [6, 7, 8, 9]. Industry-specific skills enhance employability, and urban workers access more 
opportunities than rural ones [10, 11, 12]. By modeling these dynamics, stakeholders can design interventions, like 
skill development programs, to enhance workforce resilience and support sustainable tourism growth in Malang. 

Job transitions are typically measured as count data, representing the number of job changes over a period. 
Such data often exhibit excess zeros, where many individuals report no transitions due to structural factors like job 
satisfaction, skill constraints, or market conditions [13]. Standard Poisson regression, which assumes equidispersion 
(mean equals variance), is often inadequate for such data, as excess zeros lead to overdispersion and biased 
estimates [14]. The Zero-Inflated Poisson (ZIP) model addresses this challenge by modeling two processes: a 
logistic component for structural zeros (e.g., workers who never transition due to specific characteristics) and a 
Poisson component for counts, including random zeros [15]. This dual-process approach makes the ZIP model 
well-suited for analyzing job transitions in Malang’s tourism sector, where socioeconomic factors may create distinct 
patterns of labor mobility. 

The ZIP model’s applicability to count data with excess zeros is well-documented across various disciplines, 
highlighting its relevance for studying labor dynamics in tourism. For instance, in health economics, ZIP models 
have analyzed healthcare utilization, such as outpatient or doctor visits, where zeros reflect barriers like good health 
or lack of access [16, 17]. In health behavior research, ZIP has modeled counts of high-risk activities, with zeros 
indicating abstention [18], while in developmental studies, it has captured fine motor development counts, with 
zeros reflecting delays [19]. In economics, ZIP has been used to study consumer purchase frequencies, where zeros 
denote non-participation [20]. Within labor economics, ZIP has proven particularly valuable for modeling job 
mobility. Heitmüller [21] applied ZIP to examine job changes in the UK labor market, where excess zeros indicated 
stable employment due to regional or socioeconomic factors. Similarly, List [22] used ZIP to analyze academic job 
interviews for non-tenured economists in the U.S., with zeros linked to candidate characteristics like age or gender. 
Recent studies, such as Motalebi et al. [23], used ZIP to monitor social network interactions, while Truong et al. 
[24] applied it to social science data, and Argawu & Mekebo [25] analyzed under-five mortality in Ethiopia. These 
diverse applications underscore the ZIP model’s ability to separate structural and random zeros, offering a robust 
framework for analyzing job transitions in Malang’s tourism industry, where similar socioeconomic influences 
shape labor dynamics [26]. By integrating these insights, the ZIP model emerges as a powerful tool for capturing 
the complex interplay of factors driving workforce mobility in this context. 

This study aims to investigate the influence of socioeconomic factors on job transitions within Malang 
Regency’s tourism sector using the ZIP model, hypothesizing that explanatory variables, including foreign language 
proficiency, sex, age, education, and relationship to the head of household, significantly influence job transitions. 
By analyzing these transitions, the research seeks to deepen the understanding of labor dynamics and provide 
actionable insights for policymakers and industry stakeholders. The expected findings can integrate with tourism 
workforce planning systems, such as Indonesia’s Sertifikasi Kompetensi SDM Pariwisata program, and digital 
dashboards, enabling data-driven strategies for skill development and workforce allocation to enhance job quality 
and promote sustainable growth in Malang’s tourism industry. 

The remainder of this paper is organized as follows: Section 2 outlines the research method, covering topics 
such as the distribution of count data, Poisson regression, and the Zero-Inflated Poisson (ZIP) regression model, 
including its parameter estimation and hypothesis testing, as well as overdispersion testing, model evaluation, and 
data description. Section 3 presents the results and analysis, exploring preliminary findings on job transition data, 
factors influencing job transitions among tourism workers in Malang Regency, and an evaluation of model 
performance. Section 4 concludes with policy recommendations and suggestions for future research. 
 
2. RESEARCH METHOD 
2.1    Distribution for Count Data 

Count data, such as the number of job transitions over a fixed period, are characterized by non-negative 
integers (0, 1, 2, ...). The Poisson distribution is commonly used to model count data due to its simplicity and 
suitability for events occurring independently at a constant average rate. For a random variable Y! representing the 
count of job transitions for individual i, the Poisson probability mass function is: 
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 P(Y! = y!) =
e"#!λ!

$!

y!!
, y! = 0,1,2, …, (1) 

where λ! > 0  is the expected count (mean and variance) for individual i and y!!  is the factorial of y! [13]. The 
Poisson distribution assumes equidispersion, where the mean equals the variance (E(Y!) = Var(Y!) = λ!). 
However, real-world count data, such as job transitions, often exhibit overdispersion (variance exceeds mean) or 
excess zeros, where the proportion of zero counts is higher than expected under a Poisson model [14]. 
2.2   Poisson Regression Model 

To model the relationship between the expected count λ! and explanatory variables (e.g., age, education), 
Poisson regression is employed. The model assumes a log-linear relationship: 

  log(λ!) = β% + β&x!& + β'x!' +⋯+ β(x!(, (2) 
where x!&, x!', … , x!( are explanatory variables for individual i and  β%, β&, … , β( are regression coefficients [13]. 
The expected count is: 

 
  λ! = exp;β% + β&x!& + β'x!' +⋯+ β(x!(<. (3) 

However, when data exhibit excess zeros, as observed in job transition data where many workers do not change 
jobs, the Poisson model may produce biased estimates due to its inability to account for the excess zero counts 
[14]. 
2.3   Zero-Inflated Poisson (ZIP) Regression Model 

The Zero-Inflated Poisson (ZIP) model addresses excess zeros by combining two processes: a Poisson count 
process and a zero-inflation process [13]. This model combines a Poisson count process, which models the 
frequency of events for individuals with potential to experience the event, with a zero-inflation process that accounts 
for individuals who never experience the event due to specific characteristics [15]. Excess zeros arise from two 
sources: (1) structural zeros, where individuals are inherently unable to experience the event due to underlying 
factors, and (2) sampling zeros, where individuals could experience the event but record zero occurrences by 
chance, as predicted by the Poisson distribution [14]. For example, in a study of job transitions among tourism 
workers in Malang Regency (2020–2023), structural zeros may include workers proficient in a foreign language, 
such as English, who remain in stable, high-demand roles like international tour guides, reducing their likelihood 
of job changes. Sampling zeros may occur among younger workers who have the potential to switch jobs due to 
their age but do not transition during the observation period, possibly due to temporary market constraints post-
COVID-19. 

The ZIP model assumes that the observed count Y! is generated by a mixture of a logistic process (for 
structural zeros) and a Poisson process (for counts, including random zeros). The probability mass function is  

  P(Y! = 0) = π! + (1 − π!)e"#! , (4) 
 

 P(Y! = y!) = (1 − π!)
e"#!λ!

$!

y!!
,    y! = 1,2,…, (5) 

 
where π! is the probability of a structural zero for individual i and λ! is the expected count from the Poisson 
component [15]. The zero-inflation component models π! using a logistic regression 

 
  

logit(π!) = log ?
π!

1 − π!
@ = γ% + γ&z!& + γ'z!' +⋯+ γ)z!), (6) 

where z!&, z!', … , z!) are explanatory variables (which may overlap with those in the count model), and 
γ%, γ&, … , γ) are coefficients. The count component follows the Poisson regression form 

  log(λ!) = β% + β&x!& + β'x!' +⋯+ β(x!(. (7) 

The expected value of Y! in the ZIP model is 
  E(Y!) = (1 − π!)λ!, (8) 

reflecting that only the non-structural zero group contributes to the expected count [15]. 
The explanatory variables for the zero-inflation and count components of the ZIP model need not be 

identical, as each component models distinct processes [15, 27]. The logistic component requires explanatory 
variables strongly associated with structural zeros, such as foreign language proficiency for stable tourism roles, 
while the Poisson component includes variables influencing event frequency, such as education and training. This 
flexibility enhances model efficiency by reducing overfitting and is particularly advantageous in moderate sample 
sizes, where parsimonious models improve estimation stability [27]. In this study, foreign language proficiency is 
included in both components, with additional socioeconomic variables (e.g., education, training) in the count 
component. Deepa et al. (2025) found a strong correlation between English language proficiency and career 
advancement in sectors where English is the primary communication medium, such as tourism, with proficient 
workers often securing stable, high-demand positions like international tour guides [28]. This makes foreign 
language proficiency a theoretically relevant variable for the zero-inflation component, which models structural 
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zeros (workers unlikely to transition). This choice was validated using the Akaike Information Criterion (AIC), 
confirming improved model fit. 
 
 
 

 
 
 
 
 
 
 
 
 
 
 

 
Figure 1. ZIP Model Structure with Explanatory Variables for Job Transitions 

 
To illustrate the structure of the ZIP model and complement the selection of explanatory variables, Figure 1 

presents a diagram detailing the zero-inflation and count components, including their respective dependent and 
explanatory variables, which combine to produce the observed job transition counts. The explanatory variables for 
the zero-inflation component, denoted as 𝑍*&, 𝑍*', … , 𝑍*+, range from 1 to 𝑚 while those for the Poisson 
component, denoted as 𝑋*&, 𝑋*', … , 𝑋*,, range from 1 to 𝑝 where 𝑚 need not equal 𝑝, reflecting the model’s 
flexibility in accommodating distinct explanatory variables for each component. 
 
2.3.1 Parameter Estimation 

Parameters in the ZIP model, 𝛽 for the count component and 𝛾 for the zero-inflation component, are 
estimated using maximum likelihood estimation (MLE). The log-likelihood function is maximized to obtain 
estimates of 𝛽%, 𝛽&, … , 𝛽, and 𝛾%, 𝛾&, … , 𝛾+. The likelihood contribution for individual 𝑖 is 

  𝐿*(𝛽, 𝛾) = K
𝜋* + (1 − 𝜋*)𝑒"-" , if 𝑦* = 0,

(1 − 𝜋*)
𝑒"-"𝜆*

."

𝑦*!
, if 𝑦* ≥ 1.

 (9) 

To simplify, define the indicator 𝐼(𝑦* = 0) which equals 1 if 𝑦* = 0 and 0 otherwise. The likelihood can be written 
compactly as 

 
  𝐿*(𝛽, 𝛾) = ;𝜋* + (1 − 𝜋*)𝑒"-"<

/(."1%)) R(1 − 𝜋*)
𝑒"-"𝜆*

."

𝑦*!
S
&"/(."1%)

. (10) 

The log-likelihood for a sample of 𝑛 independent observations is 

 
  ℓ(𝛽, 𝛾) =V𝑙𝑛

3

*1&

;𝐿*(𝛽, 𝛾)<. (11) 

Substituting 𝐿*, the log-likelihood is 

 
  

ℓ(𝛽, 𝛾) =VX𝐼(𝑦* = 0)𝑙𝑛;𝜋* + (1 − 𝜋*)𝑒"-"<
3

*1&

+;1 − 𝐼(𝑦* = 0)<;𝑙𝑛(1 − 𝜋*) − 𝜆* + 𝑦*𝑙𝑛(𝜆*) − 𝑙𝑛(𝑦*!)<Y,

 (12) 

 

where 𝜋* = 𝑒𝑥𝑝(𝛾% +∑ 𝛾4+
41& 𝑧*4);1 + 𝑒𝑥𝑝(𝛾% +∑ 𝛾4+

41& 𝑧*4)<
"&

 and 𝜆* = 𝑒𝑥𝑝 ]𝛽% +^ 𝛽5
,
51& 𝑥*5_. The 

parameters 𝛽 and 𝛾 are estimated by maximizing ℓ(𝛽, 𝛾) in (12), typically using numerical optimization methods 
(e.g., Newton-Raphson) due to the non-linear nature of the function [14].  

In the Poisson component, the exponentiated coefficient 𝑒6# is the incidence rate ratio (IRR), representing 
the multiplicative effect on the expected count for a unit increase in 𝑋5 . In the zero-inflation component, 𝑒7$ is the 
odds ratio (OR), indicating the change in odds of a structural zero for a unit increase in 𝑍4 [27]. 
2.3.2 Hypothesis Testing 

Two hypothesis tests are employed to assess the significance of model parameters: a simultaneous test for all 
parameters and a partial test for individual parameters. 

ZIP Model 

(Yi = Number of job transitions) 

Zero-Inflation Component Count Component 

Logistic Regression Poisson Regression 

Explanatory Variable(s): 
Zi1, Zi2, … , Zim 

Explanatory Variable(s): 
Xi1, Xi2, … , Xim 
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Simultaneous Parameter Testing 
The likelihood ratio test (LRT) is used to evaluate whether all regression coefficients (excluding intercepts) 

in the count and zero-inflation components are zero, testing the overall model fit [13]. The  hypothesis is 

 
  

𝐻%: 𝛽& = ⋯ = 𝛽, = 𝛾& = ⋯ = 𝛾+ = 0,
𝐻&:At least one 𝛽5 or 𝛾4 ≠ 0,    𝑗 = 1,… , 𝑝,    𝑘 = 1,… ,𝑚. (13) 

The LRT statistic is 
 
  LRT = −2[ℓ% − ℓ&], (14) 

where ℓ% is the log-likelihood of the null model (intercepts only), and ℓ& is the log-likelihood of the full ZIP model. 
The LRT statistic approximately follows a chi-square distribution with degrees of freedom (df) equal to the number 
of tested parameters (df = 𝑝 +𝑚). Reject 𝐻% if LRT > 𝜒&"8,,:+' . Rejection of 𝐻% indicates that at least one 
explanatory variable significantly affects the count or zero-inflation process; otherwise, there is insufficient evidence 
to reject 𝐻% [13]. 
Partial Parameter Testing 

To test the significance of individual parameters (e.g., 𝛽5 or 𝛾4, a Wald test is applied. The hypothesis  (e.g., 
for 𝛽5 is  

 
  

𝐻%: 𝛽5 = 0,    
𝐻&: 𝛽5 ≠ 0,    𝑗 = 1,… , 𝑝, (15) 

and similarly for 𝛾4 , 𝑘 = 1,… ,𝑚. The test statistic for hypothesis testing in (15) is 

 
  Z =

βi;
SE(βi ;)

, (16) 

where βi ; is the estimated coefficient, and SE(βi;) is its standard error [29]. The same applies for γj<. The test statistic 
Z follows a standard normal distribution N(0,1)  under H%. Reject H% if |Z| > z= '⁄ . Rejection of H% indicates that 
the explanatory variable significantly affects the count or zero-inflation component; otherwise, there is insufficient 
evidence to reject H%. 
2.3   Overdispersion Test 

Overdispersion occurs in count data when the variance exceeds the mean, violating the equidispersion 
assumption of the standard Poisson model, where E(Y!) = Var(Y!) = λ! for the count variable Y! and expected 
count λ! [13]. This phenomenon, common in datasets with excess zeros, can lead to biased estimates and 
underestimated standard errors in Poisson regression [14]. To detect overdispersion in count data, a statistical test 
evaluates the dispersion parameter, denoted ϕ, which quantifies excess variability. The hypotheses are H%: ϕ = 0, 
indicating equidispersion (Var(Y) = λ), consistent with a Poisson model and the alternative hypothesis H&: ϕ > 0, 
indicating overdispersion (Var(Y) = λ + ϕλ'), suggesting a Negative Binomial-like variance structure [30]. The 
test statistic is then computed as 

 
  Z& =

ϕo

SE;ϕo<
, (17) 

 
where SE;ϕo< is the standard error of ϕo, derived from the variance-covariance matrix of the estimator. This 
approach assumes a variance structure of Var(Y) = λ + ϕλ', often with a transformation to align with the Negative 
Binomial model [26]. Under the null hypothesis (ϕ = 0), the test statistic Z& approximately follows a standard 
normal distribution for large sample sizes, due to the asymptotic properties of the maximum likelihood estimator 
of ϕ. This enables the computation of a p-value to assess overdispersion. The null hypothesis is rejected if the p-
value is less than the chosen significance level. A significant p-value indicates overdispersion, suggesting that the 
Poisson model is inadequate for the data [30]. 
2.4   Model Evaluation 

To evaluate the goodness-of-fit and compare the ZIP model with alternative models (e.g., standard Poisson), 
the Akaike Information Criterion (AIC) and Bayesian Information Criterion (BIC) are used. These criteria balance 
model fit and complexity 

  AIC = −2ℓ + 2p∗, (18) 
 BIC = −2ℓ + p∗log(n), (19) 

where ℓ is the log-likelihood of the fitted model, p∗ is the total number of parameters, and n is the sample size [31, 
32]. Lower AIC or BIC values indicate a better trade-off between model fit and parsimony. AIC penalizes model 
complexity with a fixed term 2p∗, while BIC imposes a stronger penalty proportional to the sample size p∗log(n). 
Thus, BIC tends to favor simpler models, especially for larger datasets [30, 33]. In this study, both AIC and BIC 
are used to compare the ZIP model with the Poisson model to ensure robustness in model selection. 
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2.5   Data 
This study utilizes data collected through a survey conducted by diploma four students of Politeknik Statistika 

STIS from January 23 to February 3, 2023, in Malang Regency, East Java, Indonesia. The survey targeted 868 
tourism workers across three districts as shown in Figure 2—Bantur, Pujon, and Poncokusumo—using direct 
interviews and questionnaires to gather socio-demographic and economic data, including gender, age, education, 
household status, region of residence, and foreign language proficiency. Malang Regency was selected due to its 
significant tourism sector, which supports substantial workforce mobility. In 2021, Malang ranked among the top 
destinations for domestic tourist visits in East Java, alongside Surabaya and Banyuwangi, driven by diverse 
attractions such as natural sites, heritage destinations, and tourist villages [2]. The gradual recovery of the tourism 
sector post-COVID-19 has further amplified job mobility, making Malang an ideal setting to study job transition 
dynamics. 

 

 
 

Figure 2. Selected Research Areas: Bantur, Pujon, and Poncokusumo 
 
This study focuses on tourism workers aged 10 years or older in Malang Regency, East Java, Indonesia, 

sampled using a three-stage cluster sampling design. In the first stage, districts (Bantur, Pujon, and Poncokusumo) 
were selected from Malang Regency’s district sampling frame using probability proportional to size (PPS) based on 
the number of tourist attractions and accommodations, sourced from BPS-Statistics of Malang Regency. In the 
second stage, census blocks within selected districts were sampled using PPS based on the number of tourism-
related businesses. In the third stage, households were randomly selected within each census block, yielding 868 
individuals employed in the tourism sector for the three years prior to 2023.  

The dependent variable, number of job transitions, is defined as the count of job changes within this period 
(e.g., a worker moving from taxi driver to tour guide, then to hotel employee, has two transitions). Independent 
variables include gender, age, household status, educational level, and foreign language proficiency, with the latter 
included in both the count and zero-inflated components of the Zero-Inflated Poisson model. Operational 
definitions and measurement scales are presented in Table 1. 

 
Table 1. Operational Definition of Research Variables 

Variable Operational Definition Scale Description 
Number of job transitions Count of job changes within or across 

organizations in the tourism sector 
(2020–2023). 

Numerical Count (0, 1, 2, ...) 

Gender Self-reported gender of the 
individual. 

Categorical 1 =  Male 
2 =  Female* 

Age Age at the time of the survey, based 
on the last birthday. 

Numerical Years 

Relationship to the head of 
household 

Role of the individual within the 
household relative to the head. 

Categorical 1 =  Head of the 
household 

2 =  Others* 

Educational level Highest level of education completed, 
verified by diploma or certificate. 

Categorical 1 =  Lower than high 
school  

2 = High school or 
higher* 

Foreign language proficiency Ability to communicate effectively in 
a non-Indonesian language, self-
reported. 

Categorical 1 =  Proficient 
2 =  Not proficient* 
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Note: Categories marked with an asterisk (*) serve as the reference group in the Zero-Inflated Poisson regression 
model. 
 
3. RESULT AND ANALYSIS 
3.1   Preliminary Analysis 

The study’s sample comprises 868 tourism workers surveyed from January 23 to February 3, 2023, in three 
sub-districts of Malang Regency: Bantur, Pujon, and Poncokusumo. Of the respondents, 58.9% are male, 61.1% 
have a household status categorized as non-head (e.g., spouse or child), 56.2% have an educational level below high 
school, and 80.0% lack proficiency in a foreign language. The average age of respondents is 36.1 years. 

 
Figure 3. Number of Workers in the Tourism Industry by Number of Job Transitions,  

Malang Regency 2023 
Figure  illustrates the distribution of tourism workers in Malang Regency by number of job transitions from 

January 23, 2020, to February 3, 2023. Of the respondents, 71.4% had no job transitions, indicating excess zeros 
and suggesting high job stability in the sector [34]. Additionally, 20.9% of workers experienced one job transition 
and 5.1% experienced two, reflecting moderate mobility. Meanwhile, 2.7% experienced three or more transitions, 
indicating high mobility among a small group [35].  

The job transition data revealed a mean of 0.394 and a variance of 0.527, yielding a variance-to-mean ratio of 
1.339, suggesting potential overdispersion in the count data. To formally assess this, an overdispersion test was 
conducted on the Poisson model, resulting a test statistic Z& = 3.4851 (p-value= 0.000246) as defined in (17). 
These results confirm significant overdispersion, indicating that the standard Poisson model is inadequate for 
capturing the variability in the data. 
3.2    ZIP Model Interpretation 

Given the significant overdispersion in the job transition data, a Zero-Inflated Poisson (ZIP) model was 
utilized to address excess zeros and variability among tourism workers in Malang Regency. This section examines 
factors influencing job transitions, with foreign language proficiency as the sole explanatory variable in the zero-
inflated component and multiple socioeconomic variables in the count component. Limiting the zero-inflated 
component to one variable enhances model parsimony and reduces overfitting, as supported by prior studies [13, 
27]. Model selection was validated using the Akaike Information Criterion (AIC), where the ZIP model with only 
foreign language proficiency in the zero-inflated component (AIC = 1398.787, df = 8) outperformed the model 
including all explanatory variables (AIC = 1400.165, df = 12), indicating a better fit. Table 2 presents the regression 
coefficients for both components, with significance assessed at the 10% level (p < 0.10), offering insights into the 
drivers of job transitions in the tourism sector. 

 
Table 2. ZIP Regression Coefficients for Zero-Inflated and Count Components of Job Transition Models, 

Malang Regency, 2023 
Component Explanatory Variable Coefficient SE p-value OR/IRR 

Count 
Component      

 (Intercept) 0.291 0.259 0.262 1.338 
 Gender     
 Male 0.383 0.140 0.006 1.467 
 Female -    
 Age -0.035 0.006 0.000 0.966 
 Relationship to the head of 

household     

 Head of household -0.008 0.167 0.961 0.992 
 Others     
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 Educational level     
 Lower than high school -    
 High school or higher -0.048 0.130 0.714 0.953 
 Foreign language proficiency     
 Proficient 0.351 0.214 0.102 1.420 
 Not proficient -    
Zero-Inflated 
Component      

 (Intercept) -1.081 0.403 0.007 0.339 
 Foreign language proficiency     
 Proficient 0.906 0.531 0.088 2.473 
 Not proficient -    
Log-likelihood null model  =  -721.88  (df=2) 
Log-likelihood full model  =  -691.39  (df=8) 
LRT =  60.981  (p=0.0000) 

 
The count component of the ZIP model in Table 2 provides insight into the variables influencing the 

frequency of job transitions, with the relationship with the head of household (coefficient = -0.008, p = 0.961, IRR 
= 0.992) and educational level (coefficient = -0.048, p = 0.714, IRR = 0.953 for high school or higher) demonstrate 
no statistically significant impact on job transitions. The lack of significance for the relationship with the head of 
household (p = 0.961) likely arises from its limited relevance to job mobility, as household status—whether a worker 
is the head of the household or a dependent—does not directly shape labor market dynamics or career 
opportunities [36]. This suggests that in the tourism sector, job mobility is driven more by individual attributes than 
by family roles or responsibilities, indicating that household dynamics play a minimal role in influencing workers' 
decisions or opportunities to change jobs. Similarly, the non-significant effect of educational level (p = 0.714) can 
be attributed to the broad categorization of education (lower than high school vs. high school or higher), which 
may obscure the nuanced effects of specific qualifications, skills, or training that are more directly tied to job 
transitions [37]. This finding implies that in the tourism industry, formal education alone does not strongly dictate 
job mobility; instead, practical skills, hands-on experience, and other specialized qualifications appear to be more 
critical drivers of transitions between roles [35, 34]. 

Gender shows significant effect on job transitions, with males exhibiting a higher rate of transitions compared 
to females (coefficient = 0.383, p = 0.006, IRR = 1.467). This indicates that males have a 46.7% higher incidence 
rate of job transitions, a finding that is statistically significant at the 1% level (p = 0.006). The significance of gender 
may be attributed to societal and occupational factors, such as greater occupational flexibility for men, who may 
face fewer barriers in pursuing diverse roles or industries, particularly in sectors like tourism where physical 
demands or cultural norms might favor male mobility. Additionally, men may be more likely to take risks in career 
changes or have access to broader networks that facilitate job transitions. This aligns with prior research, such as 
England [38], which found that gender roles and societal expectations often result in men experiencing greater job 
mobility, particularly in industries with flexible or non-traditional career paths. Similarly, Eagly and Carli [39] 
highlight that men often navigate career "labyrinths" with fewer constraints than women, who may face family-related 
responsibilities or workplace biases that limit mobility. 

Examination of the count component in the ZIP model, as shown in Table 2, highlights a significant effect of 
age on job transitions, with a negative relationship observed (coefficient = -0.035, p = 0.000, IRR = 0.966). This 
result, significant at the 1% level (p = 0.000), indicates that for each additional year of age, the incidence rate of job 
transitions decreases by 3.4%, suggesting older workers are less likely to change jobs. This significant effect may be 
driven by several factors, including a preference for stability among older workers, who may prioritize job security, 
established routines, or accumulated benefits over the uncertainty of new roles. Additionally, older workers might 
face reduced opportunities for mobility due to age-related biases, declining physical capacity, or fewer vacancies 
suited to their experience, particularly in dynamic sectors like tourism [40, 41, 42]. This finding aligns with prior 
research, such as Ng and Feldman [43], which demonstrates that older employees tend to exhibit lower job 
mobility, often due to stronger ties to current roles and a reduced inclination to take career risks. Similarly, Mincer 
and Jovanovic [44] argue that job tenure increases with age, as workers invest more in firm-specific human capital, 
deterring transitions.  

As shown in Table 2, the ZIP model reveals a nuanced role of foreign language proficiency in job transitions 
among tourism workers in Malang Regency. In the count component, the coefficient (0.351, p = 0.102, IRR = 
1.420) suggests proficient workers experience a 42% higher transition rate than non-proficient peers, though the 
effect is statistically insignificant (p > 0.10). In contrast, the zero-inflated component indicates a marginally 
significant effect (coefficient = 0.906, p = 0.088, OR = 2.473), implying proficient workers are 2.473 times more 
likely to have zero transitions. This dual pattern suggests that multilingual workers may either remain in stable, 
high-demand roles (e.g., tourism guides) or leverage language skills for increased mobility in specific contexts [28, 
45, 46, 47]. The limited impact on transition frequency may reflect variability in language skill demand across 
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industries, where proficiency is valuable in niche roles like international tour guides but less influential when 
broader factors like experience or job availability dominate [48, 49]. 

 
3.3   Model Comparison 

In Table 3, the Zero-Inflated Poisson (ZIP) model was evaluated against the standard Poisson model to assess 
their fit for job transition data in Malang, accounting for excess zeros and overdispersion. The ZIP model 
demonstrates a better fit, with an AIC of 1398.787 compared to 1414.506 for the Poisson model, and a BIC of 
1436.917 versus 1443.103, indicating superior performance in balancing goodness of fit and model complexity. 
The ZIP model’s higher log-likelihood (-691.39 vs. -701.25) further suggests improved predictive accuracy, as it 
better captures the observed data’s structure, particularly for zero transitions. 

 
Table 3. Comparison of Model Fit for ZIP and Poisson Models in Job Transitions Analysis 

Model Degrees of Freedom AIC BIC Log-Likelihood 

ZIP Model 8 1398.787 1436.917 -691.39 
Poisson Model 6 1414.506 1443.103 -701.25 

 
Overdispersion is evident in the data as stated previously, with a variance-to-mean ratio of 1.339 and a 

significant overdispersion test result (p=0.000246), confirming the presence of excess variability beyond the Poisson 
assumption. The ZIP model effectively addresses this by incorporating a zero-inflated component, capturing the 
high proportion of workers with no job transitions, and a count component, modeling the frequency of transitions.  
 
4. CONCLUSION 

This study on job transitions among tourism workers in Malang Regency highlights the complex interplay of 
factors shaping worker mobility and stability. By employing a Zero-Inflated Poisson (ZIP) model, the analysis 
effectively accounted for excess zeros in the data, revealing patterns that a standard Poisson or linear regression 
model could not capture. The ZIP model distinguished workers with no transitions (structural zeros), primarily 
driven by foreign language proficiency promoting stability, from those with transitions, influenced by gender and 
age. Specifically, proficient workers tend to remain in stable roles, while men and younger workers are more likely 
to change jobs. In contrast, relationship to the head of household and educational attainment were not significant 
explanatory variables of job transitions, underscoring the dominance of individual attributes and tourism-specific 
demands in shaping labor market dynamics.  

These findings offer actionable implications for workforce planners through Indonesia’s Sertifikasi 
Kompetensi SDM Pariwisata program. To address gender disparities, training programs should include 
mentorship and leadership workshops tailored for female workers, particularly in roles like tour guiding or 
hospitality management. For foreign language proficiency, vocational centers should provide subsidized, role-
specific language courses (e.g., English for international tour guides) to enhance mobility for non-proficient 
workers. To support older workers, retraining initiatives focusing on digital skills or emerging tourism niches (e.g., 
eco-tourism) could boost employability. These strategies align with government efforts to strengthen the resilience 
of Malang’s tourism labor market. 

Despite its contributions, this study has limitations. The cross-sectional data limits causal inferences about job 
transitions, and findings may not fully generalize beyond Malang’s tourism sector. Future research could employ 
longitudinal data to track mobility patterns over time or explore subsectors (e.g., hospitality vs. adventure tourism) 
to uncover sector-specific dynamics. Testing alternative models, such as Zero-Inflated Negative Binomial or hurdle 
models, could further refine the understanding of transition complexity. By addressing these gaps, future studies 
can build on this work to inform more robust labor market policies.      
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