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Abstract 
Gender balance is a key part of the Australian identity, for creating diverse 
workplaces and fostering social cohesion throughout Australia. This study 
aims to provide a comprehensive understanding of gender balance in Aus-
tralia by exploring the labour force and overseas migrations for equality, di-
versity, and inclusion place. The research proposed a Gender Balance (GB) 
index metric based on Becker’s coefficient considering labour force and mi-
gration data to measure GB index. With small dataset comprising a total of 16 
data points for each Australian state, covering from 2004 to 2022 were used to 
forecast GB index for the next five years. Arima, Grey Model GM (1, 1) and 
GM (2, 1) were used as forecasting models. The research revealed GM (1, 1) 
to be the optimal model to forecast gender balance index trends. The findings 
can inform policy decisions and interventions to promote greater gender 
equality and equity nationwide. 
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1. Introduction 

Promoting gender equality in the workplace is a key driver of organisational 
success and societal progress. Understanding the dynamics of gender balance 
within the workforce is crucial for companies to effectively manage diversity and 
foster inclusive cultures. Creating a diverse working environment still remains a 
significant challenge for companies in Australia, especially in the context of global 
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STEM fields where women represent just 29.2% of the workforce despite consti-
tuting 49.3% of non-STEM employment (World Economic Forum, 2023). In 
response to this imperative, this academic paper presents a comprehensive study 
aimed at predicting gender trends in the Australian labour market and overseas 
migration. 

This paper addresses the challenge of predicting gender balance in the Aus-
tralian workplace by employing forecasting models based on small datasets. This 
study aims to provide actionable insights for companies seeking to enhance their 
understanding of workforce dynamics and promote gender equality initiatives. 

The methodology employed in this study draws on two primary datasets: 
census data on the labour force (Australian Bureau of Statistics, n.d.-a) and over-
seas migration (Australian Bureau of Statistics, n.d.-b), categorised by sex and 
state. The forecasting models, including ARIMA (AutoRegressive Integrated 
Moving Average), Grey Models (GM), specifically GM (1, 1), and GM (2, 1), 
have been developed to predict the trends of gender balance at both the state and 
national levels. 

Furthermore, Becker’s formula of discrimination (D) (Becker, 1971) has been 
adapted to fit within the forecasting framework, assisting in evaluating the qual-
ity of equal opportunity within the Australian employment market. Regarding 
the diversity index proposed by Moieni & Mousaferiadis (2022), this paper in-
troduces a novel approach to integrating Becker’s discrimination indices into the 
forecasting models. Regarding the diversity index proposed by Moieni & Mou-
saferiadis (2022), this paper introduces a novel approach to integrating Becker’s 
discrimination indices into the forecasting models. This involves aggregating 
discrimination indices into a single coefficient, which serves as a key parameter 
for the integrated forecasting model. This approach enables a comprehensive 
assessment of gender parity trends in Australia. 

By elucidating the relationship between overseas migration patterns, employ-
ment trends, and gender balance, this research contributes to the ongoing dis-
course on gender equality and diversity in the workplace. The findings and in-
sights derived from this study have significant implications for policy formula-
tion, organisational practices, and societal initiatives aimed at fostering inclusive 
and equitable employment environments in Australia. 

Subsequent sections of this paper explore the theoretical foundations of fore-
casting models, discuss the methodology employed in data analysis, present em-
pirical findings, and offer recommendations for enhancing gender parity and 
equality in the Australian labour market. Through rigorous academic inquiry, 
this paper seeks to advance the understanding of gender dynamics in employ-
ment and inform evidence-based interventions for presenting inclusivity and 
fairness in the workplace. 

Problem Statement 
The Australian labour force and overseas migration relationship is vital for 

equality, diversity, and inclusion, specifically creating diverse workplaces and 
fostering social cohesion across Australia. Nonetheless, the gender balance in 
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Australia, considering these factors, remains insufficiently understood and stu-
died. Though confined to the Australian context, this research emphasizes the 
necessity of developing a metric to measure gender balance based on labour 
force participation and migration patterns across Australia. This metric is essen-
tial for measuring gender balance and promoting equal opportunities, creating 
diverse workplaces, and fostering social cohesion in Australia’s multicultural 
landscape. 

2. Literature Review 

A) Importance of Gender Balance 
Gender balance is a crucial issue that has far-reaching implications for socie-

ties across the globe. Achieving gender equality is not only a fundamental hu-
man right but also a prerequisite for sustainable development, economic growth, 
and social cohesion. Moreover, gender balance is essential for promoting equal 
opportunities, empowering both genders, and fostering inclusive societies. Nu-
merous studies have demonstrated the positive impacts of gender equality on 
various aspects of societal well-being. For instance, gender balance in the work-
force leads to increased productivity, innovation, and economic growth (Gray et 
al., 2022). Women’s participation in the labor market contributes to a more di-
verse and skilled talent pool, driving economic prosperity. In education and 
healthcare has been shown to improve outcomes for both women and children, 
leading to better overall societal well-being (Gakidou et al., 2010). Increased re-
presentation of women in leadership and decision-making roles fosters more in-
clusive and diverse perspectives, contributing to better governance and poli-
cy-making (Torchia et al., 2011). Nonetheless, exist gender imbalances world-
wide. Despite progress towards gender equality, significant disparities persist in 
the Australian labor market. The Workplace Gender Equality Agency’s 2022 re-
port found that women hold only 19.4% of CEO positions and 32.5% of key 
management roles in non-public sector organizations. The gender pay gap also 
remains, with women earning on average 13.8% less than men (Workplace Gend-
er Equality Agency, 2022). These imbalances are often attributed to societal atti-
tudes, lack of affordable childcare, and inadequate policies to support work-life 
balance. Women continue to bear a disproportionate share of unpaid domestic 
and caregiving responsibilities, impacting their workforce participation and ca-
reer progression (Wilkins, 2017). Additionally, migration has been identified as 
a potential solution to address labor shortages in Australia, but migrant women 
and men often face additional barriers such as language issues, lack of local ex-
perience, and non-recognition of overseas qualifications, leading to underem-
ployment or employment in lower-skilled jobs (Australian Government De-
partment of Home Affairs, 2023). Researching gender balance in Australia’s la-
bor force and migration is crucial for identifying systemic barriers and societal 
attitudes contributing to gender imbalances, informing policies that promote 
equal opportunities (Clemens, 2023). Ensuring the full participation of both 
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genders, including migrants, maximizes the available talent pool and addresses 
skill shortages, leading to improved economic outcomes and reduced poverty 
(Productivity Commission, 2022). Providing insights into the challenges faced 
by migrants helps inform targeted support services, facilitating their labor mar-
ket integration (Sharma et al., 2024). Therefore, this study can help to identify 
the gender balance opportunities across Australia and promote a more inclusive 
and equitable labour force, benefiting both genders and the country economy. 

B) The Rise of Small Data 
Given the constraints imposed by the limited availability of online data sources, 

this research project will concentrate on applying forecasting models to small 
datasets. This focus aligns with the growing recognition in the era of big data of 
the significant value and importance of “small data”—relatively small samples of 
qualitative or quantitative data that can provide rich insights (Lindstrom, 2016). 
While big data focuses on finding patterns across massive datasets, small data 
allows for a deeper dive into specifics and context. 

Small data has several key advantages. It is typically easier and less expensive 
to collect and more feasible compared to big data especially for resource-cons- 
trained organisations (Kitchin & Lauriault, 2014; Hekler et al., 2019). Small da-
tasets also lend themselves better to human analysis and sense-making rather 
than being overly reliant on algorithms and machine learning models that can 
miss nuances (Mayer-Schonberger & Cukier, 2013). Additionally, small datasets 
are present in diverse domains including business, where companies are using 
small data from customer surveys, social media comments, and other sources to 
gain insights into consumer needs, brand perception, and product issues in a 
targeted way (Bose & Mahapatra, 2001). In healthcare, Analysing small datasets 
like medical records and patient-reported outcomes can reveal treatment effects, 
disease progression patterns, and other insights complementary to large clinical 
trials (Baro et al., 2015). Qualitative small social sciences data like interviews, 
ethnographies, and focus groups remain vital for understanding human beha-
viours, motivations, and lived experiences (Kitchin, 2014). Small datasets can be 
found in government such as constituents, localities, and specific issues can in-
form policymaking in a contextual, actionable manner (Verhulst et al., 2019). 

Therefore, the size of the dataset available can significantly impact the choice 
and performance of forecasting models. While large datasets enable more 
complex models, small datasets require simpler but robust approaches. For 
example: 

1) Large Datasets: Various model techniques cater to large datasets, including 
machine learning models and deep learning methods. Machine learning tech-
niques like neural networks, random forests, and gradient boosting effectively 
capture complex non-linear patterns for forecasting, offering flexibility in mod-
elling high-dimensional data and intricate interactions between predictors (Cer- 
queira et al., 2022). Deep learning, exemplified by recurrent neural networks 
(RNNs) such as LSTMs and transformer-based models like DeepAR, demon-
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strates state-of-the-art performance in large-scale time series forecasting tasks by 
automatically learning long-range temporal dependencies (Brownlee, 2018). 
While these techniques exhibit powerful capabilities, they also present potential 
limitations. They excel in capturing complex patterns, high-dimensionality, au-
tomation, reduced need for manual feature engineering, and improved accuracy 
from reduced overfitting on massive data (Cerqueira et al., 2022). Forecasting 
models, however, tailored for large datasets may encounter challenges when ap-
plied to smaller datasets. These models, accustomed to abundant data inputs, 
may struggle with overfitting on limited samples, where the model’s complexity 
surpasses the available information (Cerqueira, 2022). 

2) Small Datasets: When working with limited data, choosing an appropriate 
forecasting model is crucial to obtain accurate and reliable predictions. Several 
techniques have been developed specifically for small sample sizes: the classical 
techniques statistical model and Bayesian methods. Classical statistical models 
such as ARIMA, linear regression, and Grey Model are commonly favoured. 
Despite lower flexibility, these models offer greater transparency, ease of specifi-
cation, and reduced susceptibility to over fitting. Alternatively, Bayesian struc-
tural time series models like Prophet integrate domain knowledge through prior 
distributions, thereby enhancing forecast accuracy and providing more reliable 
uncertainty estimates for small datasets (Taylor & Letham, 2018). 

C) Forecasting Models for Small Datasets 
In alignment with the study of diversity prediction using machine learning on 

small datasets (Moieni et al., 2023), this study opts for forecasting models adept 
at handling limited data. GM(1, 1) and (2, 1), alongside ARIMA, are selected for 
gender balance research. The performance of each model is evaluated through 
metrics such as the Mean Absolute Percentage Error (MAPE), Mean Squared 
Error (MSE), and Mean Absolute Error (MAE), ensuring a comprehensive anal-
ysis of model performance in predicting gender balance within the Australian 
labour market. 

The ARIMA model is a classical statistical technique that combines three 
components: Autoregressive (AR), Integrated (I), and Moving Average (MA). 
The general form of the ARIMA model is represented as ARIMA (p, d, q), where 
p is the order of the AR component, d is the degree of differencing required to 
make the time series stationary, and q is the order of the MA component (Abu- 
Bakar & Rosbi, 2017). Hence, the ARIMA model is well-suited for small datasets 
due to its simplicity, transparency, and reduced susceptibility to overfitting. De-
spite its lower flexibility compared to more complex models, ARIMA offers re-
liable forecasts when working with limited data (Pan, Zhang et al., 2016). On the 
other hand, GM(1, 1) is a time series forecasting technique particularly useful for 
small datasets and can effectively handle incomplete or uncertain information 
(Caro et al., 2020). The GM(1, 1) model is based on the accumulation of the 
original time series data and uses a first-order differential equation to describe 
the behavior of the system (Wang et al., 2018). This model is known for its sim-
plicity, as it requires only a few data points to build the model. However, it may 
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struggle to capture complex patterns or non-linear relationships in the data. 
Lastly, the GM(2, 1) is an extension of the GM(1, 1) model, designed to handle 
data with non-linear characteristics or fluctuations. The GM(2, 1) model uses a 
second-order differential equation to describe the system’s behavior, allowing 
for more flexibility in capturing non-linear patterns. The GM(2, 1) model is 
more complex than the GM(1, 1) model and involves additional terms to capture 
non-linear behavior (Shao et al., 2012) and it requires more data points that 
GM(1, 1) to calculate additional parameters. 

D) Challenges of Forecasting with Small Datasets 
While large datasets have enabled powerful forecasting models like deep 

learning, many real-world applications involve working with limited data sam-
ples. To evaluate the performance and suitability of various forecasting tech-
niques on such limited data, this study employs a small dataset and applies mul-
tiple forecasting models for comparison. Forecasting with small datasets poses 
several key challenges. This literature review examines the key problems asso-
ciated with forecasting using small datasets and discusses potential strategies to 
address these challenges. 

One prominent issue with small datasets is the increased risk of model overfit-
ting. With fewer data points available for training, forecasting models may cap-
ture noise or random fluctuations in the data, leading to overly complex models 
that perform poorly on unseen data. Overfitting not only compromises the ac-
curacy of forecasts but also undermines the model’s generalisability to new sce-
narios or data distributions (Hastie et al., 2009). Moreover, small datasets often 
lack the diversity and representativeness necessary for capturing the full range 
of variability in the underlying data generating process. This limitation can 
result in biased or unreliable forecasts, as the model may fail to capture im-
portant patterns or relationships present in the broader population (Gelman et 
al., 2013). Another challenge stems from the limited feature space available in 
small datasets. Forecasting models rely on a set of input features to make pre-
dictions, and small datasets may not encompass all relevant variables or factors 
influencing the target variable. As a result, the model’s predictive power may be 
constrained, hindering its ability to generate accurate forecasts (West & Harri-
son, 2006). 

E) Application of Becker’s Formula of Discrimination 
Given the constraints of current datasets, this study aims to develop a predic-

tive model using this limited data to forecast future trends in gender balance 
within the Australian labour market. At this stage, Becker’s discrimination for-
mula (D), as introduced by Becker (1971), serves to quantify taste-based dis-
crimination by employers, encompassing gender biases. Chen (2020) successful-
ly utilised this coefficient (D) to evaluate opportunity equality in both higher 
education and the labour market, demonstrating its efficacy as a measure of 
gender balance. This index allows for the assessment of employment opportuni-
ty disparities between males and females. By incorporating variables related to 
overseas migration and the employment market in Australia, alongside the ap-
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plication of Becker’s formula, the study seeks to determine the level of gender 
discrimination. 

F) Development of a Gender Balance (GB) Index 
The journey continues with the development of the GB index, inspired by the 

cultural diversity index proposed by Moieni and Mousaferiadis (2022). Employ-
ing their methodology to calculate the weights of each attribute allows for the 
creation of GB index. This innovative index is designed to quantify the discrim-
ination level between genders. Subsequently, the forecasting models will be built 
to identify the most fitting approach for assessing discrimination levels and pre-
dicting gender equality in the workplace. 

3. Methodology 

This section addresses how series data were harvested and transformed. This re-
search is focusing mainly on predict gender equality by sex and state/territory. 
Therefore, exploring diverse factors that contribute to measure gender equality 
were taking into consideration including overseas migration by state/territory 
classify by sex from 2004 onwards (Australian Bureau of Statistics, n.d.-b) and 
labour force status by sex, state and territory from 1978 onwards (Australian 
Bureau of Statistics, n.d.-a). Both datasets have different periods of time (years). 
Consequently, it was considered from 2004 to 2022 (See Appendix). 

It was assumed that the count of employees encompasses individuals from di-
verse backgrounds, including migrants, citizens, and Aboriginal peoples. More-
over, it was applied Becker’s Coefficient formula (Chen, 2020) DM and DE where 
each coefficient corresponds to Overseas Migration Discrimination and Em-
ployment Discrimination respectively, (see equation 1 and 2). The next stage is 
to introduce a GB index. Finally, this study also applied the concept of time se-
ries analysis including ARIMA, grey model (1, 1), grey model (2, 1) to predict 
gender balance from 2016 to 2019. 

A) Becker’s Coefficient Calculations 
This section is divided into two steps. The first step is Becker’s Coefficient 

Calculations. The second step is coefficients interpretation. 
 Step 1: Becker’s Discrimination formula (D) 

This study applied Becker’s Discrimination formula (D) to measure the equal-
ity of opportunity in the Australian employment market and overseas migration 
in Australia. 

The Migration Discrimination (DM) was calculated using the total migration 
figures for males and females across Australian states over various years. For in-
stance, in Victoria in 2004, the numbers for males (MigM) and females (MigF) 
migration were 43,860 and 40,920, respectively. The proportion (MigM/MigF) 
was then calculated for each state and territory by year using respective data (see 
Equation (1)). Hence, 17 DM data was obtained by year from 2004 to 2022 by 
each Australian state. 

Migration Discrimination (DM): 
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MigM 1
MigFMD = −                               (1) 

- MigM = Number of Male Migrating 
- MigF = Number of Male Migrating 

The Employment Discrimination (DE) was calculated using the total em-
ployment figures for males and females across Australian states over various 
years. For instance, in Victoria in 2004, the numbers for males (EmpM) and fe-
males (EmpF) employee were 15,809,000 and 12,743,700, respectively. The pro-
portion (EmpM/EmpF) was then calculated for each state and territory by year 
using respective data (see Equation (2)). Hence, 17 DE data was obtained by year 
from 2004 to 2022 by each Australian state. 

Employment Discrimination (DE): 
EmpM 1
EmpFED = −                              (2) 

- EmpM = Number of Male employees. 
- EmpF = Number of Male employees. 
 Step 2: Interpret DM and DE values 

DM or DE are from a range from −1 to 1. A positive DM or DE suggests fewer 
opportunities for females in either overseas migration or employment. A nega-
tive DM or DE indicates favoritism towards females in migration or employment 
opportunities. DM or DE close to 0 implies gender-neutral overseas migration or 
employment opportunities. 

B) Gender Balance Index 
A definition of gender balance might encompass a variety of factors such as 

age and nationality. However, the scope of this analysis is shaped by the available 
data, which determines the specific factors considered. 

These factors, while contributing to overall gender balance in a multicultural 
country and in the workplace is a key factor of a success of organisations implies 
a diversity place to work, inclusive and equal opportunities for both genders. On 
that account, this section shows the process how to find coefficients for each da-
taset and introduce a gender balance formulation (Equation (5)). 
 Aggregation of Discrimination Indexes 

To integrate the discrimination indices (Equation (1) and (2)) into the fore-
casting models, it will be aggregated into a single index. This process involves cal-
culating the proportion of overseas migration and total employed people across all 
Australia states, as coefficients for the integrated formula (Equation (3) and (4)) 
considering data from 2004 to 2022. These proportions represented the total of 
overseas migration (OMigrationT) and the total of population of labour force 
(LabourFT) during the same period. The coefficients are calculated as follows: 

Overseas Migration Coefficient (PM): 

OMigrationT 
OMigrationT LabourFTMP =

+
              (3) 

- OMigrationT = Total population of overseas migration across Australia. 
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- LabourFT = Total population of labour force across Australia. 
Employment Coefficient (PE): 

1E MP P= −                                 (4) 

 Gender Balance Formulation 
The coefficients derived from overseas migration PM and employment PE data 

are crucial for time series taking into consideration two attributes at the same 
time (see Equation (3) and (4)). These coefficients provide insights into gender 
parity in overseas migration and employment trends in Australia. By analysing 
these indices, organisations can gain valuable insights into the equality of op-
portunities for males and females in the Australian labour market and overseas 
migration in a multicultural country. Therefore, the “Gender Balance” formula 
(Equation (5)) is designed to measure equality across gender by incorporating 
these coefficients (PM and PE) into the “Gender Balance” index. As these coeffi-
cients global all the information of all the years and of all the states as a whole in 
migration and employment, respectively. 

Gender Balance M M E EP D P D= ∗ + ∗  

Gender Balance 0.003 0.997M ED D= +                (5) 

Final dataset included date in years from 2004 to 2022 and 8 columns where 
each column correspond to a state or territory in Australia, respectively. After 
apply the new index propose above (Equation (5)). Table 1 provides a summary 
of the data after apply the new “Gender Balance” index. 
 
Table 1. A table to show the final dataset after apply GB index and each column is an 
Australian State/Territory. 

Years NSW VIC QLD SA WA TAS NT ACT 

 
C) Forecasting Gender Balance Trends through Time Series Analysis 
This research endeavors to leverage the recently developed “Gender Balance” 

index (GB) alongside three distinct time series forecasting methodologies: Auto-
regressive Integrated Moving Average (ARIMA) (Hyndman & Athanasopoulos, 
2018), Grey Model (1, 1) (Julong et al., 1989), and Grey Model (2, 1) (Gan et al., 
2015) for projecting GB trends over the next 5 years. To ensure the reliability of 
the forecasting models, comprehensive adequacy checks are conducted prior to 
their application. By comparing the three methodologies, the most effective ap-
proach has been selected to forecast GB trends for the forthcoming 5 years. 

Evaluating the performance of a forecasting model constitutes a pivotal aspect 
of this study, given its direct impact on decision-making processes. By analyzing 
the disparity between predicted and actual values, this study applied the most 
common metrics including Mean Absolute Percentage Error (MAPE) (Hyndman 
& Athanasopoulos, 2018), Mean Absolute Error (MAE) (Hyndman & Athanaso-
poulos, 2018), and Mean Squared Error (MSE). These evaluation criteria facili-
tate a comprehensive assessment of the forecasting accuracy, providing invalua-
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ble insights into the performance of the selected models. 

4. Data Analysis and Results 

This section encapsulates the findings derived from the research following Explo-
ratory Data Analysis (EDA), examination of GB index, and time series analysis. 

A) Anomaly Detection 
Utilising Exploratory Data Analysis (EDA), this study discerned outliers within 

overseas migration trends, exerting influence on forecast models. Overseas mi-
gration plots (Figure 1) highlighted two data points deviating from the general 
trend in 2020 and 2021 across genders. Specifically, in New South Wales (NSW), 
male and female overseas migration experienced marginal declines to 56.6% and 
56%, respectively, in 2020. Nevertheless, Victoria (VIC) witnessed a significant 
drop to 68% (male) and 67% (female), marking the highest decline since the on-
set of the pandemic. Similarly, Queensland (QLD) reported decreases to 63% 
and 62.7% for male and female migrants, respectively. These fluctuations are 
likely attributable to COVID-19 restrictions (Australian Government Depart-
ment of Health of Age Care, 2024), where the number of travelers entering Aus-
tralia dropped during these two years. 
 

 
Figure 1. Overseas Migration and Labour Force original data. It was found that two out-
liers in 2020 and 2021 in both dataset in both genders. 

 
In 2020, the labour force, as depicted in Figure 1, experienced significant im-

pacts. Specifically, within New South Wales (NSW), there was a noticeable de-
crease in the number of jobs, with a decline of approximately 2.9% for males and 
1.4% for females compared to the preceding year, coinciding with the onset of 
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COVID-19 cases. Meanwhile, the participation of female labour force in Victoria 
exhibited the most pronounced reduction, plummeting by 3.1%. The predomi-
nant cause of this decline in the labour force can be attributed to the disruptive 
effects of the COVID-19 pandemic. These effects encompassed various factors, 
including enforced shutdowns, widespread business closures, and diminished 
consumer demand, collectively contributing to the contraction observed in la-
bour force participation rates. 

In consequence, data from 2020 and 2021 were excluded from statistical cal-
culations due to their susceptibility to outliers. These years were deemed highly 
sensitive to anomaly in the data, which could significantly skew statistical ana-
lyses. 

B) Trend of Gender Balance Index 
Figure 2 illustrates the GB index across Australian states, considering labour 

force participation and overseas migration, to elucidate gender-based opportun-
ities over time. Early in the 2000s, Western Australia (WA) exhibited the highest 
GB index, suggesting fewer opportunities for females compared to males. How-
ever, since 2016, the gap in the GB index between genders has narrowed in WA, 
indicating an increasing presence of females in both the labour force and over-
seas migration patterns within the state. Furthermore, from 2004 to 2022, New 
South Wales (NSW), Victoria (VIC), Queensland (QLD), and South Australia 
(SA) have progressively closed the gap in gender-based opportunities, with GB 
index improvements of approximately 56.5%, 53.3%, 74%, and 65.2%, respec-
tively. In contrast, the Australian Capital Territory (ACT) displayed a consis-
tently lower GB index since 2004, suggesting a relatively stable representation of 
gender-based opportunities over the years. This observation aligns with data 
from the Australian Bureau of Statistics (2023), indicating a balanced gender 
composition in the ACT without a significant prevalence of males over females. 
 

 
Figure 2. GB index plots across Australian States/territories. This index global both 
genders. 
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5. Data Forecasting 

This section comprises two stages delimited for comprehensive analysis. The ini-
tial stage encompasses model comparison to det the optimal forecasting model. 
This phase is subdivided into subsections, each presenting the application of 
three distinct forecasting models. The subsequent stage entails the prediction of 
gender balance over the next five years utilising the superior model identified in 
the initial stage. 

A) Model Comparison and Selection 
Overall, the dataset underwent a partition into training data spanning from 

2004 to 2015 and testing data covering the years 2016 to 2019. This partitioning 
strategy was implemented across three forecasting models: ARIMA, GM(1, 1), 
and GM(2, 1). Subsequent evaluation of each model was conducted based on 
performance metrics and median across all states. 

1) ARIMA model: Utilising the itertools function, an exhaustive search was 
conducted to scan parameters p, d, and q within a range of 0 to 5, aiming to 
identify the optimal parameters for each state/territory. Remarkably, none of the 
states/territories exhibited seasonality in their data. Table 2 illustrates the de-
termined parameters (p, d, q) for each Australian state/territory. The Australian 
Capital Territory (ACT) parameters indicate that errors are uncorrelated over 
time. However, this does not inherently signify whether the model is effective or 
ineffective. 
 
Table 2. ARIMA parameter for each state. 

ARIMA 
parameter 

NSW VIC QLD SA WA TAS NT ACT 

(p, d, q) (4, 1, 0) (1, 0, 0) (0, 1, 0) (1, 0, 0) (1, 0, 0) (4, 0, 0) (0, 0, 1) (0, 0, 0) 

 
2) Grey Model (1, 1): Figure 3 presents a comparison between ARIMA and 

Grey Model (1, 1) forecasts. GM(1, 1) predictions closely align with actual val-
ues, indicative of its precision in capturing the underlying trends. Discrepancies, 
however, between predicted and actual values are notable for Western Australia 
(WA) and the Northern Territory (NT). One contributing factor to these devia-
tions is the population dynamics within these states/territories, where fluctua-
tions in overseas migration and employment rates occurred notably between 
2014 and 2016. Consequently, WA experienced a substantial decrease of 23.5%, 
while NT observed a pronounced drop of 30% during these years. These varia-
tions significantly impacted the accuracy of the forecast models. Mathematically, 
GM(1, 1) operates by accumulating the original data sequence to generate a new 
sequence that adheres to an approximate exponential law (Wang et al., 2020). 
This method proves effective when the changes in the original data are not sub-
stantial. However, in scenarios with significant fluctuations, such as observations 
in WA and ACT during the specific period, GM (1, 1) may exhibit limitations in 
accurately capturing the dynamic patterns inherent in the data. In contrast, this 
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study utilised only 12 data points to build the ARIMA model. This limited data-
set raises concerns regarding the potential impact of random fluctuations 
(Hyndman & Athanasopoulos, 2018), as illustrated in Figure 3. Such fluctua-
tions can affect the forecasting performance, highlighting the inherent risks as-
sociated with using a smaller number of data points. 
 

 
Figure 3. Comparative Analysis of ARIMA, GM(1, 1) to predict GB Index by states/terri- 

tories from 2016 to 2019. 

 
3) Grey Model (2, 1): Figure 4 depicts the application of the Grey Model (2, 

1), revealing a conspicuous exponential pattern across all Australian states/terri- 
tories. This observation aligns with the theoretical underpinnings of the GM(2, 
1) model equations. However, it’s noteworthy that the GM (2, 1) may encounter 
challenges in achieving a precise fit due to structural disparities between the es-
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timation and prediction equations, as well as the inherent limitations in grey 
modelling approaches, which may struggle to fully encapsulate the intricacies of 
real-world data. 
 

 
Figure 4. Comparative Analysis of ARIMA, GM(1, 1) and GM(2, 1) to predict GB Index 
by states/territories from 2016 to 2019. 

 
4) Model Selection: In examining the performance of GM(2, 1) across the 

New South Wale (NSW), Australian Capital Territory (ACT) and South Aus-
tralia (SA) as depicted in Figure 5, higher Mean Absolute Percentage Error 
(MAPE), Mean Absolute Error (MAE), and Mean Squared Error (MSE) values 
were observed compared to other states. These outcomes suggest a discernible 
exponential trend as shown in Figure 4. Conversely, in Northern Territory (NT) 
and New South Wales (NSW), GM(1, 1) exhibited elevated metrics, potentially 
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attributable to the model’s sensitivity to abrupt fluctuations in data. The fluctua-
tions in NSW’s real data, particularly in 2019, could be associated with Grey 
Model’s response to drastic changes. Specifically, the relatively low number of 
COVID-19 cases within Australia in 2019 impacted working hours across vari-
ous occupations and led to a decline in overseas migration numbers prior to the 
declaration of the global pandemic (Australian Bureau of Statistics, 2020). 
 

 
Figure 5. The bar chart compares MAPE, MSE and MAE metric evaluating ARIMA, GM (1, 1) and (2, 1) models. 

 
In Figure 5, a comprehensive comparison of metrics highlights the wide-

spread suitability of GM(1, 1) model across the majority of states. Particularly, 
examination of the median metrics by each model (Table 3) suggests that GM(1, 
1) model consistently outperforms others in predicting GB index across the 
Australian continent. Consequently, considering the lower metric values and 
median, GM(1, 1) emerges as the most favourable choice for forecasting GB 
trends in Australia. 
 

Table 3. Metrics results by states, and the median value of each model. 

Australia States  MAPE   MAE   MSE  

 ARIMA GM11 GM 21 ARIMA GM 11 GM 21 ARIMA GM 11 GM 21 

NSW 8.082 16.082 1607872.726 0.011 0.022 2280.085 0.013 0.023 2992.351 

VIC 19.441 5.645 1454830.008 0.027 0.008 2056.829 0.033 0.011 2687.721 

QLD 22.053 19.684 41512.257 0.021 0.019 40.206 0.024 0.020 45.272 

SA 48.251 24.081 4322971.240 0.050 0.0251 4345.863 0.053 0.027 5891.595 
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Continued 

WA 39.047 31.347 8882.081 0.071 0.057 16.195 0.073 0.058 17.271 

TAS 42.545 17.500 1448670.712 0.039 0.016 1402.649 0.045 0.019 1826.356 

NT 43.133 65.896 11984.144 0.047 0.075 13.946 0.055 0.082 14.959 

ACT 105.897 58.248 3855149.642 0.030 0.014 1582.997 0.031 0.019 2144.968 

Median 40.796 21.882 1451750.360 0.034 0.021 1492.823 0.039 0.022 1985.662 

 
B) Predicting the next 5 years 
Grey Model (1, 1) shows the optimal performance for predicting GB trends 

from 2016 to 2019, as evidenced by the findings presented in Table 3 and the me-
trics evaluation depicted in Figure 5. Additionally, Figure 6 indicates a narrowing  
 

 
Figure 6. Projection results for the next five years applying GM(1, 1). 
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of the gap between male and female GB projections over the next five years. Sig-
nificant disparities, however, are observed in NT, where the predictions diverge 
considerably from real data. This discrepancy in NT can be attributed to the oper-
ational mechanism of GM(1, 1), which relies on accumulating the original data 
sequence. In this instance, the model was trained with only 12 data points, reveal-
ing a distinct upward trend. The model extrapolates future values by adhering to 
this positive trend, potentially leading to deviations from actual observations. 

Table 4 presents forecasted projections for the GB gap opportunities, with the 
Australian Capital Territory (ACT) positioned to achieve parity by 2026, closely 
followed by TAS and QLD exhibiting promising trajectories towards closing the 
gap. On the contrary, the populous states of NSW and VIC demonstrate a con-
cerning slow pace of progress, highlighting the need for both research investiga-
tion and policy action. This discrepancy across regions can be attributed to a 
multitude of factors, including job opportunities, visa and immigration policies, 
cultural and social norms. 

 
Table 4. Forecasting GB trends Across Australian States/Territories over the next five 
years. 

Years NSW VIC QLD SA WA TAS NT ACT 

2022 0.147 0.127 0.101 0.118 0.230 0.092 0.225 0.042 

2023 0.143 0.122 0.096 0.114 0.227 0.088 0.229 0.040 

2024 0.140 0.118 0.092 0.111 0.225 0.084 0.232 0.039 

2025 0.136 0.114 0.088 0.108 0.222 0.080 0.236 0.038 

2026 0.133 0.110 0.084 0.105 0.219 0.077 0.240 0.036 

6. Conclusion 

This study evaluated the performance of three forecasting models—ARIMA, 
GM(1, 1), and GM(2, 1)—in predicting Gender Balance (GB) trends across Aus-
tralian states and territories. The dataset consisted of 16 data points, which were 
partitioned into training data from 2004-2015 and testing data from 2016-2019.  
ARIMA model was optimised through an exhaustive search of parameter com-
binations and none of the states/territories exhibited seasonality in their data. 
GM(1, 1) closely aligned with actual values, demonstrating its effectiveness in 
capturing trends. However, discrepancies were observed for WA and the NT, 
likely due to significant population dynamics and fluctuations during 2014 and 
2016. By contrast, GM(2, 1) exhibited a conspicuous exponential pattern across 
all states/territories, in line with its theoretical underpinnings. However, this 
model faced challenges in achieving a precise fit, potentially due to structural 
inconsistencies between the estimation and prediction equations, as well as in-
herent limitations of grey modelling approaches. 

Evaluation of performance metrics revealed the widespread suitability of GM(1, 
1), which consistently outperformed the other models in predicting GB across 
the majority of states. The median prediction results further reinforced the mod-
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el as the most favourable choice for forecasting GB trends in Australia. While 
GM(1, 1) showed outstanding results, discrepancies were observed in WA and 
NT, where the model’s reliance on a limited 12 data points training set led to 
extrapolation of an upward trend that diverged from actual observations. GB 
index gap projections for the next five years, utilising GM(1, 1) analysis, un-
derscores the persistent nature of gender inequality in workforce participation 
across Australia. However, the degree of this disparity varies considerably among 
states and territories. It is anticipated that by 2026, the ACT, TAS, and QLD will 
achieve greater gender parity and diversity in employment opportunities. None-
theless, in major urban centers such as NSW and VIC, the pace of closing this 
gap appears sluggish. This phenomenon can be attributed to various factors in-
cluding job market dynamics, visa and immigration policies, as well as cultural 
and social norms. These factors can significantly influence workforce participa-
tion rates, and certain visa categories may impose restrictions on employment 
opportunities for women, exacerbating gender disparities within the labor mar-
ket. In conclusion, GM(1, 1) emerges as the optimal choice for predicting GB 
trends in Australia from 2016 to 2019, as evidenced by its superior performance 
across various evaluation metrics. Nevertheless, caution is warranted when ap-
plying this model to regions with significant population dynamics and limited 
data availability, as demonstrated by the case of Northern Territory. Additional-
ly, the GB index, which can be applied within a company to measure the gender 
balance, may prove effective evidence there is a sufficient amount of accessible 
data, and the coefficient may vary depending on the volume of available datasets. 

7. Limitations and Future Research 

This study was limited by data availability, data collection and time constraints. 
The data scope was confined to the Australian Bureau of Statistics (ABS), the 
only source providing consistent data information classified by gender. This li-
mitation extended to number of factors to consider, as other dataset sources 
were not consistent with the time frame, state information, and most of infor-
mation was not classify by gender. Moreover, finding consistent data by state 
online proved challenging as state government data availability is discretionary 
and is not universally open source in all cases. For instance, attempts to integrate 
education data classified by state and gender into the forecasting model were 
impeded due to insufficient date data with other attributes. This highlights the 
challenges of other factors to measure gender balance using open-source data, 
especially across all states with gender classification. 

Future research stands to gain considerable value from the integration of ad-
ditional attributes such as birth country, language, and identification of Abori-
ginal and Torres Strait Islanders. Such endeavors hold promise for yielding dee-
per insights into gender equality, thereby furnishing companies and organisa-
tions with invaluable knowledge to cultivate diverse workplaces characterised by 
equal opportunities and inclusive cultures. 
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Appendix 

A. Git Hub Repository 
The provided hyperlink grants access to the datasets utilised in this study, along 
with the associated results: Gender Balance Small Dataset. 
Please note that this dataset is referenced throughout the paper for analysis and 
findings. 
https://github.com/eloisjr/Small-scale-predictive-analysis-of-gender-balance-in-
Australia-using-Grey-models-Integrating-Labour 

https://doi.org/10.4236/jss.2024.127033
https://github.com/eloisjr/Small-scale-predictive-analysis-of-gender-balance-in-Australia-using-Grey-models-Integrating-Labour
https://github.com/eloisjr/Small-scale-predictive-analysis-of-gender-balance-in-Australia-using-Grey-models-Integrating-Labour
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