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[bookmark: _Toc196921653]Variations in Measurement Approaches 
The literature reveals significant methodological differences in calculating gender pay gaps. Wooden (2017) demonstrates how controlling for different variables produces dramatically different gap estimates, from unadjusted averages (20.1%) to fully adjusted models (5.2%). The appropriate methodology remains contested, with some researchers arguing that over-adjustment conceals structural discrimination. 
WGEA utilises multiple measurement methodologies, including base salary gaps and total remuneration gaps, with the latter consistently wider due to greater gender disparities in discretionary pay components. This methodological distinction is crucial for identifying structural intervention points. 
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Sample Representation Challenges 
Most gender pay gap research, including WGEA data, excludes small businesses (under 100 employees) and public sector organizations, creating potential representation biases. The productivity Commission (2021) notes that approximately 48% of women work in organizations too small for WGEA reporting requirements. 
Intersectional data limitations emerge as a significant constraint. Lyons and Kuron (2020) highlight how aggregated data obscures the experiences of women from diverse backgrounds, with limited Australian research examining how structural factors differently impact women across age, ethnicity, disability, and socioeconomic status intersections. 
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Temporal Trends and Limitations 
Longitudinal analysis reveals inconsistent progress in reducing Australia's gender pay gap (Smith & Whitehouse, 2020). WGEA data shows the national gap decreased from 24.7% in 2013 to 22.8% in 2023, representing modest improvement over a decade despite significant policy attention. However, industry-specific trends show wide variation, with some sectors (education and training) improving substantially while others (financial services) showing minimal change. 
COVID-19 disruptions created significant methodological challenges for trend analysis. Cooper and Baird (2022) document how reduced workforce participation, particularly among women, may temporarily distort gap measurements through composition effects rather than genuine structural improvements. 
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Methodological Contribution
This study builds on the literature by applying multiple modelling approaches to the WGEA dataset, with a specific focus on developing predictive models based on industry division and employer size. By comparing traditional statistical approaches with machine learning techniques across three time-series intervals, we aim to identify the most accurate and interpretable models for predicting gender pay gaps and classifying organisations according to their pay equity performance. This approach allows us to contribute methodologically to the field while providing practical insights for policy interventions targeted at the most significant structural determinants of gender pay inequity in Australian workplaces. 

Analytical Pipeline
Data preprocessing (cleaning, transformation, and encoding), statistical analysis, and model development were conducted in Python using established open-source libraries: Pandas and NumPy for data management, Statsmodels for regression analysis, scikit-learn for machine learning algorithms, and Keras (with a TensorFlow backend) for deep learning models (Chollet, 2015; Abadi et al., 2016). Microsoft Excel supported the initial formatting and time-interval assignment process.

Data Preprocessing
The preprocessing phase began with data cleansing, where all records containing missing values or entries marked as "NC" (not calculable) for the 2022–23 median total remuneration GPG were removed. This step ensured that subsequent modelling would not be compromised by data sparsity or reporting anomalies.
To prepare the dataset for analysis, categorical variables were incorporated into the regression models using standard dummy-coding procedures. Industry division was operationalised using ANZSIC-based industry indicators, with one industry category omitted and treated as the reference category against which all other industry effects were interpreted. Similarly, for categorical organisational characteristics, one category was retained as the baseline group to avoid perfect multicollinearity. Estimated coefficients therefore represent the marginal difference in the average total remuneration gender pay gap relative to the reference category. While reference categories are required for interpretation in linear regression models, it is noted that tree-based and neural network models do not rely on reference groups in the same way, as they learn decision boundaries and feature interactions directly from the data. While gender dominance is discussed conceptually in the literature review, the empirical analysis relies on observed industry identifiers. Employer size was coded using WGEA’s five predefined organisational scale categories, which reflect increasing workforce size. These categories were label encoded from 0 to 4, preserving their ordinal structure for modelling purposes. Flexible working arrangements and secondary carer arrangements were measured as binary indicators reflecting the presence or absence of these policies at the organisational level. Additionally, any values recorded as percentages or dollar amounts were converted into numeric format in Excel prior to loading into Python.
We assigned each employer report to one of the three time-series intervals (T1–T3) using the reporting submission timestamp. This ensured that organisations with different payroll cycles, seasonal workforce patterns, or reporting practices could be compared within consistent temporal windows. The interval structure also facilitated analyses of GPG stability and change over time.
Workplace policy responses were derived from employer responses to the WGEA questionnaire and were included as organisational-level structural indicators rather than measures of employee experience. Specifically, binary variables were constructed to capture the presence or absence of flexible work arrangements and secondary carer leave provisions at the employer level (coded 1 = policy present; 0 = policy absent). The available data do not provide consistent information on the scope, intensity, or uptake of these policies, nor on employee satisfaction with them; consequently, the models capture policy existence rather than usage or effectiveness. This approach aligns with the study’s focus on structural workplace characteristics and allows for consistent comparison across organisations.

Variable Screening and OLS Development
Initial statistical exploration involved calculating Pearson correlation coefficients to identify variables with significant linear relationships to the target variable: Average Total Remuneration GPG (%). Variables exhibiting low or multicollinear relationships were excluded from further modelling, including metrics such as base salary GPG measures which duplicated the explanatory variance of total remuneration indicators. 
A multiple linear regression model was fitted using the using the OLS function[footnoteRef:1] from the statsmodels package in Python. Predictor variables with absolute correlation values greater than 0.18 were initially included for testing the waters, and the final model included all variables with statistically significant contributions (p<0.05). This model and the ones following it included the employer-level average total remuneration gender pay gap (%) as the dependent variable and incorporated industry division indicators, organizational size category, gender composition across pay quartiles (lower, lower-middle, upper-middle, and upper quartile), female representation in senior leadership, total workforce gender composition, binary indicators for the presence of flexible work arrangements and secondary carer leave provisions, and time-interval controls capturing reporting-cycle timing (T1–T3) as explanatory variables. [1:  Ordinary least squares (OLS) function estimates the relationship between variables by finding the line of best fit that minimizes the sum of squared differences between observed and predicted values.] 


Model Benchmarking
To benchmark predictive performance across modelling approaches, linear regression, logistic regression, and decision tree classifiers were implemented and systematically compared against the neural network models. All models were trained and evaluated using a consistent data-handling procedure to ensure fair and reproducible comparisons.
The full dataset was first partitioned into training, validation, and test subsets using a stratified 70–15–15 split. Stratification was performed on the target variable (GPG intervals) to preserve the proportional distribution of low-, medium-, and high-GPG organisations across all subsets. This approach minimised sampling bias and ensured that each model encountered similar class distributions during training and evaluation.
During model development, 5-fold cross-validation was applied within the training set. This procedure involved partitioning the training data into five folds, training the model on four folds, and validating on the remaining fold, iterating until each fold had served as the validation segment. For neural network models, an additional early-stopping criterion was introduced. The validation loss was monitored across epochs, and training was halted when no improvement was observed over a predefined patience threshold. This prevented overfitting, which is particularly important in high-complexity, non-linear architectures.
All models were evaluated on the held-out test set, which was not used at any point during training or tuning. Metrics such as accuracy, precision, recall, and F1-score were calculated to capture the trade-offs between classification performance and model interpretability. For continuous regression-based outputs, RMSE and MAE were also examined to provide a consistent measure of predictive error.

Random Forest Regression
To move beyond the restrictive assumptions of linearity and additivity, we estimated a Random Forest (RF) regression model using the same set of predictors as in the linear specifications. Random Forests are particularly well suited to this context because they can flexibly capture non-linear relationships and higher-order interactions among remuneration, workforce composition, and organisational characteristics without requiring these relationships to be specified a priori. Model performance was assessed using the mean squared error (MSE) and the coefficient of determination (R²), yielding an MSE of 0.0053 and an R² of 0.72, indicating a strong overall fit and a modest improvement in predictive accuracy relative to the linear model (Table 2). 
Beyond predictive performance, the primary contribution of the Random Forest approach lies in its feature importance analysis. As reported in Table II, the most influential predictors were the average total remuneration in the upper quartile, the percentage of women in the lower and upper pay quartiles, and measures related to lower-quartile remuneration (Table 2). The prominence of upper-quartile remuneration suggests that outcomes are disproportionately shaped by pay dynamics at the top of the distribution, consistent with arguments that inequality and leadership-level compensation exert outsized effects on aggregate organisational indicators. At the same time, the high importance assigned to the percentage of women in both the upper and lower quartiles indicates that gender composition matters differently across the pay distribution, rather than exerting a uniform effect as implied by linear regression model.
Crucially, the RF model uncovers non-linear and interaction effects that are not detectable in linear regressions. For example, the relationship between the percentage of women in the upper quartile and the outcome variable appears to be non-monotonic: increases in women’s representation at senior pay levels are associated with disproportionately larger changes once certain thresholds are reached, rather than incremental, constant effects. Similarly, the influence of lower-quartile remuneration and gender composition is conditional on upper-quartile pay levels, suggesting a cross-quartile interaction whereby inequality within the pay structure amplifies or dampens the effect of gender representation at the bottom of the distribution. Such interactions cannot be adequately captured by linear models unless explicitly specified, and even then only in simplified form.
Non-linearities were also observed for total workforce gender composition and workforce size categories, where effects varied depending on the broader pay structure and industry context. For instance, increases in the overall percentage of women had relatively small effects at low or moderate levels but became more salient in organisations with extreme pay dispersion or highly skewed quartile remuneration. Additionally, industry classifications interacted with pay-quartile variables, indicating that similar levels of gender representation or remuneration can have different implications across sectors, again violating the assumption of constant marginal effects embedded in linear models.

Neural Network Classification Model
For the purposes of binary classification, the probability drawn from the neural network regression output was converted into a class label using the standard threshold of 0.5 to maintain interpretability and simplicity, following conventional binary classification practice. No task-specific threshold adjustment was performed. Default hyperparameter values were used to avoid overcomplicating the model tuning process, providing a straightforward baseline for evaluation. The classifier predicted whether an employer’s gender pay gap was above or below the 2024 national average of 21.8% (WGEA, 2024). The target variable was encoded as a binary class, with 0 indicating a below-average gap and 1 representing above-average.
The model again utilised a two-layer DNN architecture with a sigmoid output for binary classification. As demonstrated in Table 3, the classifier achieved a high accuracy of 91.9% on the test set. Sensitivity and specificity metrics were balanced, with 313 true positives and 1120 true negatives. Notably, 70 false positives were recorded – suggesting a slight bias towards predicting above-average GPG when actual values were below average.
These results indicate that the classifier has strong practical utility, particularly for regulatory or policy-making contexts where early identification of high-risk employers is crucial.
To contextualise the neural network’s performance, classification accuracy benchmarks were also computed for logistic regression and decision tree classifiers. These models achieved accuracies of 86.14% and 83.71% respectively, confirming the superior predictive capacity of the deep learning classifier (See Appendix A for details). While numerically seeming modest, a 6-7.5% difference in accuracy translates to hundreds of misclassified employers in practice, which is substantively meaningful for regulators.

Summary of Predictive Insights
Regardless of varying time intervals (T1–T3) and whether linear regression, ensemble methods like random forests, or complex neural networks were employed, the data consistently pointed to several key organizational characteristics, emerging as consistent predictors of gender pay gaps. These included the gender composition within both upper and lower pay quartiles – a critical indicator of vertical segregation. Additionally, employer size, categorized to capture its varying influence, and the specific industry sector an organization operated within, proved to be highly significant. Finally, the presence or absence of certain policy-related indicators, such as flexible work arrangements and secondary carer leave provisions, also played a discernible role. The remarkable consistency of these findings across diverse analytical techniques significantly strengthens their validity and underscores the systemic nature of these disparities.
While all models provided valuable insights, the neural network models, both for regression and classification tasks, demonstrated a superior ability to capture the intricate and often non-linear underlying trends within gender pay inequality. Their advanced architecture allowed for a more nuanced understanding of how these structural factors interact and contribute to pay disparities. This augmented performance suggests that the relationships between organizational characteristics and pay outcomes are more complex than simpler linear associations might suggest, highlighting the power of machine learning in uncovering deeper patterns within large datasets. The clarity with which these models identified key drivers provides a robust foundation for understanding and ultimately addressing the pervasive challenge of the GPG.

[bookmark: _Toc196921675]Interpretation of results
The results from both linear regression and machine learning models strongly reinforce the alternative hypothesis that structural workplace characteristics play a significant role in determining GPG outcomes across Australian employers. The superior performance of the neural network models in both predicting GPG values and classifying organisations as above or below the national average suggests that the relationships between structural factors and pay outcomes are complex and non-linear. 
The multiple linear regression model confirmed that higher representation of women in senior pay quartiles is associated with lower GPGs. This aligns with previous studies, including Charlesworth and Smith (2018) and WGEA (2023), which highlight the influence of vertical segregation and the systemic undervaluation of female-dominated roles. This result reinforces the argument that addressing representation at leadership levels can have a tangible impact on pay equity outcomes.
Industry division emerged as another significant predictor, with sectors such as Construction, Mining, and Financial Services demonstrating consistently higher GPGs. This mirrors findings in earlier work by IBISWorld (2023) and Fitzsimmons et al. (2021), who attributed embedded wage structures and discretionary remuneration approaches in male-dominated industries to GPG outcomes. The results here strengthen the view that pay gaps are not simply organisational anomalies but are influenced by long-standing sector-specific norms and structural workplace factors.
Interestingly, regression analysis also revealed that organisations with flexible work policies (+3.15% GPG) and secondary carer leave provisions (+1.5% GPG) tend to report higher GPGs. Although this appears counterintuitive, it supports the argument by Cooper and Baird (2022) that these policies are often introduced reactively, after disparities have already been identified, rather than as part of proactive structural change. As such, these policies may indicate an awareness of inequity rather than maturity in managing it. The relationship between flexible work policies and gender pay gaps is explored further, which shows a +3.15% higher GPG for organisations with flexible work arrangements which may reflect employers’ response to existing inequities, rather than preventing them. Their link to higher GPGs highlights reactive, not proactive, organisational behaviour. Accordingly, when flexible work is stigmatized, associated with lower-status roles, or interpreted as a signal of reduced commitment, it can reinforce occupational segregation and widen gendered pay differences (Kelliher & Anderson, 2010). On the contrary, when flexible hours or remote-work options are genuinely supported, they may help especially women who continue to shoulder disproportionate caregiving responsibilities maintain stronger labour-market attachment and avoid career interruptions, reducing pay disparities (Chung & Van der Horst, 2018; Goldin, 2014). Thus, the impact of flexible work on the GPG depends heavily on organizational norms and whether flexible arrangements are equally valued and accessible across genders.
The neural network regression model produced an R² value of 0.7452, with the structural factors considered explaining nearly 75% of the variation in gender pay outcomes. Furthermore, the binary classification model achieved 91.9% accuracy in predicting whether an employer's GPG would exceed the national average. These results from the WGEA dataset demonstrate that non-linear relationships and underlying structural factors such as employer size, industry division, and the distribution of employees across pay quartiles contribute substantially to gender pay disparities and are reliable indicators of GPG outcomes in the Australian context.

[bookmark: _Toc196921676]Implications for Policy and Organizations
This study offers several key implications for both policymakers and organizations. One significant implication points to the power of predictive analytics for targeted monitoring and intervention. The robust performance of the binary classification model developed in this study suggests that machine learning can be a valuable tool for regulatory bodies like the WGEA. By identifying high-risk employers, such tools could enable more focused audits and interventions, ultimately reducing resource strain and improving enforcement efficiency (Ridgeway & Wu, 2021). This approach aligns with the growing interest in explainable artificial intelligence (XAI[footnoteRef:2]) and its application in understanding complex social phenomena (Barredo Arrieta et al., 2020; Molnar, 2022). [2:  AI systems, algorithms, and their outputs that can be understood and trusted by humans, providing transparency into their decision-making processes and the rationale behind their results.] 

Beyond regulatory oversight, organizations themselves can leverage predictive modelling for internal use. Applying similar machine learning tools within their own workforce analytics can facilitate the early identification of existing or emerging pay inequities. This proactive approach supports better planning and enhances transparency in internal remuneration processes, contributing to a more equitable pay structure (Tambe et al., 2019). The insights gained can help organizations address potential disparities before they become ingrained, fostering greater fairness, a concept that underpins much of the literature on gender pay gaps (e.g., Blau & Kahn, 2017).
The findings also strongly emphasize leadership representation as a key lever for change. The data underscores the critical role of greater representation of women in senior roles in addressing the gender pay gap. Claudia Goldin’s extensive research demonstrates that much of the persistent gender earnings disparity stems not from initial entry into the workforce but from structural barriers that emerge as careers progress, particularly around leadership trajectories and family-related career interruptions (Goldin, 2017). Organizations striving to reduce their gender pay gaps should therefore prioritize leadership development pathways, implement robust mentoring programs, and ensure succession planning is approached with a strong gender equity lens (Cook & Glass, 2014; Eagly & Carli, 2007; Ely et al., 2011). Furthermore, regulatory bodies like the WGEA or other governing bodies could consider implementing governance targets, disclosure requirements, or incentives to encourage gender balance at executive levels, thereby supporting broader aspirations for gender pay gap reduction (Fitzsimmons et al., 2021; Georgeac & Rattan, 2019).
Crucially, the study highlights that policy implementation requires cultural change. The observed association between higher gender pay gaps and the presence of flexibility-related policies suggests that merely implementing policies is insufficient. Without a broader shift in organizational culture and accountability, such initiatives may not achieve their intended outcomes (Kelan, 2009; Williams et al., 2013). This aligns with Acker's (2006) concept of inequality regimes, where deeply embedded organizational practices and cultures can perpetuate disparities despite formal policies. A related structural concern here is the part-time penalty, which Coelli (2022) quantifies at approximately 14% of hourly wages, even after accounting for human capital factors. Because part-time roles are disproportionately taken up by women, this penalty compounds over careers, limiting opportunities for development and advancement and entrenching cumulative disadvantage. The persistence of this penalty highlights why cultural change must go beyond formal provisions which suggest a need to address the "flexibility stigma" (Cech & Blair-Loy, 2014; Lott & Klenner, 2018) that can undermine the effectiveness of work-life balance initiatives (Abendroth & Den Dulk, 2011).
Finally, the consistent observation of higher gender pay gaps in industries such as Construction, Mining, and Finance underscores the necessity for industry-specific strategies. This finding indicates that universal approaches may not be effective, and instead, interventions need to be tailored to address the unique sectoral drivers of inequity (Mandel & Semyonov, 2014; Galea et al., 2015). To assist organizations in this endeavour, a Gender Pay Gap Risk Assessment Heat Map Analysis[footnoteRef:3] (Appendix A) can help visualize their specific position within their industry and identify appropriate, targeted interventions. [3:  This illustrates how the relationship between policy implementation and leadership representation potential shapes organisational risk profiles. Organisations positioned in the green “optimal” and “effective” zones demonstrate a balance of strategic policies and strong or moderate leadership representation, suggesting that these employers are well placed to achieve meaningful progress toward equity. By contrast, the yellow caution zones capture employers where either policy design or leadership diversity is underdeveloped, creating conditions of inconsistency or limited impact. The red zones signal the highest risk: employers with restrictive or misaligned policies and low representation, where organisational practices are most likely to entrench disparities. This distribution highlights that meaningful change requires both robust policy frameworks and genuine advancement in women’s leadership representation—neither factor alone is sufficient to mitigate pay inequities.] 
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Limitations
While the models used in this study demonstrated strong predictive performance in identifying factors associated with the gender pay gap, several limitations warrant consideration when interpreting the results. One key limitation stems from the dataset scope. The WGEA dataset, which formed the basis of the analysis, excludes small businesses and public sector organizations with fewer than 100 employees. This exclusion limits the generalizability of the findings to the broader Australian economy, as it does not capture the dynamics within a significant portion of the workforce. Furthermore, the dataset does not account for workers in the gig economy (short-term, casual, and contract labour-based work) or those engaged in unpaid labour. This is particularly relevant given that many traditionally feminized occupations, such as clerical work, data entry, and caregiving, are often found within these sectors. The absence of these workers from the analysis may skew the overall Australian gender pay gap figures and may overlook important insights into potential improvement strategies (Coelli, 2022). 
The dataset does not provide consistent information on the number of specific measures, the extent of employee uptake, or the proportion of employees utilising these arrangements at the employer level. Consequently, the analysis captures the existence of policies rather than their intensity or usage. Therefore, we should note that the observed positive association between these policies and higher GPGs should be interpreted as reflecting structural or cultural dynamics, rather than policy effectiveness per se.
Another limitation relates to the depth and exclusion of variables. The WGEA data, and consequently the modelling, does not account for potentially important individual-level factors such as tenure, educational background, ethnicity, disability, or specific job roles. The omission of these variables may oversimplify the complex interplay of factors that contribute to the gender pay gap and may underestimate the true complexity of its determinants. 

Future research directions
[bookmark: _Toc196921679]Building upon the findings and acknowledging the limitations of this study, several promising avenues for future research emerge. One important direction is longitudinal analysis. Examining how structural predictors of gender pay gaps evolve over time could provide valuable insights into the effectiveness of policy interventions and organizational changes (Charlesworth & Smith, 2018). Tracking changes over time would allow researchers to assess whether specific policies or initiatives actually lead to a reduction in the gender pay gap, or whether other factors are at play.
Another crucial area for future research is intersectional approaches. Extending predictive models to account for the intersections of gender with other identity factors, such as age, ethnicity, and disability, could provide a more nuanced and comprehensive understanding of gender pay disparity in Australia (Baxter & Hewitt, 2021). This approach recognizes that the experience of gender inequality is not uniform and that individuals may face multiple forms of disadvantage based on their intersecting identities.
Finally, future research should prioritize the integration of small businesses, the gig economy, and unpaid labour into the analysis of the gender pay gap. Developing specialized metrics to capture how non-standard employment arrangements contribute to gender pay disparities is essential, given that these sectors are currently missing from existing datasets (Wooden, 2017). Understanding the dynamics of the gender pay gap in these sectors is critical for developing effective and inclusive policies aimed at achieving gender pay equity across the entire Australian workforce.

Figure S1
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Figure S2
Confusion Matrix - logistic regression and decision tree classifiers
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