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Abstract

The Australian Army faces significant workforce growth challenges over the next decade. Our study uses machine
learning (ML) with human resource data to predict individual voluntary separation decisions to support retention
targets.

*  We use a two-stage approach. Stage 1 predicts ‘who separates’ through supervised classification. Stage 2 predicts
‘when separation occurs’ through predictive survival analysis. We evaluate the best performing models, and which
features were most important to predictive performance.

* Stage 1 found tree ensemble and gradient-boosted model perform exceptionally well. The best performing model,
Light Gradient-Boosting Machine, achieves an Average Precision of 0.99. In Stage 2, Random Survival Forest
accurately predicts separation timing, achieving an Unos Concordance Index of 0.97.

* Unemployment rates and job-search duration consistently dominated feature importance analyses. However, we
observe non-linear and non-monotonic relationships that contradict standard labor economic theory, suggesting
broader structural factors or events may influence predicted separation risk.

* These findings show that ML is effective in processing large and complex datasets for predicting separation risk and
identifying key drivers for further study and policy intervention.

Methods

* Person-month administrative dataset joined with

performance, operations, separation and economic
data (FY2015-16 to FY2024-25)

* Use workforce turnover theory to engineer features
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* Two stage ML process
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* Compare model predictive performance
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* Assess and interpret feature importance using e s s
Permutation Importance, Shapley Additive
Explanation, and ACCllmlﬂated Local EffeCtS Accumulated Local Effects — Predicted Probability of

ALE: Age_at Hire ALE: Months_Since Promotion

 Landmarkat 1, 3, 6, and 12 months prior to separation
and test model predictive performance

STAGE 1: SUPERVISED CLASSIFICATION

TRAIN > VALIDATE > TEST Evaluate Models
Average Precision

NAIVE LOG RIDGE LASSO ELASTIC
BAYES REG REG REG NET

30 35 40 0 20 40 60 8
Age_at_Hire Months_Since_Promotion
Evaluate Features ALE: Cohort_Rank_Proportion ALE: Unemployment_Perseons_pct 3mAvg prev

e ranpom | | FOREME o CAT Permutation Importance
REG FOlE BOOST BOOST Bl S h a p ley Va lu e
Evaluate Model 3 3
STAGE 2: PREDICTIVE SURVIVAL ANALYSIS Survival Functions : :
Hazard Functions < <
BASELINE TRAIN > TEST Uno’s C-Index 2 3
KQEILEAF':‘ PCROOXP > SSFT\ET\?:'L 0}??32?:?50 Evaluate Features
e o Priorto Separation PermUtation Importance 0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 3.5 4.0 4.5 5.0 5.5 6.0
Accumulated Local Effects Cohort_Rank_Proportion Unemployment_Persons_pct_3mAvg_prev
Tree ensemble and gradient-boosted models Evaluate neural networks and deep survival models for
performed strongly in both stages predictive performance using longitudinal data
o Strong predictive abﬂity at 1. 3. 6. and 12 month o Investigate macro-economic effects on separation and
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landmarks prior to separation whether they proxy structural or real-world events
+  Macro-economic and career dynamic features were « Utilize ML findings to direct causative studies and
most important to predicting separation. retention policies
Demographic features displayed little influence.  Utilize ML to predict potential outcomes of
interventions

Samuel Lam, MAJ, Australian Army

Advisors: Dr Sae Young Ahn
Dr Ruriko Yoshida

‘ DRAESTANTIA PER SCIENT44 ’




	Slide Number 1

