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Abstract: Employee attrition imposes high financial and organizational costs, with preventable de-
partures typically far more expensive than false alarms. This study frames attrition prediction as
a decision-support problem and introduces a leakage-aware framework that leverages LLM-based
augmentation to generate realistic minority-class samples. Using the IBM HR dataset, we benchmark
classical, tree-based, transformer, and AutoML models. Results show that LLM-based augmentation
consistently improves recall of potential leavers, even when AUC or Average Precision remain sta-
tistically unchanged. From a managerial perspective, higher recall enables organizations to prevent
more costly departures at the expense of only modest increases in false positives, producing a favor-
able cost-benefit balance. SHAP analyses confirm that key drivers such as overtime, mobility, and
job satisfaction remain interpretable and actionable, while fairness analysis shows small subgroup
disparities, supporting equitable deployment. Overall, the proposed framework demonstrates how
leakage-aware, recall-oriented augmentation can translate generative Al advances into transparent, fair,
and decision-relevant tools for HR retention, with potential applicability to other rare-event domains
such as churn, fraud, and risk prediction.

Keywords: employee attrition; decision support; HR analytics; cost savings; interpretability; fairness

1. Introduction

Employee attrition creates a decision problem with asymmetric costs. HR leaders must allocate
limited retention budgets under uncertainty and trade off missed preventable departures against
avoidable interventions. Credible industry evidence estimates replacement costs at about 0.5-2.0 x
annual salary per role, totaling roughly USD 1 trillion per year in the U.S. [1]. We therefore frame
attrition prediction as decision support. A useful model prioritizes the minority class (Attrition=Yes)
at tolerable false-alarm rates, produces interpretable outputs that guide action, and supports equitable
decisions across subgroups.

A practical barrier is that widely used HR datasets are small and highly imbalanced. A common
shortcut—"balance then split” (e.g., oversampling before cross-validation or a hold-out split)—leaks
target information across folds and biases estimates, especially for small tabular data [2]. Reproducibil-
ity checklists in leading venues also call for explicit disclosure of data handling and leakage controls [3].
These points motivate leakage-aware evaluation for any augmentation that seeks to improve minority
recall and the precision-recall trade-off.

Recent progress in LLM-based augmentation offers a principled augmentation route. GReaT encodes
rows as text, fine-tunes an autoregressive transformer, and supports arbitrary conditioning to sample
realistic rows that capture cross-feature dependencies [4]. We apply conditional sampling strictly
within training folds to synthesize minority instances without breaking out-of-fold integrity, aiming to
improve decision-relevant metrics.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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1.1. Related Work

We review methods for class imbalance, LLM-based augmentation, and standards for interpretabil-
ity, fairness, and rigorous evaluation. Classical remedies such as SMOTE/ADASYN and tabular GANs
appear frequently in HR analytics; however, unless resampling remains strictly in-fold, these methods
induce optimistic bias via leakage [2]. In contrast, LLM-based augmentation (e.g., GReaT) model joint
dependencies over textual encodings and enable arbitrary conditioning without bespoke retraining,
making them suitable for principled augmentation when applied in-fold [4].

For transparency, SHAP is a common choice to attribute predictions to features and to translate
them into actionable managerial levers [30]. To assess equity, we follow the equal opportunity criterion
and report true positive rate (TPR) gaps across demographic subgroups [29]. For rigorous comparison,
we pair ROC-AUC/PR-AUC with statistical tests for AUC differences (e.g., DeLong) when appropriate.

1.2. Research Gap
From a decision perspective, the literature lacks:

1.  Leakage-free, decision-relevant evaluations of LLM-based augmentation on highly imbalanced
HR data, with metrics and summaries aligned to asymmetric costs and budget constraints;

2. Head-to-head evidence on how classical ML versus a compact transformer—MLP exploit synthetic
minority samples under identical, leakage-controlled protocols;

3. Demonstrations that numeric gains translate into interpretable, actionable, and fair decisions
(higher minority recall at tolerable false-alarm rates, SHAP levers mapping to HR actions, and
bounded subgroup TPR gaps);

4.  Systematic analysis of synthetic scale effects (progressive augmentation) to guide budgeted deploy-
ment.

1.3. Our Contributions

®  Decision-centric LLM augmentation. We adapt GReaT-style conditional generation [4] to synthe-
size minority (Attrition=Yes) records strictly within training folds, select models on validation
folds, and leave test folds untouched, with the goal of reducing costly false negatives.

e Leakage-controlled evaluation. We use a repeated, stratified hold-out/cross-validation design
and keep all fine-tuning and synthetic generation in-fold, addressing the oversampling-before-
split bias [2] and aligning with checklist expectations on data handling and reproducibility [3].

®  Dual benchmark suite and statistics. We compare logistic and boosted-tree baselines to a
compact transformer-MLP; we report ROC-AUC, PR-AUC, balanced accuracy, and decision-
facing summaries (alerts per true save), and apply DeLong tests for AUC differences across
seeds.

¢  Interpretability and fairness. We provide SHAP explanations as retention levers [30] and monitor
equal-opportunity gaps (TPR parity) across demographic subgroups [29].

*  Progressive augmentation guidance. We trace performance and intervention load across synthetic
scales (e.g., 0.25x to 4x the minority count) and identify robust operating regions for practice.

*  Open artifacts. We release code, prompts, and configs to support reproduction consistent with
community checklists [3].

1.4. Paper Structure

Section 2 describes datasets and the GReaT-based generation pipeline. Section 3 reports results
under leakage control, including progressive augmentation. Section 4 interprets decision impacts,
subgroup fairness, and ethics. Section 5 concludes and outlines deployment-oriented next steps aligned
with MDPI's DSAM emphasis on bridging methods and managerial decision-making [28].
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2. Materials and Methods
2.1. Dataset and Preprocessing

We use the IBM HR Attrition dataset (about 1.5k employees) with demographic, performance,
and workplace factors and a binary attrition label (“Yes”/“No”). The minority (“Yes”) rate is roughly
15-17%, which makes both learning and evaluation non-trivial[31].

As Figure 1 shows, we avoid leakage by fitting all preprocessing on the training split only and then
applying it to validation/test. We standardize numerical features and one-hot encode categorical
features using a standard transformer stack[5,6]. We adopt a stratified 70/30 train—test split with a
fixed random seed to preserve class ratios across runs[7,8].
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Figure 1. Leakage-Aware LLM Augmentation Framework

To illustrate class overlap, we project the training set into two dimensions using PCA and t-
SNE. PCA gives a linear projection that retains maximum variance; t-SNE provides a non-linear,
neighborhood-preserving view for exploration[10-13]. As shown in Figure 2, attriting and non-
attriting employees intermingle instead of forming a distinct cluster. Single drivers (e.g., OverTime,
JobSatisfaction) cannot fully separate the classes, which suggests that higher-capacity models and
augmentation may help.
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Figure 2. Visualization of the training data in (left) PCA and (right) t-SNE space. Purple points denote non-attrition
and yellow points denote attrition. The considerable overlap highlights the challenge.

2.2. Synthetic Data Generation

To address class imbalance, we synthesize minority (Attrition=Yes) samples via LLM-based
augmentation. We adopt GReaT (Generation of Realistic Tabular data)[4], which fine-tunes an
autoregressive LLM on text-encoded rows and supports fully-conditional sampling. All fitting and
sampling occur strictly within training folds to keep evaluation leakage-free.

LLM setup.

We fine-tune a distilled transformer (~1.5B parameters) on the training split’s positive cases
using LoRA adapters (low-rank updates with frozen base weights) to cut trainable parameters and

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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memory. After up to 100 epochs, we sample additional “Yes” instances. For diversity and control, we
enable quided sampling (feature-by-feature generation) with a random feature order and temperature
0.7, which GReaT recommends for wide, mixed-type tables.

Scale of augmentation and validity checks.

We add N=50 and N=100 synthetic “Yes” records (about 25% and 50% oversampling of the
minority class) to the original training data. We apply schema/range checks (e.g., nonnegative age
and working years), de-duplicate near-duplicates, and drop any constraint violations before training.

CTGAN baseline.

For comparison, we train a CTGAN baseline on the same in-fold training data using
ydata-synthetic[16]. We set epochs= 500, latent/embedding= 128, generator dims= (256,256), critic
dims= (256,256), PAC= 10, batch= 64, and Adam with learning rate 2x10~% and (81, 82) = (0.5,0.9).
CTGAN uses conditional vectors and training-by-sampling for imbalanced discrete columns and
mode-specific normalization for non-Gaussian continuous features[25]. We monitor generator / critic
losses, checkpoint the best model, and use conservative early stopping. Relative to CTGAN, the
GReaT pipeline is operationally simpler (no adversarial dynamics or heavy retuning) while retaining
fully-conditional sampling.

2.3. Predictive Models and Training
We evaluate five classifiers:

1.  Logistic Regression (LR). Linear baseline with L, regularization and class weighting[9].
Random Forest (RF). An ensemble of trees (11trees=100) with balanced in-bag subsampling to
address imbalance (balanced random-forest style)[18,20].

3. XGBoost. Gradient-boosted trees with depth and learning rate tuned via cross-validation; we set
scale_pos_weight for imbalance[21,22].

4.  TabTransformer. A transformer-based model that learns contextual embeddings for categorical
features; we follow Huang et al. with three self-attention layers and train for 40 epochs using
binary cross-entropy[27].

5. AutoGluon-Tabular. An AutoML stack/ensemble (trees and neural nets) trained in multiple
layers; we use the best_quality or extreme_quality preset on GPU[17,33].

All models use the same training split. Baselines train on original data; augmentation runs refit
on the augmented set (original 4 synthetic). For LR we set class_weight=’balanced’; for XGBoost
we tune scale_pos_weight; for RF we downsample the majority class within each bootstrap draw.
We select hyperparameters (e.g., LR regularization, XGBoost depth/learning rate) by grid search with
5-fold stratified cross-validation optimizing ROC-AUC; AutoGluon performs its own internal tuning.
No model accesses any information about the “Attrition” label beyond its training data[19,23,24].

2.4. Evaluation Metrics

We evaluate discrimination, fairness, calibration, interpretability, and augmentation scalability.

¢  Discrimination. We report ROC-AUC and Average Precision (AP; area under the Precision-Recall
curve[39]) on the test set and plot ROC and PR curves (Figure 3(b)). PR curves emphasize
minority-class performance when positives are rare[38,42]. We also show a confusion matrix for
the best model (Figure 4(a)) and derive precision and recall for the attrition class. In PR space, the
no-skill baseline is a horizontal line at the positive prevalence (here ~ 15%), and AP measures
improvement over this baseline.

e  Fairness. Following equal opportunity, we compute the true positive rate (TPR) for females and
males and report the TPR gap ATPR = |TPRa1e — TPRfemate| On the test set[29]. We do not impose
fairness constraints; this diagnostic surfaces potential bias. Because base attrition rates differ
slightly by gender, we report groupwise TPRs alongside the gap.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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e  Calibration. We assess probability calibration with reliability diagrams (Figure 4(b)) and report
the Brier score (mean squared error between predicted probabilities and outcomes; lower is
better)[40,41].

e Interpretability. We use SHAP to attribute predictions and summarize global importance for
the top model (AutoGluon ensemble)[30]. A SHAP summary plot (Figure 6) ranks features and
visualizes value distributions, helping verify alignment with HR factors (e.g., OverTime, Age,
MonthlylIncome, JobSatisfaction).

®  Scalability and augmentation impact. Starting from the baseline, we evaluate after adding +50
and +100 synthetic “Yes” examples (training size increases of roughly 17% and 34%). We track
ROC-AUC, AP, fairness (TPR gap), and calibration (Brier), and visualize PR curves for AutoGluon
and TabTransformer (Figure 5(b)). We also overlay real vs. synthetic projections (PCA /t-SNE)
to monitor drift. In our runs, GReaT samples followed the real-data structure and preserved
salient correlations, while CTGAN required careful tuning to avoid artifacts (e.g., duplicates or
out-of-range values), consistent with prior reports[25].

We compared ROC-AUC across K = 6 models, and six AutoGluon variants trained with different
augmentation settings (LLM+50/100/200 and GAN+50/100/200), all evaluated on the same test set
using DeLong’s variance-covariance estimator. First, we ran an omnibus Wald x? test with df = K — 1
to assess whether all AUCs are equal. If significant, we conducted pairwise DeLong tests on AUC
differences, reporting AAUC, z,and two-sided p.To control multiplicity, we applied Holm (FWER) and
Benjamini—-Hochberg (BH-FDR) corrections to the pairwise p-values. DeLong 95% Cls for individual
AUCs were computed via the normal approximation.

2.5. Critic-Based Filtering for Quality Enhancement

To further improve LLM-based synthetic data, we add a post-hoc critic-based filter that reuses the
discriminator of a CTGAN trained on the fraining split. After fitting CTGAN, we freeze its discriminator

Dcrgan(x) and score each LLM-GReaT sample x by the logit s(x) = log f%m, which is

proportional to pgata(¥)/pg(x) under the optimal discriminator.! We then rank LLM-generated
records by s(x) and retain the top-K (or top-q%), discarding low-scoring outliers. This yields an
augmented set with higher fidelity while preserving coverage.

Design and safeguards.

(i) Leakage control: we train the critic strictly in-fold and only score LLM samples from the same
fold; (ii) Calibration (optional): we can apply temperature scaling on a small validation subset before
ranking; (iii) Budgeted selection: we set K or q on validation to balance fidelity and diversity.

Relation to prior art.

This filter follows the idea of using a GAN discriminator for rejection/subsampling (e.g., Discrim-
inator Rejection Sampling and MH-GAN), adapted here to tabular LLM outputs as a post-hoc quality
gate. It adds no extra training beyond the CTGAN baseline and is lightweight for practice. We leave a
detailed ablation to future work.

3. Results
3.1. Overall Model Performance

Table 1 summarizes test metrics, and Figure 3 shows ROC/PR curves. AutoGluon-Tabular
performs best (ROC-AUC = 0.902, AP = 0.761). TabTransformer is a close second (ROC-AUC = 0.899,
AP = 0.704). Logistic Regression (ROC-AUC = 0.894, AP = 0.698) and XGBoost (ROC-AUC = 0.841,
AP = 0.629) follow. Random Forest has a similar ROC-AUC (0.852) but a lower AP (0.568), indicating

: *(x) — ata (X) D*(x)  _ Pdata(¥)
1 At the GAN optimum D*(x) = pda:,?xt)Jr);g(X)’ S0 LD*"(’Y) = P;;(X;( .
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faster precision decay as recall increases. In short, ensemble/transformer models outperform linear or
tree baselines on this task.

Table 1. Overall performance (mean over 20 repeated stratified splits). AutoGluon-Tabular ranks first on ROC-
AUC and AP, followed by TabTransformer; tree-based and linear baselines are lower.

Performance Evaluation

Model

ROC AUC Precision Recall F  Avg Precision
AutoGluon 0.902 0.900 0.409 0.562 0.761
TabTransformer 0.899 0.827 0.363  0.505 0.704
Logistic Regression 0.894 0.833 0.303 0.444 0.698
Random Forest 0.852 0.800 0.181 0.29 0.568
XGBoost 0.841 0.800 0.363  0.500 0.629

. . . Precision-Recall Curves Comparison
Comparative Analysis of Classifier Performance

08 0.8

0.6 0.6

Precision

0.4
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0.4
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Logistic Regression (AUC=0.895)
—— Random Forest (AUC-0.853)

, —— XGBoost (AUC=0.842)

0.0 ——  K-Nearest Neighbors (AUC=0.684)

Autogluon-Tabular (AP=0.761) —— Random Forest (AP=0.568)
—— TabTransformer (AP=0.704) —— XGBoost (AP=0.629)
Logistic Regression (AP=0.698) —— K-Nearest Neighbors (AP=0.326)
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0.0 0.2 0.4 0.6 0.8 1.0 0.0 02 04 06 08 10
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(a) ROC (no augmentation). AutoGluon and  (b) Precision—Recall (no augmentation). AutoGluon sustains
TabTransformer lead in the high-recall region.  higher precision across recall; RF and XGBoost drop faster.

Figure 3. Baseline ROC and Precision—Recall on the test set (no augmentation). AutoGluon-Tabular attains the
best discrimination and AP (AUC ~ 0.88, AP = 0.761), followed by TabTransformer (AUC =~ 0.85, AP = 0.704)
and Logistic Regression (AUC = 0.83, AP = 0.698). The dashed PR line is the no-skill precision at the attrition
rate (= 0.15). The omnibus DeLong/Wald test rejects equality of AUCs (x2(5) = 45.469, p = 1.165 x 1078).
Holm-adjusted post-hoc (FWER) indicates AutoGluon > {XGBoost, Random Forest, KNN} and {TabTransformer,
Logistic Regression, XGBoost, Random Forest} > KNN; all other pairwise differences are n.s. (pjoim > 0.05).

To ground the effect, Figure 4(a) reports the AutoGluon-Tabular confusion matrix. Of 375 non-
attrition employees, 368 are true negatives and 7 false positives; among 66 attrition cases, 30 are true
positives and 36 false negatives. Thus accuracy = 90.2%, precision (attrition) = 81.1%, and recall
(attrition) = 45.5%. High precision means few false alarms; moderate recall suggests threshold tuning
can trade precision for more coverage of at-risk employees.
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Acc=0.902 Prec(Yes)=0.811 Rec(Yes)=0.455 F1(Yes)=0.583 1.0 -
1.0 -
0.8
368 0.8
(98.1%) 8
X 2
= 0.6
06 2
< [
£ =
S S
g =04
0.4 2 131
<
< 2
36 30
0, 0,
(54.5%) (45.5%) o2 -
—8— Observed
o= Approx. 95% CI
2 - T e Perfect calibration
0.0 0.0 | g MO
A 0.0 0.2 0.4 0.6 0.8 1.0
Predicted Mean Predicted Probability
(a) Confusion matrix for AutoGluon-Tabular. (b) Calibration curve (reliability diagram) on the test set.

Closer to the diagonal is better; error bars are binomial.

Figure 4. Confusion matrix and calibration of AutoGluon-Tabular, side by side for compact comparison.

3.2. Fairness Analysis

We assess gender fairness under equal opportunity (groupwise TPR on the attrition class). For
AutoGluon-Tabular, female TPR is 42.1% and male TPR is 50.0%, so the TPR gap is about 8%. This
indicates slightly higher sensitivity for males. Because base rates differ slightly by gender, we track
both groupwise TPRs and the gap; we do not impose fairness constraints in training. False positive
rates are low (about 2-3%) and similar across genders.

3.3. Reliability and Calibration

Figure 4(b) shows a reliability diagram for AutoGluon-Tabular. Predictions are well calibrated at
low probabilities, with mild underestimation in the mid-range. The Brier score is 0.103, better than
logistic regression (0.129). A constant forecaster at the base rate (15%) would achieve p(1 — p) ~0.1275.
We did not apply post-hoc calibration (e.g., Platt scaling or isotonic regression) to keep the evaluation
on raw outputs.

We next compare LLM-based augmentation (GReaT) to CTGAN. Figure 5 contrasts three training
sets per model (none, +50, +100 synthetic “Yes”). For AutoGluon-Tabular, AP declines slightly as
synthetic size grows; TabTransformer drops more. The likely cause is small distributional shifts from
synthetic samples. CTGAN shows higher precision at small scales but lower recall. Overall, ROC is
stable across scales, whereas PR exposes method-specific trade-offs.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Precision-Recall Curves Between Different Data Augmentation Strategies

Performance Between LLM-GReaT and GAN Data Augmentation
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(a) ROC under augmentation. ROC is compar- (b) Precision—Recall under augmentation. LLM-based augmen-
atively stable across LLM-based augmentation tation tends to favor recall/F; at moderate scale; CTGAN favors
(GReaT) and CTGAN. precision.

Figure 5. ROC and PR with synthetic augmentation (LLM-based augmentation via GReaT vs. CTGAN). ROC
varies little with scale, while PR reveals trade-offs: for AutoGluon, AP decreases slightly with +50/ 4 100
(0.761 — 0.748 — 0.736); TabTransformer drops more (0.704 — 0.605/0.607). CTGAN tends to raise precision at
small scales at a cost to recall. Over-augmentation degrades PR, highlighting the need for quality control.

3.4. Interpretability of Model Predictions

To ensure transparency, we examine SHAP for AutoGluon-Tabular (Figure 6). OverTime, Busi-
nessTravel, NumCompaniesWorked, JobRole, and DistanceFromHome have the largest effects. Signs align
with HR intuition: more overtime, frequent travel, many past employers, certain roles, and long
commutes raise risk; satisfaction and tenure dynamics moderate it. Sensitive attributes (e.g., gender)
are not top drivers, which lowers fairness concerns and yields actionable levers.

3.5. GReaT vs. GAN: Practical Comparison

GReaT fine-tuning is straightforward and stable, yielding diverse, plausible samples. CTGAN
is powerful but requires careful tuning and can produce near-duplicates or constraint violations that
need filtering. Multiple LLM sampling runs are more consistent than GAN runs in practice. For reuse,
LLM-based augmentation adapts with light prompting or brief fine-tuning; GANSs typically need full
retraining.

Table 2 shows two patterns. First, both families peak near +100 synthetic samples (LLM: higher
F; /recall; GAN: balanced F; /MCC). Larger scales (+200) degrade PR metrics, suggesting distributional
noise. Second, LLM-based augmentation tilts toward recall/ F; (broader coverage), while GAN-based
augmentation tilts toward precision (fewer alerts but more misses). The choice depends on whether
the HR program prioritizes coverage or intervention efficiency.

Table 2. LLM- vs. GAN-based augmentation with AutoGluon. Metrics include ROC-AUC, Accuracy, Precision,
Recall, F;, Balanced Accuracy, and MCC. Results suggest an optimal region near +100 samples, with degradation

at +200.
Method Aug. Size ROCAUC Acc Precision Recall F  MCC
50 0.906 0.907 0.857 0.455 0.594 0.582
LLM-based 100 0.902 0.914 0.833 0.530 0.648 0.622
200 0.897 0.900 0.824 0424 0560 0.546
50 0.904 0.912 0.966 0.424 0589 0.607
GAN-based 100 0.901 0.912 0.865 0485 0.621 0.607
200 0.897 0.909 0.842 0485 0.615 0.596
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Figure 6. SHAP summary for AutoGluon-Tabular. Features are ordered by mean absolute SHAP. Red points
indicate higher feature values; blue points indicate lower values. Key features such as OverTime, BusinessTravel,
NumCompaniesWorked, JobRole, and DistanceFromHome dominate attributions.

The omnibus DelLong test was significant(x?(5) = 45.469,p = 1.165 x 10~%), indicating
heterogeneous ROC-AUCs across models (Table 3). AutoGluon achieved the highest AUC
(0.902[0.859, 0.945]), losely followed by TabTransformer (0.900[0.860,0.939]) and Logistic Regression
(0.895[0.854, 0.936]). Random Forest (0.853) and XGBoost (0.842) were lower, while KNN underper-
formed (0.684[0.612,0.757)).

Table 3. ROC-AUC with DeLong 95% confidence intervals on the common test set. Omnibus DeLong/Wald test:
X2(5) = 45.469, p = 1.165 x 1078.

Model AUC 95% CI (DeLong)
AutoGluon 0.902 [0.859,0.945]
TabTransformer 0.900 [0.860,0.939]
Logistic Regression  0.895 [0.854,0.936]
Random Forest 0.853 [0.802,0.904]
XGBoost 0.842  [0.784,0.899)
KNN 0.684 [0.612,0.757]

Post-hoc pairwise DeLong tests (Table 4) showed that AutoGluon outperformed XGBoost, Ran-
dom Forest, and KNN after Holm correction (AAUC = 0.060, prorm = 2.160 x 1072;0.049, priom =
2.464 x 1073;0.218, proim = 7.459 x 1078). Differences between AutoGluon and Logistic Regression
or TabTransformer were not significant after correction. Consistently, KNN was significantly worse
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than XGBoost, Random Forest, Logistic Regression, and TabTransformer (all Holm p < 0.001). Several
uncorrected p-values near 3 x 102 (e.g., XGBoost vs. Logistic Regression /TabTransformer; Random
Forest vs. Logistic Regression/TabTransformer) did not survive Holm FWER control, though they
were borderline under BH-FDR.

Table 4. Pairwise DeLong post-hoc comparisons on the common test set. AAUC = AUC(Model i) — AUC(Model

j)- PHolm controls FWER; ppy controls FDR. Entries with pyo,, < 0.05 are in bold.

Model i Model j AAUC z p (raw) PHolm PBH
AutoGluon XGBoost 0.060  3.040 2.400x 1073 2160x10"2 5.142 x 10—3
AutoGluon Random Forest 0.049 3.670 2464x107* 2464 x1073 6.161 x 10~*
AutoGluon KNN 0.218 5840 5.328x1077 7.459x 1078 3.996 x 108
AutoGluon Logistic Regression ~ 0.007  0.480 6.302 x 107! 1.000 7.112 x 107!
AutoGluon TabTransformer 0.003  0.140 8.848 x 107! 1.000 8.848 x 101
XGBoost Random Forest —0.011 —0.610 5.397 x 10! 1.000 6.746 x 101
XGBoost KNN 0.158  4.000 6.294x107° 6.923 x107% 1.888 x 1074
XGBoost Logistic Regression  —0.053 —2.100 3.556 x 1072 2.237 x 107!  4.849 x 1072
XGBoost TabTransformer —0.058 —2.120 3.380x 1072 2237 x10°! 4.849 x 102
Random Forest KNN 0.169 4710 2494 x10°® 2993 x 10> 9.354 x 10~°
Random Forest Logistic Regression —0.042 —2.150 3.159 x 1072 2237 x 107!  4.849 x 102
Random Forest TabTransformer —0.047 —2200 2797 x107%2 2237 x10"! 4.849 x 1072
KNN Logistic Regression —0.211 —5.640 1.663 x 1078 2.162x10~7 8.314 x 1078
KNN TabTransformer —0.215 —6.040 1578 x 1077 2366 x 10~8 2366 x 108
Logistic Regression TabTransformer —0.005 —0.430 6.637 x 107! 1.000 7112 x 107!

The omnibus DeLong test did not reject equality of AUCs (x2(5) = 2.765,p = 7.361x 1), in-
dicating no detectable AUC differences among augmentation settings (Table 5). Numerically, the
AUCs were tightly clustered around 0.90: LLM+50= 0.906[0.864, 0.947], GAN+50 = 0.904[0.861,0.948],
LLM+100 = 0.902[0.860, 0.944], GAN+100 = 0.901[0.858,0.944], and both LLM+200 and GAN+200
= 0.897[0.856, 0.939]. In post-hoc pairwise tests (Table 6), no contrast remained significant after Holm
correction. Practically, AutoGluon’s ROC discrimination appears stable across augmentation type
and size in this data; to assess rare-event sensitivity, we recommend complementing ROC-AUC with
PR-AUC /recall comparisons (e.g., paired bootstrap for AP).

Table 5. ROC-AUC with DeLong 95% ClIs on the common test set across augmentation settings. Omnibus
DeLong/Wald: x*(5) = 2.765, p = 7.361 x 1071

Variant AUC 95% CI (DeLong)
LLM+50  0.906 [0.864, 0.947]
GAN+50  0.904 [0.861, 0.948]
LLM+100  0.902 [0.860, 0.944]
GAN+100 0.901 [0.858, 0.944]
LLM+200 0.897 [0.856, 0.939]
GAN+200 0.897 [0.856, 0.939]
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Table 6. Pairwise DeLong comparisons among augmentation variants on the common test set. AAUC =
AUC(Variant i) — AUC(Variant j). Holm controls FWER; BH controls FDR. No contrast remains significant after

Holm correction.

Varianti  Variantj @ AAUC z p (raw)  PHolm PBH
LLM+50  LLM+100 0.004 0.590 5.522x 1071  1.000 9.451 x 101
LLM+50  LLM+200 0.008 1200 2.315x10~!  1.000 9.451e-01
LLM+50  GAN+50 0.001 0.200 8.440 x 10~'  1.000 9.738e-01
LLM+50  GAN+100 0.004 0.610 5.391x 10!  1.000 9.451e-01
LLM+50  GAN+200 0.008 0.980 3.285x 107!  1.000 9.451e-01
LLM+100 LLM+200 0.004 0.800 4.241 x 10~'  1.000 9.451e-01
LLM+100 GAN+50 —0.002 —0.270 7.866x 10~!  1.000 9.738e-01
LLM+100 GAN+100 0.001 0.060 9.497 x 10! 1.000 9.808e-01
LLM+100 GAN+200 0.005 0.480 6.300 x 10~'  1.000 9.451e-01
LLM+200 GAN+50 —0.007 —0.710 4.791x10~!  1.000 9.451e-01
LLM+200 GAN+100 —0.004 -0.360 7.161x 107!  1.000 9.738e-01
LLM+200 GAN+200 0.000 0.020 9.808 x 10~!  1.000 9.808e-01
GAN+50  GAN+100 0.003 0.570 5.715x 1071  1.000 9.451e-01
GAN+50  GAN+200 0.007 1.000 3.188 x 10~!  1.000 9.451e-01
GAN+100 GAN+200 0.004 0.570 5.681 x 10~!  1.000 9.451e-01

4. Discussion

Our findings show that LLM-based augmentation (GReaT) can meaningfully support decision-
centric attrition prediction, with the most consistent benefit being an increase in recall (sensitivity) for
the minority class. Across experiments, augmented models caught more true positives—i.e., more
at-risk employees—than their non-augmented counterparts. In decision contexts where missed leavers
(false negatives) cost more than false alarms, this gain in recall is practically valuable. For example,
recall improvements from 60% to 70% among 100 potential leavers translate into preventing 10 extra
departures, which can yield large savings relative to the incremental costs of false positives.

Selective Metric Gains. It is important to note that this recall improvement does not extend
uniformly to all metrics. Discrimination measures such as ROC-AUC remained essentially unchanged
or slightly lower with LLM augmentation, and Average Precision (AP) showed no significant uplift.
Statistical tests (DeLong’s test) confirm that observed AUC differences between augmented and non-
augmented models are not statistically significant. This indicates that the main performance shift is
selective: recall improves while AUC and AP remain stable. The underlying mechanism is intuitive:
oversampling with synthetic positives shifts the classifier’s boundary to capture more positives, raising
sensitivity but at the cost of a modest increase in false positives. Precision therefore does not improve
proportionally, explaining why composite metrics like AP and AUC stay flat.

Cost-Benefit Implications. From a managerial perspective, the asymmetry between false neg-
atives and false positives provides the rationale for prioritizing recall. Industry evidence estimates
replacement costs at roughly 0.5-2.0 x annual salary and pegs U.S. annual voluntary turnover losses
near $1T.% If recall gains prevent 10 departures at $60k each (saving $600k), while five extra false
positives each cost $5k in intervention ($25k), the net benefit is about $575k. This stylized example
illustrates why recall-oriented augmentation strategies can deliver strong ROI despite modest precision
trade-offs.

Model Interpretability and Feature Insights. SHAP analyses confirm that both augmented and
baseline models identify similar, intuitive drivers (OverTime, BusinessTravel, NumCompaniesWorked,

2 Leaders and scarce roles tend to sit near the upper end.
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satisfaction and tenure signals). The consistency of feature importance across augmented and non-
augmented runs supports face validity and stakeholder trust, ensuring that recall gains do not come at
the expense of interpretability.

Comparison to Other Augmentation Methods. Relative to CTGAN, GReaT is operationally
simpler (no adversarial dynamics), supports fully conditional sampling, and produced diverse yet
plausible records. CTGAN remained competitive but required careful tuning and occasionally gen-
erated near-duplicates at small scales. Both methods show characteristic trade-offs: GAN-based
augmentation leaned toward higher precision at small scales, while LLM-based augmentation favored
recall/F;. Over-augmentation hurt both, highlighting the need to tune augmentation rather than
maximize it.

Precision—Recall Balance and Filtering. Our results align with a known generative trade-off:
greater synthetic diversity expands recall of the data manifold but can lower fidelity (precision)[48].
To mitigate this, we applied critic-based filtering—scoring LLM samples with a trained CTGAN dis-
criminator and retaining only high-quality records. Unfiltered LLM outputs were not evaluated in this
study, so our conclusions pertain specifically to the filtered augmentation pipeline. This step mirrors
techniques like discriminator rejection sampling and helped stabilize performance.

Practical Limitations. LLM-based augmentation adds compute costs (fine-tuning and sampling)
and requires disciplined validation (schema checks, deduplication) to avoid artifacts. Benefits are
model- and dataset-dependent: deeper models like TabTransformer were more sensitive to heavy
augmentation. We therefore recommend case-by-case evaluation, tuning augmentation size and
weighting, and considering hybrid approaches (e.g., mixing in synthetic negatives).

Managerial Takeaways. When budgets are tight and false alarms must be minimized, precision-
leaning augmentation (e.g., small-scale GAN-based) may be preferable. When the priority is preventing
as many departures as possible, recall-leaning augmentation (moderate, quality-controlled LLM-based)
is attractive. In all cases, pair augmentation with fairness monitoring and SHAP explanations so
decisions remain equitable and actionable. Overall, repurposing LLMs for tabular augmentation offers
HR analytics teams a pragmatic, recall-oriented tool—complementary to AutoML/ensembles—that
merits deployment under leakage-aware protocols.

5. Conclusions

This study shows that LLM-based augmentation in the style of GReaT [4] can raise minority-class
recall for employee attrition under severe imbalance. By adding realistic synthetic “leaver” records,
augmented training flagged more at-risk employees, with modest precision trade-offs and generally
preserved calibration. A leakage-aware protocol ensured that gains did not arise from target leakage,
supporting the robustness of the findings.

Our contributions are fourfold. (i) We operationalize a leakage-aware modeling and evaluation
framework that yields fair estimates on small, imbalanced tabular data. (ii) We assess fairness and
interpretability—via equal-opportunity style group metrics [29] and SHAP explanations [30]—to
verify that augmented predictions remain equitable and transparent. (iii) We benchmark classical,
boosted-tree, transformer, and AutoML ensembles, and show that LLM-augmented training improves
minority recall and balanced accuracy over non-augmented baselines. (iv) We analyze augmentation
scale and identify a practical operating region: recall gains plateau beyond moderate levels, and
over-augmentation can degrade PR metrics. Augmentation should therefore be tuned rather than
maximized. Together, these results integrate modern generative Al into an end-to-end, decision-
oriented HR analytics pipeline.

From a decision-support perspective, higher recall means surfacing more would-be leavers for
timely intervention—valuable in settings where false negatives are costlier than false positives. Notably,
these gains were achieved while preserving interpretability (feature attributions aligned with domain
knowledge via SHAP) and while keeping subgroup TPR gaps small (consistent with equal-opportunity
fairness). Looking ahead, the same LLM-driven tabular augmentation can extend to other rare-event

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202509.1238.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 16 September 2025 d0i:10.20944/preprints202509.1238.v1

13 of 16

domains (e.g., churn, fraud, or risk) and can pair with prescriptive policies (thresholds and action rules)
to move from prediction to intervention. Targeted conditioning during generation (e.g., subgroup-
aware augmentation) and quality control (e.g., critic-based filtering) are promising next steps to further
improve utility and fairness.

Overall, this work shows how cutting-edge generative Al can be woven into established analyt-
ics workflows to support managerial decisions. In line with DSAM’s mission, our leakage-aware,
interpretable, and fairness-conscious augmentation helps bridge advanced methods and practical
HR deployment, offering a scalable path to more informed, equitable, and cost-effective retention
strategies.
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