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1 Configuration Manual

This configuration manual contains the required software setting and critical settings that
are needed to replicate the experiments conducted in this research project.

1.1 Execution Environment

All the experiments were performed in a Google Colab environment.

• Platform: Google Colab

• Runtime: Python 3

• Hardware accelerator: GPU enabled (NVIDIA T4 or similar), when available

• RAM: ≈ 12–15 GB (standard Colab runtime)

All years of the survey (2022, 2024, 2025) were done with the same configuration.

1.2 Python Packages

Python libraries that were utilized in the project were:

2 Configuration Manual

All the experiments were run in a generic Google Colab Python 3 GPU session. The code
used in the study was based on the following versions of the packages and is adequate to
recreate the entire preprocessing, modelling, and analysis pipeline:

• python 3.10 (Colab default)

• numpy 1.26.4

• pandas 2.1.4

• scikit-learn 1.3.2

• imbalanced-learn 0.12.2 (SMOTE)

• matplotlib 3.7.1
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• seaborn 0.12.2

• shap 0.45.0

• lightgbm 4.1.0 (FLO feature selection)

• torch 2.1.0+cu121 (Residual MLP joint model)

• autogluon.tabular 1.1.0 (AutoML baseline)

• google-colab utilities (file upload/download)

All the codes were interactively run within Google Colab notebooks. No external or
local cluster architecture was needed. Tthis applies to all survey years data(2022, 2024,
2025).

2.1 Data Inputs

For each survey year (2022, 2024, 2025), a preprocessed CSV file was used as the modelling
dataset. Each file were consistently encoded for comparability:

• All predictors encoded as numeric or ordinal integer-coded features.

• For example in 2024, three DevX targets:

– Frustration (ordinal, 3 levels)

– JobSat (ordinal, 3 levels)

– JobPerspectiveClass (ordinal, 3 levels)

• Feature subset defined by FLO (union of top 5 features per target).

Colab had a standard file upload widget through which data files were uploaded.

2.2 Preprocessing and Feature Selection

The configuration used in all years was as follows:

• Missing values imputed using MICE via IterativeImputer (BayesianRidge base
estimator, maximum 20 iterations, random state 42).

• Categorical/ordinal predictors restored to discrete scales by rounding/clipping after
imputation.

• FLO feature selection using LightGBM classifiers:

– n estimators = 400, learning rate = 0.05, subsample = 0.9.

– Scoring metric: balanced accuracy.

– Top 5 features per DevX target; final feature set = union of all selected fea-
tures.
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2.3 Joint Label and Sampling Configuration

• Joint label constructed by factorising the tuple (Frustration, JobSat, JobPerspectiveClass)

into a single multiclass label (up to 27 classes).

• For the neural model, SMOTE oversampling (k neighbors = 3, random state 42)
applied only to the training split, stratified on the joint label.

2.4 Train–Test Splitting and Scaling

• Joint MLP: 80% train, 10% validation, 10% test (stratified on the joint label).

• AutoML baseline: 80% train, 20% test (stratified on the joint label).

• For the neural model, features standardised using StandardScaler fitted on the
training data and applied to validation and test sets.

2.5 Model Configurations

Residual MLP (Joint DevX Model)

• Input: FLO-selected numeric features.

• Architecture: feed-forward Residual MLP with:

– Hidden dimension: 256

– Depth: 5 residual blocks

– Activation: GELU

– Dropout: 0.3 (stem), 0.2 (blocks)

– Output: softmax over joint classes

• Optimiser: AdamW (learning rate = 3e-4, weight decay = 1e-4).

• Batch size: 1024, maximum 80 epochs.

• Early stopping: based on validation macro-F1, patience = 12 epochs.

• Learning-rate schedule: cosine annealing with warm restarts.

AutoML Baseline (AutoGluon Tabular)

• Label: joint class ID.

• Problem type: multiclass classification.

• Presets: best quality.

• Evaluation metric: balanced accuracy.

• Time limit: 3600 seconds per year.
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2.6 Explainability and Clustering

• Calibrated Random Forests trained per DevX target (200 trees, isotonic calibra-
tion).

• SHAP values computed using TreeExplainer from shap.

• Gaussian Mixture Models for Latent Profile Analysis:

– Covariance type: full

– Random state: 42

– Candidate components: k = 2 . . . 7; selection by minimum BIC.

– Stability assessed via bootstrap Adjusted Rand Index (ARI).

2.7 Reproducibility Settings

• Random seed: 42 for NumPy, scikit-learn, and PyTorch where applicable.

• All trained models, prediction outputs, and clustering labels saved as CSV or model
checkpoints within the Colab environment.

This structure is adequate to replicate the preprocessing, feature selection, supervised
modelling, explainability and latent profile analysis adopted in the study.
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