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Configuration Manual

UNNIKRISHNAKURUP AMBIKA REGHUNATHA KURUP
Student ID: 23334011

1 Introduction

This configuration file contains the complete details needed to recreate the classification
system for the subtype of depression 'MAGNET-D'. The configuration file encompasses
environment settings, versions of the libraries, data preparation, architectural parameters for
the model, and the training procedures to reach an accuracy of 86.22% in six-class
identification of depression present in the Twitter posts.

Objective: Replicating results precisely in any experiment
Environment: Google Colab Pro with GPU acceleration
Dataset: Multi-Class Depression Detection Dataset (14,983
tweets) https://zenodo.org/records/14233292

2 Environment Setup
2.1 Platform

Environment: Google Colab Pro
GPU: NVIDIA Tesla T4 (16GB VRAM)
RAM: System RAM ~25GB

Storage: Google Drive mounted for dataset access
Python Version
Python: 3.10.x (Colab default)

System Configuration

device = torch.device("cuda” if torch.cuda.is available() e

print(“Using device:", device)

2.2 Local Machine

Component Specification

Device LAPTOP-VHBTKCIO

Name

CPU AMD Ryzen 7 7730U with Radeon Graphics (2.00 GHz)
RAM 16 GB



https://zenodo.org/records/14233292

Component Specification

Windows 11 Home Single Language, Version 24H2 (OS Build 10.0.26100
Build 26100)

’System Type||64-bit operating system, x64-based processor

OS

3 Library Requirements

Installation Commands:

Ipip install -q torch torchvision torchaudio
Ipip install -q torch-geometric
Ipip install -q sentence-transformers wordcloud scikit-learn

Key Library Versions

PyTorch: 2.x

PyTorch Geometric: Latest compatible with PyTorch 2.x
sentence-transformers: Latest (tested with 2.2+)
scikit-learn: Latest (tested with 1.3+)

numpy: 1.23+

pandas: 1.5+

matplotlib: 3.7+

seaborn: 0.12+

Import Structure

random

numpy np

panda pd
matplotlib.pyplot
seaborn as sns

SentenceTransformer

LabelEncoder
n.model i i ~t train_test split
n.metrics i

fication_rep

arn.feature_ extractio
rn.linear _model impo

h.nn as nn
-nn.functional
torch_geometric.data im t Data
torch_geometric.nn 3 t GATw2Conv
sklearn.neighbors import kneighbors_graph




4 Dataset Requirements

Dataset Source
e Name: Multi-Class Depression Detection Dataset
e Source: Zenodo (https://zenodo.org/records/14233292)
e Format: CSV file

Dataset Specifications
e Total samples: 14,983 tweets
Features: clean_text, label, word len (word count)
Target classes: 6 depression subtypes
Major Depressive Disorder
Bipolar Depression
Psychotic Depression
Atypical Depression
Postpartum Depression
No Depression

Class Distribution
e (lass imbalance present (moderate)
e Stratified sampling used for train/test split

Data Loading
path = "
df = pd.read c
print(“Raw shape:", df_shape)

print{df.head()]
print{“"Raw columns:"”, df.columns.tolist())

5 Project Directory

MAGNET D/
— dataset.csv # Raw dataset
— dataset_clean.csv # Preprocessed dataset
—— MAGNET D 23334011.ipynb # Main notebook
—— Configuration Manual # Project documentation

6 Graph Construction Configuration
Graph Type

e Structure: K-Nearest Neighbors (KNN) graph

e Node representation: Tweet embeddings (384-dim)

e Edge definition: Semantic similarity between tweets

KNN Parameters



adj = kneighbors_graph(
embeddings,
n_neighbors=28

mode="connectivity"”,
include self=

Graph Statistics

Nodes: 14,983 (one per tweet)

Edges per node: 8

Total edges: ~119,864 directed edges
Graph type: Undirected, unweighted

Embedding Generation

Model: all-MiniLM-L6-v2 (sentence-transformers)
Output dimension: 384

Normalization: L2-normalized for cosine similarity
Batch size: 128 (for encoding)

7 MAGNET-D Model Configuration

Architecture Components

Model Size

Feature-Aware Edge Updater (FAEU)
Symptom-Aware GATv2
Cross-Level Attention (CLA)
Multi-Task Learning Head (MTL)
Symptom Prototypes

Full Model Instantiation

Total parameters: 242,000 trainable parameters
Memory footprint: 1 MB (model weights)



AGNETD_Full{nn.Module):
- __dinit_ (self, embed_dim, hidden_dim, symptom_vectors, user_dim, num_classes=6):
super(MAGNETD Full, self). init ()
self.faeu = FAEU(
symptom vectors=symptom wvectors,
embed_dim=embed_dim,
hidden_dim=hidden_dim

dim=hidden_dim,
symptom_vectors=symptom_vectors

= CrosslevelAttention(
tweet dim=hidden dim * len(symptom vectors),
symptom_dim=embed_dim,
user_dim=user_dim,
out dim=256

self.mtl = MAGNETD MTL Head(
in_dim=25¢
num_c1:

8 Model Configuration (MAGNET-D)
8.1 Dataset Split

e Train: 80% (11,986 samples)
o Test: 20% (2,997 samples)
e Stratified split to preserve class ratio

8.2 Optimization Strategy

Optimizer: AdamW

Learning Rate: 0.001

Weight Decay: 0.0001

Epochs: 100

Batch Mode: Full graph training

8.3 Loss Functions

Main Task: Cross-Entropy Loss
Auxiliary Tasks:

Regression: MSE Loss
Emotion: Cross-Entropy
Cluster: Cross-Entropy



8.4 Loss Weighting

e Intensity: 0.4
e Emotion: 0.2
o C(luster: 0.2

8.5 Regularization

e Dropout: 0.3
e 1.2 Regularization

9 Training Configuration

Training Hyperparameters
e Epochs: 100
e Batch mode: Full-batch
e Early stopping: Enabled (patience = 10)
e Gradient clipping: Not used

Regularization Techniques

Dropout: 0.3 (after each GATv2 layer)

e Weight decay: 1e-4 (L2 regularization)

e [2 normalization: Applied to embeddings before graph construction
°

Training Loop

clearn.metrics import confusion_matrix, f1_score
ort numpy as np

history = []
cc_history = []

optimizer = torch.optim.Adam(model.parameters(), lr=le-3, weight_decay=1e-4)
lambda_tuple = (8.4, 8.2
for epoch in range(1, EPOCHS + 1):

labels_tuple = (1bl _main, 1lbl_intensity, 1bl_emotion, 1bl_cluster)

loss = train_magnetd(
model,
data_full,
symptom_matrix,
user_feat
labels_tuple,
optimizer,
lambda_tuple

)

loss_history.append(loss)

if epoch % 2 == @:
luate_magnetd(model, data_full, symptom matrix, user_featu
test_mask.cpu( ) .numpy()] == labels[test mask.cpu().numpy() ]}).mean()

={acc:.4f}")




10 Evaluation Configuration

Metrics
def evaluate_magnetd(model, data, symptom_matrix, user_features):
model.eval()
with torch.no_grad():

outputs = model(data, symptom_matrix, user_features)
out_main, _, _, _ = outputs
preds = out main.argmax(dim=1).cpu{).numpy()

return preds

Primary Metrics

e Accuracy: Overall classification accuracy
e Macro-F1: Unweighted average F1 across all classes

Per-Class Metrics

e Precision, Recall, F1-score for each of 6 classes
e Support (number of samples per class)

Evaluation Protocol

o Test set: Hold-out 20% (never seen during training)
e No cross-validation: Single train/test split
e Stratified split: Maintains class distribution

Confusion Matrix

e Size: 6x6 (for 6 classes)
e Visualization: Heatmap with annotations

Baseline Comparisons

Multinomial Naive Bayes (TF-IDF features)
Linear SVM (PCA-reduced embeddings)
Logistic Regression (Full embeddings)
Simplified Heterogeneous GNN

11 Reproducibility Notes

Random Seed Settings

e All seeds set to 42 (Python, NumPy, PyTorch)
e Deterministic flags enabled for CUDA



from wordcloud import WordCloud
sentence_transformers import SentenceTransformer

from sklearn.preprocessing import LabelEncoder
~t train_test split
sklearn.metrics imp
classification_report,
confusion matrix,
f1_score,
accuracy_score

t torch.nn as nn
sort torch.nn.functional as F
m torch geometric.data import Data
ort GATwv2Conv

random.seed(SEED)
np.random. seed (SEED)
torch.manual_seed(SEED)

Environment Stability

e Results stable on Tesla T4 GPU
e Slight differences possible due to GPU non-determinism

Checklist for Accurate Reproduction

Use Python 3.10.x

Use Colab Pro GPU

Ensure all embeddings regenerated fresh
Verify graph structure matches original

Expected Variations

e Accuracy drift up to +/- 0.3%
e Macro-F1 drift up to +/-0.005
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