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1 Project Overview

Your first section. Change the header and label to something appropriate.
The paper analyzes the enhancement of the traditional t-Distributed Stochastic Neighbor
Embedding (t-SNE) algorithm for the visualization of the high-dimensional data using two data
sets, i.e. the Taiwanese Bankruptcy and MNIST (handwritten digits). The standard t-SNE,
though good in preserving local neighboring structures, has following limitations:

e Poor reproducibility due to random initialization.

e Ineffective Global structure preservation.
To avoid such limitations the following enhancements were made and planned:

e Improved reproducibility through PCA based initialization.

e Hybrid Distance Metric for Global structure retention.

e Higher dimensional embeddings (5D) for better structural capture or representation.
In order to comprehend how the improvements are compared with the baseline t-SNE, they
were tested independently and combined with others. Python 3.12 was used to conduct the
studies in a Jupyter Notebook.

Data Preparation Baseline Standard t-SNE
FPerformance

b J
oy

FPCA based
Initialization
N

h
Ty

Hybrid Distance
Metrics

(Euclidean + Cosing)

N

h 4 h 4

S —
Evaluation Comparison
(Silhouette Score + Enhanced t-SNE and
Visuals) Standard t-SNE
~~_ v

Figure 1: Project Flow.




2 Files and Descriptions

Table 1: Project Files and Descriptions

File Name

Description

mnist train.csv

MNIST source train data.

sample df.csv

MNIST 2000 sampled data used in this project.

data.csv

Taiwanese Bankruptcy Source data.

cleaned data.csv

Taiwanese Bankruptcy VIF analysed cleaned
data used in this project.

VIF Analysis.ipnyb

Python code file of VIF Analysis on
Bankruptcy data.

Standard tSNE.ipynb

Python code file of standard t-SNE baseline on
both datasets.

Improved TSNE Bankruptcy Data.ipynb

Python code file of enhanced t-SNE on
Bankruptcy data.

Improved TSNE MNIST Data.ipynb

Python code file of enhanced t-SNE on
MNIST data.

5D tSNE VO02.ipnyb

5D _TSNE VOl.ipnyb &

Python Code file of 5D embedded enhanced t-
SNE on MNIST data.

3 Tools and Environment Setup

e Programming Language: Python 3.12

e Development IDE: Jupyter Notebook

e Environment: Local Machine, CPU execution

e Libraries Used:

Table 2: Used Libraries, Versions and Purpose
Library Name Version Purpose
Scikit-learn 1.6.1 t-SNE, PCA, Distance Metrics, Evaluation, Feature
Normalization

Pandas 22.2 Data manipulation, Preparation
Numpy 1.26.4 Data manipulation, Preparation
Matplotlib 384 Data Visualization
Seaborn 0.13.2 Data Visualization

numpy np
pandas pd

sklearn.decomposition PCA

sklearn.metrics
sklearn.manifold

matplotlib.pyplot

seaborn sns
sklearn.metrics

sklearn.preprocessing

pairwise_distances
TSNE
plt

silhouette_score
StandardScaler

Figure 2: Libraries Used




4 Datasets and Preparations

For this project experiments two different datasets are used, those are as follows:

4.1 MNIST Dataset

Source: The MNIST Dataset is a publicly available and includes picture of handwritten
numbers from 0 to 9 in grayscale. (mnist_train.csv)
Total Samples: 60,000 training images.
Image Dimensions: 28%28 pixels.
Features: 784 features are flattening form of 28x28 pictures.
Sampling: 2000 random images of the training set sampled to minimize the cost of
computation while t-SNE enhancement. This subset is diverse even with respect to all
digit classes. (Sample df.csv)
Pandas is used to load and transform it in image format to tabular form (784 features +
1 label).
File Format: csv file. (mnist_train.csv, sample df.csv)
Use in t-SNE enhancement Experiment:

o Baseline standard t-SNE evaluation.

o For 2D and 5D embedded t-SNE enhancement experiments.

df = pd.read_csv(“mnist_train.csv"™)

sample_df = df.
y = sample_df
X = sample_df.i

(2000, 784) (2000,)

sample_df.to csv(“sample_df.csv”, index

Figure 3: MNIST Dataset sampling.

4.2 Taiwanese Bankruptcy Dataset

Source: Taiwanese Bankruptcy Dataset is a publicly available financial records of
Taiwanese companies. In order to prevent the multicollinearity among features, a
cleaned copy of the dataset is prepared according to Variation Inflation Factor (VIF)
analysis.
Total Samples: ~6000 samples with 96 features.
Samples after VIF Analysis: ~6000 samples with 72 features.
Target Variables: Binary Classification (1-Bankrupt and 0-Non-Bankrupt)
File Format: csv file. (data.csv, cleaned data.csv)
Use in t-SNE enhancement Experiment:

o Baseline standard t-SNE evaluation.

o For 2D embedded t-SNE enhancement experiments.



https://www.kaggle.com/datasets/oddrationale/mnist-in-csv?resource=download.
https://archive.ics.uci.edu/dataset/572/taiwanese+bankruptcy+prediction.

current_df = scaled_df
removed features = []

threshold 1@

vif_result = calculate vif(current_df)
max_vif = vif_result["VIF"] )
max_vif threshold:

feature_to_remove = vif result.s values("VIF", ascending
removed features.a ((feature_to_remove, max_vif))
current_df = current_df.d (columns=[feature_to_remove])

removed df = pd.D ame (removed features, columns=["R

Figure 4: VIF Analysis on Bankruptcy Dataset.

S Baseline t-SNE Implementation
Code file ‘Standard tSNE.ipynb’ in both Bankruptcy Data and MNIST Data.

Standard t-SNE was implemented first to observe baseline performance for both datasets.
Standard t-SNE Configuration:

tsne_standard = TSNE(
n_components=2,
metric="
init="
perplexity=38,

)

X_tsne_standard = tsne_standard.fit_t m(X)
score_standard = silhouette_score(X_tsne_standard, y)

Figure 5: Baseline t-SNE configuration on both Dataset.

Results of this step were further used as benchmark to evaluate enhancements. Evaluation is
done through visuals and Silhouette Score.

[:5 1], c=y, cmap="t
{score_standard:

print(f"Ss ou ore (St : {score_standard:

Figure 6: Baseline t-SNE Evaluation.



6 Enhanced t-SNE Configuration

Code file ‘Improved TSNE Bankruptcy Data.ipnyb’ for Bankruptcy Data and
‘Improved TSNE MNIST Data.ipnyb’ for MNIST Data.

Code files ‘5D TSNE VOl1.ipnyb’ and ‘5D _TSNE VO02.ipnyb’ for t-SNE 5D embedding for
MNIST Data.

6.1 PCA Initialization (2D)

For deterministic start point in t-SNE, random initialization is replaced by PCA initialization.
Default PCA and t-SNE embedding is 2D (n_components=2), similar is used for first
experiment, applied to both Datasets (Figure). Further, it is applied to t-SNE through ‘init’
parameter as follows (Figure).

tsne = TSNE(
n_components=2,
metric="pr

init=X_pca init,
perplexity=30,
random_state=42

)

pca = PCA(n_components=2)
X_pca init pca.fit_transfor

n{X_scaled)

X_pca_init.shay X _tsne = tsne.fit_transform(hybrid dist)

Figure 7: PCA Initialization Configuration on both Datasets.

Evaluation is done through Visualizations across multiple runs.

6.2 Hybrid Distance Metric

Hybrid Distance Metric is combined Euclidean and Cosine distances.
Formula Used:
Hybrid Distance = 0.5 x Euclideanuorm + 0.5 % (1 — Cosinenorm)

euclidean dist = pairwise distances(X, metric='euclidean')
cosine sim = 1 pairwise distances(X, metric='cos

euclidean_norm = (euclidean_dist - euclidean_dist.min(}) (euclidean_dist.max{) - euclidean_dist.min())
cosine_norm = (cosine_sim - cosine_sim.min()) / (cosine_sim.max() - cosine_sim.min())

hybrid dist = 8.5 * euclidean_norm + ©.5 (1 - cosine_norm)

Figure 8: Hybrid Distance Metrics Calculations.

This Hybrid Distance Metric is passed to t-SNE with ‘metric="precomputed’’. Applied in
similar way to both Datasets for all embeddings (2D or 5D).



tsne = TSNE(
n_components
metric="pr

init=X_pca_init,
perplexity=3

random_state=42

)

X _tsne = tsne.fit transform(hybrid dist)

Figure 9: Hybrid Distance in t-SNE.

Evaluation is done through Visualizations and Silhouette Scores.

6.3 5D Embeddings (MNIST Data Only)

For MNIST Data, 5D embedding is experimented (n_components=5). Note: PCA and t-SNE
embeddings should be similar to apply PCA as initialization to t-SNE.

‘method="exact’’ is additional parameter because of algorithmic shortcomings of Barnes-Hut
with higher dimensions (Required for dimensions more than 3D).

tsne 5d = TSNE(
n_components=5
init=X_pca 5d,
metric
method
perplexity
random_state=42

)

pca_5d = PCA(n_component
X _pca 5d = pca 5d.fi

X_tsne_5d = tsne_5d.fit_transform{hybrid dist)

Figure 10: SD Embedding in enhanced t-SNE for MNIST Data.

Evaluated using Silhouette Scores.

6.4 Perplexity Experiments

Explored set of perplexity values (5, 10, 20, 30, 40, 50) on whole enhanced t-SNE algorithm
to observe effects on Silhouette Scores and cluster compactness.

Key Findings:

2D embeddings showed variations across perplexities.

5D embeddings remained stable across all perplexity values.



(perplexities, hybrid dist, init, labels):

results = []
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TSNE(
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Figure 11: Enhanced t-SNE experimented at various perplexity.

Applied in similar way to both datasets across all embeddings (2D or 5D).

7 Evaluation Methods

Table 3: Evaluation Methods

Criterion Method Notes

Cluster Quality and Global | Silhouette Score and Visual | Higher Score equal better

Structure Inspection separated clusters

Reproducibility Multiple runs check on | PCA initialization showed
visuals consistent output, without

PCA initialization variation
in outputs.

8 Sample Results Summary

Following are the visuals of experiments carried out:
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Figure 13: Baseline t-SNE Visuals of Bankruptcy Dataset.
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Figure 14: MNIST (Left) and Bankruptcy (Right) Data Visuals with PCA Initialization
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Figure 15: MNIST (Left) and Bankruptcy (Right) Data Visuals without PCA Initialization

Following are the Silhouette Score of experiments carried out:

Table 4: Silhouette Score Results by Experiments

Dataset Method Silhouette Score
(Best of all Perplexity)

MNIST Data (2D) Baseline Performance 0.1878

MNIST Data (2D) Hybrid Distance 0.2846

MNIST Data (2D) PCA + Hybrid Distance 0.0231

MNIST Data (5D) PCA + Hybrid Distance 0.0734

Bankruptcy Data (2D) Baseline Performance -0.0072

Bankruptcy Data (2D) Hybrid Distance -0.0120

Bankruptcy Data (2D) PCA + Hybrid Distance 0.0025
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