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1. INTRODUCTION & PROBLEM DEFINITION 3. MST-SCOD METHOD
Background: Outlier Detection is a critical task in data mining, Relationship with SCOD: While SCOD defines the statistical criteria
with broad applications in cybersecurity, anti-money laundering, for merging, MST-SCOD is its mathematically equivalent, highly
and healthcare. optimized execution framework.
Seasarchy > tatus: The Computational Bottleneck: In the standard SCOD approach,

* Parameter-free approaches (e.g., COPOD, ECOD) often
sacrifice detection accuracy.

+ Cluster-based methods severely rely on the subjective,
dataset-specific  selection of hyperparameters (e.g.,
predefining the number of clusters).

after merging the closest pair, the algorithm must dynamically
recalculate the distances between the newly formed cluster and all
remaining clusters to find the next nearest neighbor. This iterative
recalculation consumes massive computational power.

The MST-SCOD Strategy: We mathematically prove that pre-
constructing a Minimum Spanning Tree (MST) and sequentially
evaluating its edges in ascending order of weights to determine if the
two clusters connected by the edge satisfy the merging conditions
yields strictly identical clustering results to the original algorithm. This

Objective: To eliminate the need for predefining cluster
numbers by proposing a statistically-guided bottom-up
clustering approach that relies on stable internal statistics.

2. SCOD METHOD transformation replaces dynamic distance recalculations with a one-
time static sorting process, drastically reducing computational
complexity.

SCOD: The SCOD algorithm utilizes a statistically-guided Algorithmic Equivalence: Standard SCOD vs. MST-SCOD
bottom-up clustering approach. Initially, every data point is $COD: Dynami i MST-SCOD: One-time MST Sorting
treated as an independent cluster. Crucially, the merging e
judgment is only triggered when two clusters are mutually A
. . ™ ' (Y m -
nearest neighbors. The process is governed by a stability (e . @] ™ ®
. . 4 AN
threshold I (e.g., I = 3 here for illustration). - ..
SCOD Merging Logic (Stability Threshold I=3) X ""”"‘:'\"‘\\
Case 1: lgjuRic)ul (<fud) Case 1: Rejection Not Possible P .i. \‘\‘,Q o "
Mlndmry "lm (Mandatory merge for initialization) . ‘-. . ______________ .
Path (Zero
The Recalculation Bottlanack: R ST S
’r'_— ‘‘‘‘‘‘ h“-‘\ After merging N1 & N2, the In rithm MUST compute 2. No distances to recalculate! We already know «; is next.
4 \\ now distances to ALL remaining clu ;!emi n nd &) 3. Simply avaluate if the clusters connected by «
,) ) A Just to figure out which cluster to check satisfy the SCOD merging condition:

4. EXPERIMENTAL RESULTS

Case 2: lglwdlciml Case 2t ledmilcdml

Marge {Point Inside Boundary) Rejoct (Point outside s:mndiry)
e S, - Superior Performance: The CD diagram shows MST-SCOD
" i achieves the best overall average rank across 20 datasets. The lack
o .‘ o | \/ oiie O] >< o of shared horizontal lines statistically confirms it significantly
outperforms baselines like PCA, ECOD, and COPOD.
Computational Efficiency: The MST-SCOD framework achieves
Caze 3: lgimd i) Case 3: imd,iymd . . . . . .
Marge Mutual Inciusion) Reject (No Mutual Inclusion) orders-of-magnitude acceleration in execution time, particularly on
______________________ large-scale datasets, completely mitigating the traditional O(N3)
bottleneck of dynamic hierarchical clustering.
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Statistical Boundary Calculation: Once a cluster reaches the
stability threshold ( |c|=1 ), a statistical boundary is _ 53.77 84.18
. . . .. Silhouette 5 — 307 MST-5COD
dynamically calculated based on its internal statistics. EMOutlier —-— argo KN
- ———————————— CBLOF
Sa8 i, M 75.27 82.34
+ Case 1: Initialization Stage (|c,| < I,|c,| < 1) Moo ST E—
Both clusters lack sufficient samples to form boundaries. Ecop 13.09 8037 cor
copop 15:10 78.49

They merge unconditionally to assemble a stable core.
+ Case 2: Boundary Absorption (|c,| > 1,|c,| <T)
A stable cluster ¢, evaluates ¢,. ¢, is absorbed only if it falls 5. CONCLUSION & FUTURE WORK
strictly within ¢,’s boundary.
- Case 3: Mutual Agreement (|c,| > I,|c,| = 1)
Both clusters have boundaries. They merge only if each
cluster’s boundary contains at least one point from the other
cluster.

Conclusion: SCOD successfully bridges the gap between
parameter-free  simplicity and cluster-based accuracy. The
introduction of the MST-SCOD framework makes this statistically-
guided approach scalable and highly efficient.

Termination & Outlier Scoring: This merging process

repeats iteratively until no further clusters can be merged. Future Work: We aim to extend the dynamic statistical boundary
Finally, similar to other clustering-based methods, an outlier calculation to high-dimensional streaming data and further optimize
score is computed for each data point based on the final the MST update mechanisms.

structures to identify outliers.
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