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Abstract

Purpose: The objective of this research is to present a comprehensive framework for identifying anomalies in
Commitments of Traders (COT) report data and to investigate their role in detecting economic trends, market
disruptions, and sudden changes.

Methodology: In this study, following the preprocessing of the COT data, statistical methods, including the standard
score and the interquartile range, were combined with machine learning algorithms, including Isolation Forest and One-
Class Support Vector Machine. Then, by creating ensemble anomalies, the points identified as anomalous by all methods
were extracted. Subsequently, linear and non-linear dimensionality reduction methods PCA, Isomap, UMAP, and LLE,
were applied to the COT dataset, and the One-Class Support Vector Machine, Local Outlier Factor, Isolation Forest,
and K-Means algorithms were implemented for anomaly detection.

Findings: The findings demonstrated that the detected anomalies closely coincide with prominent macroeconomic
disruptions, notably the 2008 Global Financial Crisis and the economic shock of the 2020 COVID-19 pandemic.
Additionally, the consensus framework, grounded in the intersection of model outputs, effectively filtered alarms driven
by algorithm-specific sensitivities, thereby yielding a focused subset of 1,638 observations characterized by the highest
inter-algorithm consensus.

Originality/Value: This research, by integrating statistical methods, machine learning, and Manifold Learning, provides
an accurate and reliable framework for analyzing complex financial market data and creates the foundation for developing
interactive dashboards for real-time market monitoring.

Keywords: Anomaly detection, Commitments of traders data, Isolation forest, One-class support vector machine, Manifold
learning, Market analysis.
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Table 1- Summary of dataset structure and key features.
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Figure 1- Mechanism of the Z-score method for detecting outliers.
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Figure 6. Anomaly analysis in the CBOT silver market; a. Net position percentage of non-commercial traders, 1993—
1996, b. High-confidence anomalies identified by the ensemble strategy and jointly detected by all algorithms.
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Table 3- Evaluation of anomaly detection algorithms using Precision, Recall, and F1-Score compared to

the reference based on the aggregation strategy.

F1-Score Recall Precision RSO hia Cawyd shie Cans 0 Cote G yoli Cote G yd PCPR|
Cote (TN) (FN) (FP) (TP)

0.371 1.0 0.228 7,198 426,346 0 5,560 1,638 Z-Score

0.095 1.0 0.050 32,916 400,628 0 31,278 1,638 IQR

0.553 1.0 0.382 4,286 429,258 0 2,648 1,638 Isolation Forest

0.130 1.0 0.070 23,564 409,980 0 21,926 1,638 One-Class SVM
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Figure 7- Distribution of anomalies in the top 20 markets.
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Table 5- Number of anomalies detected by each algorithm and their proportion relative to the
entire dataset.
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Figure 8- Temporal alignment of anomalies with the global financial crises (2008 and 2020).
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Table 6- Pairwise overlaps between algorithms.
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Z-Score IQR 7,198 32,916 0.219 1.66%
Z-Score Isolation Forest 4,286 7,198 0.595 0.99%
Z-Score  One-Class SVM 1,894 28,868 0.066 0.44%

IQR  Isolation Forest 4,286 32,916 0.130 0.99%

IQR One-Class SVM 2,774 53,704 0.052 0.64%

Isolation Forest One-Class SVM 1,638 26,212 0.062 0.38%
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Table 7- Triple overlaps between algorithms.
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Anomaly Detection in 1000 TROY OUNCE SILVER - CHICAGO BOARD OF TRADE
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Figure 9. Graphical outputs of the proposed framework; a. Line chart illustrating temporal data variations, b. Bar
chart comparing the number of detected anomalies, c. Combined chart showing both trends and detected anomalies.
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Nonlinear and linear representations of COT observations
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Figure 10 — PCA, Isomap, LLE, and UMAP representations colored according to the number of detector votes.

Comparison of unsupervised anomaly dfectors
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Figure 11- Detection rates of the four unsupervised methods.
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Table 8 — Detector counts and consensus results.
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Pairwise Jaccard overlap of anomaly sets
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Figure 12- Pairwise jaccard overlap among the anomaly sets.

Markets with the largest number of consensus anomalies
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NEW ZEALAND DOLLAR - CHICAGO MERCANTILE EXCHANGE
JAPANESE YEN - CHICAGO MERCANTILE EXCHANGE

U.S. DOLLAR INDEX - NEW YORK COTTON EXCHANGE
AUSTRALIAN DOLLAR - CHICAGO MERCANTILE EXCHANGE
JAPANESE YEN - INTERNATIONAL MONETARY MARKET

U.S. DOLLAR INDEX - ICE FUTURES U.S.

E-MINI S&P 500 STOCK INDEX - CHICAGO MERCANTILE EXCHANGE
MINI SOYBEANS - CHICAGO BOARD OF TRADE

NASDAQ-100 STOCK INDEX (MINI) - CHICAGO MERCANTILE EXCHANGE
1-MONTH LIBOR RATE - CHICAGO MERCANTILE EXCHANGE

COPPER-GRADE #1 - COMMODITY EXCHANGE INC.

o
[

3 4 5
Consensus anomalies (at least two detectors)

@
~

oot w503 y5 el gylouals sl it by o yfib -V Y s
Figure 13- Markets with the highest number of consensus anomalies in the analytical sample.
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Example market with detected anomalies: MEXICAN PESO - CHICAGO MERCANTILE EXCHANGE
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Figure 14- Sample market time series with consensus anomaly markers.
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