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Phase 4 of an ongoing project on anomaly detection 
in credit card transaction data
Context and Prior Work
• Business cycle-driven spending patterns create 

distinct market environments, requiring regime 
analysis to capture underlying economic shifts.

• Prior iterations selected firm-level macroeconomic 
variables for regime detection using the Robust 
Rolling Regime Detection (R2-RD) method, and 
classical statistical techniques for anomalies.

Initial Challenges
• Macroeconomic variable selection chose variables 

which lacked causal interpretability.
• Univariate design lacked industry and firm context.
• Regime determination was limited with opaque 

frameworks for anomaly detection.

Case Study: CAKE (Cheesecake Factory Inc.)
• Priority Anomaly = Statistical Anomaly and ML Anomaly
• Overlapping anomalies were detected by both methods. These are considered as priority 

anomalies for analyst review.

• Divergence in results: Statistical ensemble and ML approaches often differ.
• Promising model: LSTM is well-suited for time series but not yet applied.
• Data preprocessing: Unadjusted credit-card transaction percentage changes used; 

seasonally adjusted series created negative values spend/count amounts.
• Key challenge: Lack of labeled data or “true” set to determine an anomaly.

→ Possible solutions: 1. Build labels from historical anomalies (M&A, earnings 
revisions). 2. Apply text mining to investor-relations (IR) documents.
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Macroeconomic Indicators: Federal Reserve Economic 
Data (FRED), Dec 2007 - Jun 2025.
Corporate Transaction Data: Credit card transaction 
records provided by Wellington, covering 42 companies 
across 8 sectors, Jan 2016 – Dec 2022.
Market & Sector Data: SPDR sector ETFs and firm-level 
daily adjusted stock prices from YFinance.

Data Source

Macro-level
• Variable selection: Based on the Conference Board LEI, 

with missing components substituted with FRED proxies.

• Data processing: Higher-frequency series were aggregated 
to business month-end averages, missing values were 
forward filled to account for reporting lags, and each series 
was standardized with Winsorization (±3σ).
→ Inputs for regime detection.

 Sector-level
• Sector ETFs: The returns capture sector-wide trends

→ Selected features: Sector ETF returns
• Outliers (e.g., Consumer Staples) highlight the need to 

account for additional firm-specific factors.

Firm-level
• Stock Volatility: Spending volatility and stock 

return volatility show correlated relationships.
→ Selected features: Stock return volatility

• Spending Amount Moving Average: trends

Business Cycle Regime Detection (R2-RD)
• Applied to FRED-based LEI indicators, the method successfully detected 

the 2008 financial crisis and the COVID-19 recession.
• The results are broadly consistent with the NBER business cycle dates.

Methodological Enhancements
• Cost Function: Balances 

differences in means (Euclidean) 
and variances (Frobenius). 

• Stable Initialization: Reuses 
parameters when the number of 
regimes remains unchanged, 
improving reproducibility and 
reducing randomness.

• Expanding Window Training: 
Trains incrementally up to 85% of 
the sample, helping prevent 
overfitting and avoiding 
unnecessary regime splits.

Statistical Approach to Anomaly Detection
“Statistical Anomaly” if flagged by ≥ 3 of 4 methods (Voting scheme)

1. Z-score: Flags extreme deviations (|Z| > 3)
2. Moving Average: Deviations from rolling mean (30-day window, 3σ)
3. Local Outlier Factor (LOF): Detects sparse-density outliers
4. GARCH(1,1): Anomalies when return > 3 × conditional volatility

Machine Learning Approach 
“ML Anomaly” if the actual spending value 
falls outside the Random Forest prediction 
interval (mean ± 3σ across trees).
Features (4 Categories)

1. Firm-level spending trends (internal)
2. Company stock volatility (external)
3. Sector ETF returns (external)
4. Macro & Seasonal factors (external)
Random Forest Implementation Steps
• Merge internal + external features
• Define target = % change in spending
• Train (75%) and Test (25%) split for model
• Aggregate tree predictions → mean & σ
• Flag anomalies if outside mean ± 3σ
Hyperparameter Tuning
• Grid Search: tree depth, min split, min leaf

Regime 
information

Scope: Applied the same model to 
all firms, using the defined inputs
Agreement Metric:
• Measured overlap rate between 

RF and statistical anomaly flags.
• Exclude large count gaps; ratio > 

0.5. Ratio = vote count / RF count
Findings: Agreement varies by 
ticker; some firms show strong 
alignment, others do not.
Interpretation:
• Low agreement can mean RF is 

capturing nonlinear/interaction 
effects or generating false 
positives from the data.

• Without ground truth, neither 
method is definitively superior.

Actionable Rule:
• Prioritize anomalies confirmed by 

both methods (RF ∩ Statistical).
• Treat single-method signals as 

secondary monitoring cues

Extension to Multiple Companies (Simulation = 100)

Objective: Design an interpretable and practical 
anomaly detection model using firm-level data.
Contributions
1. Economically guided features and regimes: Replace 

systematic regression screening with curated 
features from FRED that align with inputs used in the 
Leading Economic Index (LEI) and validated against 
National Bureau of Economic Research (NBER).

2. Add industry and firm features from exploratory 
analysis, including sector ETF returns and firm-level 
volatility to improve model inputs.

3. Add a Random Forest regressor model to compare 
against classical statistical techniques which 
leverage majority voting for anomalies.

Visualization:
● Blue = Actual daily % change in 

firm spend (target series)
● Green = Statistical Anomalies
● Red = ML Anomalies (outside 

Random Forest expected range: 
mean ± 3σ across trees)

● Overlap = Priority Anomalies

Note: Results based on 1000 
simulation trees (Simulation = 1000)

CAKE results:
• Statistical anomalies = 9
• ML anomalies = 17 
• Overlap ≈ 33.3%

 (Priority Anomalies)
Visualization:
Green = Statistical Anomalies
Red = ML Anomalies
Blue = Actual daily % change in 
firm spend (target series)
Gray = Random Forest expected 
range (mean ± 3σ across trees)
Overlap = Priority Anomalies
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