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Presentation Overview

• Main Execution Framework

• Data and Universes

• Pair Selection Methodology

• Mean Reversion Modeling (Spread, Z-score, κ, Half-life)

• Strategy Design (Entry/Exit Logic)

• Backtest Engine

• Bayesian Optimization (Hyperparameter Tuning)

• Results and Evaluation

• Conclusion and Future Extensions
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Main Execution Framework

• Get the S&P 500 constituent list for the past ten years, from January 1, 2016 to the present

• Identify the stocks that appear consistently in the years 2016 to 2020

• Sort the stable constituent list by market capitalization and select the top fifty to keep the 
pair universe manageable

• Generate all possible pairs from these fifty stocks (fifty choose two combinations)

• Run cointegration and mean reversion analysis on all candidate pairs using data from 
2016 to 2020

• Select the best performing pair based on cointegration strength and mean reversion 
statistics (COST and NEE)

• Run out of sample backtesting with data from 2021 to the present to evaluate robustness
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Universe & Data: Data Description and Universe Selection

• Universe: S&P 500 constituents (past 10 years)

• Data used: daily closing prices from Refinitiv API

• Time periods:

• Pair selection window: 2016–2020

• Out-of-sample test window: 2021–2025

• Data cleaning:

• Aligned dates

• Removed missing data
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Pair Generation: Generating All Candidate Pairs

• Generate all combinations:

• 𝑛 = 50 ⇒ 50
2

=
50×49

2
= 1225 pairs

• For each pair:

• compute log-spread

• evaluate statistical properties
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Spread Construction: Log Spread Calculation

• log−spread 𝑡 = ln 𝑃1,𝑡 − ln 𝑃2,𝑡

• Why log-spread?

• scale invariance

• Linearizable

• matches OU assumptions

• Spread properties used:

• Mean

• Standard Deviation

• Z-score
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Statistical Test: Filters for Pair Selection

• Correlation Test

• Remove unrelated pairs

• Engle-Granger Cointegration Test

• Cointegration p-value < 0.05

• ADF Test (Augmented Dickey-Fuller)

• Check if spread is stationary

• ADF p-value < 0.05

• Z-score Stability

• Mean near zero

• Std Dev stable
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Pair Chosen: Selected Best Pair Based on 2016–2020 Data

• Final Best Pair: COST.OQ-NEE.N

• Metrics:

• Correlation ≈ 0.98

• Cointegration p-value ≈ 3.2e–5

• ADF p-value ≈ 3.7e–5

• z-score std = 1
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Estimating Mean-Reversion Strength: Kappa and Half-Life

Regress Δspread on lagged spread:
Δ𝑋𝑡 = 𝛼 + 𝛽𝑋𝑡−1 + 𝜀𝑡

Then
𝜅 =  −𝛽

Half−Life =
ln 2

𝜅
Interpretations:

• Smaller half-life → spreads revert quickly

• Signals how long we should hold a position
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Strategy Overview: Pair Trading Strategy Logic

• Entry Condition:

• If z-score < –threshold → Long spread

• If z-score > +threshold → Short spread

• Exit Conditions:

• Spread reverts to mean

• Max holding time = half-life × holding_time_factor

• Stop-loss triggered

• Position Sizing:

• Dollar-neutral: equal capital on each leg
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Backtesting Framework: Backtrader Engine

• Created BacktestEngine class to:

• add OHLCV data

• inject parameters

• compute metrics

• plot equity & drawdown

• store trade logs

• Metrics computed:

• Annualized Sharpe

• Max Drawdown

• Total Return

• Win Rate

• Daily statistics
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Hyperparameter Tuning with Bayesian

• Goal: maximize Sharpe ratio

• Parameters tuned:

• Lookback window

• Entry z-threshold

• Stop-loss factor

• Holding-time factor

• Why Bayesian?

• More sample-efficient than grid search

• Handles non-linear objective surfaces

• Reduces runtime
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Optimization Results: Best Parameters for COST-NEE Pair

• Goal: maximize Sharpe ratio

• Best Parameters:

• Lookback = 28

• Entry threshold ≈ 1.50

• Stop-loss factor ≈ 2.98

• Holding time factor ≈ 1.61

• Half-life ≈ 20.511 days

• Best Sharpe: 1.58
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Trade Log Examples: Sample Trade History
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Backtesting Other Pairs

• Built generic function run_pair_trading()

• Randomly selects new pairs from suitable list

• Runs full pipeline:

• kappa/half-life

• Bayesian optimization

• Backtest

• Example best-performing alternative pair:

• ACN.N-TXN.OQ

• Returns: 16.5%

• Sharpe: 1.66

• Win Rate: 90%

• DD: 8%
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Backtesting Results
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Key Findings : Insights & Interpretations

Observations:

• Pair selection crucial: strong cointegration → stable PnL

• Mean-reverting pairs outperform trending ones

• Bayesian optimization significantly improves Sharpe

• Some pairs (ACN–TXN) far outperform others

• Strategy robust to parameter variation
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Limitations & Model Risks

• Assumes stable cointegration, but may break under regime change

• Transaction costs & slippage not deeply modeled

• Mean-reversion assumptions may fail

• Overnight gaps influence spread behavior

• OU process is a simplification
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Future Improvements

• Expand to multi pair trading

• Use Johansen cointegration test

• Add volatility-adjusted position sizing

• Try dynamic z-thresholds (rolling optimization)

• Incorporate machine learning for spread forecasting

• Multi-pair portfolio optimization

• Incorporate slippage models
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Conclusion

• Built a complete stat-arb pipeline:

• Pair selection

• OU-based mean reversion modeling

• Backtesting

• Bayesian optimization

• Combined econometrics and empirically validated profitability & 
robustness with rigorous out of sample testing
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Modeling Mean Reversion:
Ornstein–Uhlenbeck Process for Spread Modeling

Spread modeled by OU process:
𝑑𝑋𝑡 = 𝜅 𝜇 − 𝑋𝑡 𝑑𝑡 + 𝜎 𝑑𝑊𝑡

Where:

• κ (kappa) = speed of mean reversion

• μ = long-term mean

• half-life = time to revert halfway to μ

Why OU?

• Standard model in statistical arbitrage

• Provides mathematically consistent mean-reversion

• Gives interpretable metrics: speed & stability
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Motivation: Why Pair Trading & Statistical Arbitrage?

• Market-neutral strategy → profit from relative mispricing

• Lower market risk vs. directional strategies

• Rich mathematical foundation (cointegration, OU process)

• Cointegration tests and mean reversion modeling

• Bayesian optimization for parameter tuning

• Python based implementation using Backtrader, 
Statsmodels, and skopt
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