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● Role of Performance Measurement:
○ Key in understanding portfolio returns and their alignment with set standards.
○ Ensures accurate and transparent reporting of portfolio results.
○ Crucial for evaluating portfolio manager’s skill vs. luck, and assessing overall risk.
○ Facilitates marketing and public comparison of portfolio performance.

● Importance of Performance Attribution:
○ Breaks down overall results into specific contributing factors.
○ Helps identify primary causes of outperforming or underperforming the benchmark.
○ Essential for assessing the efficacy of the factor model and investment strategy.
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● The Beardstown Ladies Case Study:
● Highlights the significance of accurate portfolio return 

calculation.
● Demonstrates the risks of misleading performance 

reporting due to calculation errors.
● Practical Challenges in Performance Measurement:

● Navigating between focusing solely on bottom-line 
returns vs. comprehensive analysis.

● Balancing portfolio building with thorough performance 
analysis.

● Attracting skilled professionals to the performance 
analysis sector.



Performance Measurement: Returns
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● Importance of Accurate Return Calculation:
● Essential for evaluating both actual and hypothetical (paper) portfolio 

performances.
● Used in backtesting strategies and assessing portfolio manager’s 

success.
● Calculating Stock Returns:

● Price returns based on closing prices and dividends.
● Adjustments for dividends vary depending on data frequency (monthly 

or daily).
● Corporate actions (bankruptcy, acquisitions, stock splits) may 

complicate calculations.
● Portfolio Return Computation:

● Weighted sum of individual stock returns, using beginning-period 
weights.

● Adjusting portfolio weights over time for price changes.



Performance Measurement: w/ Cash Flows
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● Handling Cash Flows in Return Calculations:
● Crucial for actual portfolios with customer investments or withdrawals.
● Need to isolate effects of cash flows to accurately measure portfolio manager's performance.

● Performance Measurement without Cash Flows:
● Assumes no buys or sells during the measurement period.
● Suitable for hypothetical portfolios without real customer transactions.

● Practical Challenges and Mistakes:
● Beardstown ladies’ case underscores importance of removing cash flow effects.
● Performance analysts must ensure accuracy in return calculations for credibility.

● Outcomes and Implications:
● Reliable return measurement forms the basis for portfolio evaluation.
● Enables identification of true drivers of portfolio performance (e.g., stock-picking skills).



Performance Measurement: w/ Cash Flows
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● Impact of Cash Flows:
● Cash inflows/outflows significantly affect accurate return calculations.
● Allocation decisions (cash reserves, stock purchases, futures) influence portfolio performance.
● Time-weighted return (TWR) crucial for minimizing cash flow impact on returns.

● Portfolio X Example with Cash Inflow:
● Initial value (day t-1): $100,000.
● Day t (after market open): $30,000 customer cash inflow; funds immediately invested 

proportionately in portfolio stocks.
● Actual weighted return for day t: 5%.
● EOD market value: $136,269.23
● Simple return calculation: Overestimates at 36.27%.
● Dietz method: More accurate daily return of 5.45%.

● Considerations for TWR Calculation:
● Dietz method may be less precise with large daily returns or substantial cash flows.
● Important for performance analysts to choose appropriate methods for return calculation.



Performance Measurement: w/ Cash Flows
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● Longer Period Return Calculations:
● Geometric linking of daily returns for monthly or yearly 

periods.
● Example: Monthly/yearly return calculated by multiplying 

daily returns.
● Annualizing Returns:

● Applicable for portfolios with at least one year of data.
● Geometrically linked return raised to the power of 

(365/total days) minus 1.
● Example: A 2-year, 10-day portfolio with 26% linked return 

(D = 365, k= # days portfolio exists) annualizes to 
1.26^(365/740)-1=12.07%.



Performance Measurement: Risk
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● Significance of Measuring Risk:
● Balances high returns with volatility concerns.
● Key for portfolio stability and client retention.
● Essential alongside return to evaluate investment 

performance.
● Risk Measurement Metrics:

● Standard Deviation: Reflects deviation of returns from the 
average.

● Semi-Standard Deviation: Focuses on downside risk, more 
relevant when returns are skewed.

● Other metrics: Variance, Tracking Error, Value at Risk 
(VaR), Correlation, Covariance, and Beta.

● Standard Deviation in Practice:
● Measures variability of portfolio returns around the mean.
● More effective with normally distributed returns.
● Estimated using historical data.



Performance Measurement: Tracking Error
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● Concept and Relevance:
● Tracking error quantifies deviation of portfolio returns from 

a benchmark return.
● Crucial for index managers aiming for minimal deviation 

and quantitative managers seeking controlled risk relative 
to benchmark.

● Implications for Different Portfolio Managers:
● Index managers aim for a tracking error close to 0, 

considering factors like transaction costs and dividend 
reinvestment.

● Quantitative managers utilize tracking error to balance 
higher returns against benchmark risk, often under specific 
constraints (e.g., ex-ante tracking error below 5%).



Performance Measurement: CAPM Beta
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● Role of Beta (β) in CAPM:
● Measures portfolio risk relative to the market (typically the S&P 500).
● A β of 1 implies portfolio moves in sync with the market.
● β > 1 indicates amplified market returns; β < 1 indicates muted market reactions.
● β = 0 suggests no correlation with the market.

● Methods to Calculate Portfolio β:
● Weighted average of individual stock betas.
● Linear regression of portfolio returns against market returns.



Performance Measurement: CAPM Beta
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● Practical Insights on Beta Measurement:
● Stability: Larger number of stocks in a portfolio tends to stabilize β over time.
● Mean Regression: Extreme β values often regress towards 1.
● Providers' Consistency: Similar β values across different data providers.
● Historical Data Horizon: Typically based on monthly data over 3-5 years; limited for stocks with 

shorter histories.
● Adjusted Beta: Combines measured β with market β for more accurate reflection (β_adj = aβ + (1 

− a)1).
● Slope Discrepancy: Actual returns vs. β often differ from theoretical predictions.
● Limitations: β alone may not fully explain stock returns.

● Implications for Portfolio Managers:
● β is a key tool for assessing relative market risk.
● Adjustments and alternative measures might be necessary for a more accurate risk profile.
● Essential for strategic decision-making and risk management in portfolio construction.



Performance Measurement: VaR
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● Concept of VaR (Value-at-Risk):
● Measures the maximum expected loss over a set period within a specified confidence interval.
● Widely used for assessing risk in banks and individual trading positions.
● Particularly relevant for short-term risk assessment.

● Calculating VaR with Normal Distribution:
● Requires estimated portfolio mean and standard deviation.
● Critical values determined from standard normal table (e.g., 1.65 for 95% confidence).

● Practical Example:
● Portfolio Value: $100 million. Annualized Mean: 10%, Standard Deviation: 20%.
● VaRt = 100,000,000(0.10 − 1.96 · 0.20) = −29,200,000 
● 97.5% Confidence Level VaR: $29.2 million annual loss.
● We can be 97.5% confident that, in a given year, the worst loss that the portfolio could suffer is 

$29,200,000. 
● Users of VaR often prefer to have a VaR measure over a shorter period of time, such as one day 

or one week, so that they can understand a bank’s exposure over a short period of time.  



Performance Measurement: Cov/ Corr
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● Role in Risk Assessment:
● Measures portfolio's risk in relation to a major index.
● Indicates diversification benefits of combining portfolios.

● Calculating Covariance:
● Uses portfolio and index returns.

● Calculating Correlation:
● Derived from covariance and standard deviations of portfolio and index.
● Always ranges between −1 and 1.

● Interpreting Correlation Values:
● Correlation of 1: Portfolio and index returns move identically.
● Correlation of −1: Portfolio and index returns move in opposite directions.
● Correlation near 0: Low relationship between portfolio and index returns.

● Implications for Portfolio Strategy:
● Essential for understanding market alignment and risk exposure.
● Assists in strategic decisions regarding portfolio diversification.
● Useful for evaluating the portfolio's behavior under different market conditions.



Performance Measurement: Risk Adjusted
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● Beyond Raw Returns:
● Emphasizes that evaluating investment performance solely on returns is incomplete.
● Risk context crucial for a comprehensive assessment.

● Case of Three Portfolio Managers:
● Manager A: Lowest return but possibly lowest risk.
● Manager B: Middle ground in both return and risk.
● Manager C: Highest return but also highest risk.
● Illustrates that high returns may accompany high risks.

● Sharpe Ratio: A Key Metric:
● Most prominent measure of risk-adjusted returns.
● Helps compare portfolio performances on a risk-adjusted basis.

● Implications for Investors and Portfolio Managers:
● Necessitates looking at returns in the context of the risks taken to achieve them.
● Enables more accurate comparison of portfolio managers.
● Highlights the value of balancing returns with risk in portfolio management.



Performance Measurement: Sharpe/ IR
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● Origin of the Sharpe Ratio:
● Developed by Nobel Laureate William F. Sharpe as part of the CAPM framework.
● Measures excess return (over risk-free) per unit of risk.

● Practical Application:
● Provides a basis for comparing portfolios on a risk-adjusted basis.
● Value is relative; higher Sharpe Ratio indicates better risk-adjusted performance.

● Information Ratio (IR) Concept:
● Tailored for portfolios managed against a benchmark.
● Measures excess return (over a benchmark) per unit of residual risk.

● Implications for Portfolio Managers:
● Index managers aim for an IR of 0 (no deviation from the benchmark).
● Active managers seek higher IR, indicating outperformance of the benchmark with 

considered risk.
● Useful for evaluating manager performance on a risk-adjusted basis compared to a 

specific benchmark.



Performance Measurement: Practical Issues
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Simplification (for small SR): t = a/std(a) → (sqrt(T)â/std(â)) ⇒ t = sqrt(T)IR ⇒ T = (t/IR)2 .
Example: T=(2/0.5)2 =16. For a more general case, one can show: t = IR/sqrt(1/T+SR2/(T-1))

Assuming a benchmark such as the S&P 500, one could estimate the Sharpe ratio at about 0.25. Thus, for a 
portfolio manager with an information ratio of 0.5, it takes at least 22 monthly returns to determine whether or 
not he or she had a significantly positive α or not.  



Performance Attribution: Classic Approach
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● Purpose: Performance attribution is essential for dissecting a portfolio's return into distinct 
components, offering critical insights into the sources of gains and the efficacy of the stock selection 
process.

● Customization: It must be tailored to fit the specific investment approach of a portfolio manager's 
department, as different processes require different attribution systems.

● Classical vs. Quantitative Systems: While simple systems exist for traditional qualitative equity 
portfolio managers, creating an appropriate system for a quantitative manager is more complex.

Classical Attribution Method
● Developed By: Brinson, Beebower, and Hood (1986).
● Key Categories:

 Security-Selection Effect: The portion of excess return over a benchmark attributable to 
stock-picking skills.

 Sector-Allocation Effect: Reflects the effectiveness of allocating equity among different stock 
sectors.



Performance Attribution: Classic Approach
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● Allocation Effect (AE):
● Computed using sector returns of the benchmark but assigned portfolio weights.
● Represents excess return due to sector allocation.

● Security-Selection Effect (SSE):
● Difference between actual portfolio return and the portfolio return with benchmark sector 

returns.
● Attributable to differential returns within each sector due to stock selection.

● rp-rB = AE + SSE

Per sector j



Performance Attribution: Numerical Approach
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Backtesting
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Using historical data to test performance of hypothetical portfolios. Essential for evaluating new investment 
ideas:

● Key Decisions in Backtesting:
○ Selection of historical data set and software.
○ Time period and data frequency.
○ Investment universe and benchmark selection.
○ Choice of factors in the stock return model.
○ Stock return and risk model selection.
○ Rebalancing frequency.
○ Portfolio construction approach.
○ Performance result presentation.

● Data and Software Choices:
○ Data from 1981-2020, including fundamental, price and return, analyst forecasts, social-issue, and 

macroeconomic data.
○ Main databases: Standard & Poor’s Compustat, CRSP, IBES, MSCI-KLD, and Bloomberg.
○ Data management and model estimation using Python.
○ Portfolio optimization and related processes using CVXPY.



Backtesting: Data Collection and Management 
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● Long-Term Data Collection: Data was collected from 1981 to 2020, ensuring a sufficient historical range 
for testing strategies. For datasets starting later (e.g., analyst data from 1993, social-issue data from 
1991), the earliest available data was used.

● Data Frequency Harmonization: With varying data frequencies (daily, monthly, quarterly, and annual), 
all data was standardized to a monthly format. This involved aggregating daily data and adjusting 
quarterly and annual data to reflect in the month they ended.

● Inclusion Criteria for Stocks: A total of 14,945 stocks were included based on specific criteria:
○ Inclusion in both CRSP and Compustat databases.
○ Ranking in the top 3,000 in market capitalization at any point in the sample period.
○ Availability of essential financial data and monthly returns.



Backtesting: Data Collection and Management 
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● Data Set Construction: Steps for constructing the database included:
○ Selection of common stocks from CRSP.
○ Identification of primary share class based on market capitalization.
○ Verification of availability of key financial metrics and monthly returns.

● Data Integration and Matching:
○ Merging different databases posed challenges due to changing and recycled identifiers like CUSIP 

numbers and tickers.
○ Utilized existing mappings like CRSP ID to Compustat ID, and manually verified ambiguous 

matches.
○ Ensured accurate matching despite identifier changes over time.

● Dealing with Data Variability and Coverage:
○ Acknowledged that coverage varied across databases, affecting the percentage of stocks matched 

in each database.
○ Adapted to the limitations of data availability (e.g., MSCI-KLD data only up to 2018, SEC odd-lot 

volume data from 2012 to 2020).



Backtesting: Data Collection and Management 
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Backtesting: Time Period and Structure in Backtesting
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● Backtesting vs. Real-time Testing: Backtesting uses historical data for immediate strategy evaluation, 
while real-time testing applies strategies to current data and observes outcomes over years.

● Structure of Backtesting:
● Three Segments of Data:

● In-Sample Data (T0 to T1): Early segment for initial testing.
● Out-of-Sample Data (T1 to T2): Later segment for validating model performance.
● Future Data (T2 to T3): For real-time testing and forward analysis.

● Sequential Testing and Data Mining:
● Involves testing multiple models, modifying factors each time.
● In-sample data is used for creating models; out-of-sample data for testing final model to avoid data 

mining.
● Parameter Stability and Rolling Windows:

● Adapting to changes in financial market relationships.
● Using rolling in-sample windows to dynamically re-estimate parameters over time, ensuring model 

stability.



Backtesting: Time Period and Structure in Backtesting
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● Practical Application of Backtesting:
● Historical Data Period: 2006 (T0) to 2020 (T2).
● In-Sample Period: 2006 to 2010.
● Out-of-Sample Period: 2011 to 2020.

● Dynamic Rolling In-Sample Window:
● Continuously updated model parameters for each rolling period.
● Ensures reflection of actual changes in stock return-factor relationships, not just statistical noise.

● Data Interval and Management:
● Monthly intervals for factor and stock return data.
● Handling quarterly and annual data by filling in monthly gaps, avoiding biases in relationships 

between factors and stock returns.
● Rebalancing and Model Testing:

● Emphasis on balancing historical data integrity and dynamic market conditions in model testing.



Backtesting: Time Period and Structure in Backtesting
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Backtesting: Major U.S. Equity Benchmarks
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● Standard & Poor’s (S&P) Indices:
● S&P 500: Large-cap index, highly recognized.
● S&P 400: Mid-cap index.
● S&P 600: Small-cap index.
● S&P 1500: Combination of S&P 400, 500, and 600, market-cap/float-weighted.
● Selection by Standard & Poors Index Committee based on specific criteria including U.S. 

incorporation, positive earnings, and share float percentage.
● S&P 500 Value and Growth Indices: Differentiated by growth vs. value stock characteristics, 

market-cap-weighted.
● Russell Indices:

● Russell 3000: Top 3,000 U.S. stocks by market cap.
● Russell 1000 (Large-Cap): Top 1,000 stocks from Russell 3000.
● Russell 2000 (Small-Cap): Bottom 2,000 stocks from Russell 3000.
● Russell 1000 and 2000 Value and Growth Indices: Classified by book-to-price ratio, analyst growth 

forecasts, and historical sales growth.
● Float-weighted, less subjective inclusion criteria than S&P.



Backtesting: Major U.S. Equity Benchmarks
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● NASDAQ 100:
● Comprises 100 largest non-financial companies on NASDAQ.
● Annual re-constitution in December, modified-capitalization weighting.

● Dow Jones Industrial Average (DJIA):
● Contains 30 stocks representing the U.S. economy.
● Price-weighted, less popular among professional managers due to its susceptibility to stock splits 

and corporate actions.
● Wilshire 5000:

● Represents the performance of all publicly traded U.S. companies.
● Market-capitalization-weighted, often called the total market index.

● Benchmark Characteristics:
● Benchmarks vary in composition, weighting methods, and popularity.
● Each serves as a standard for different market segments (large-cap, mid-cap, small-cap, total 

market, etc.).
● Portfolio managers choose benchmarks based on investment strategies and universe 

representation.



Backtesting: U.S. Benchmarks - Performance Comparison
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● Period: 1995-2020
● Return Statistics:

● Highest Geometric Return: NASDAQ 100 (14.93% annually).
● Following closely: S&P 400 (12.14%) and S&P 600 (11.21%).
● Lowest Annual Return: Russell 2000 Growth (9.04%).

● Risk Metrics:
● Highest Annualized Standard Deviation: NASDAQ 100 (24.58%).
● Second Highest: Russell 2000 Growth (22.74%).
● Lowest Risk: Dow Jones Industrial Average (14.93%).

● Distribution Characteristics:
● All indices exhibit negative skewness (left-skewed distributions).
● Positive excess kurtosis (thicker tails than a normal distribution).
● Jarque-Bara test rejects the assumption of normality for all benchmarks.



Backtesting: U.S. Benchmarks - Performance Comparison
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Backtesting: U.S. Benchmarks - Performance Comparison
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● Correlation among Indices:
● High Correlation with S&P 500: Russell 1000 (0.998), Russell 3000 (0.994), S&P 1500 (0.998), 

Wilshire 5000 (0.989).
● Lower Correlation with S&P 500: NASDAQ 100 (0.822), S&P 400 (0.906), S&P 600 (0.826), Dow 

Jones (0.951).
● Fundamental Ratios and Market Capitalization (End of 2020):

● Highest P/S Ratios: Growth indices like S&P 500 Growth and NASDAQ 100.
● Highest P/E Ratios: Russell 2000 Growth and Value.
● Lowest P/E Ratio: Dow Jones Industrial Average (27.12).
● Largest Market Capitalization: Russell 3000 ($40,930,135 million).
● Smallest Market Cap: S&P 600 ($938,212 million).
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Backtesting: S&P 500 as a Benchmark for Backtesting

35 | Data Driven Methods in Finance

● Popularity of S&P 500:
● Most popular benchmark among global equity managers.
● First choice for investors due to its liquidity, manageability, and brand recognition.

● Advantages of S&P 500:
● Liquidity of securities and futures.
● Easier to manage compared to indices with thousands of stocks.
● High correlation with other major equity benchmarks.
● Most liquid futures for trading, beneficial for leveraging.

● Drawbacks of S&P 500:
● Potential distortions in returns due to its popularity as a benchmark.
● Prices of traded securities may fluctuate due to changes in index composition.

● Our Choice for Backtesting:
● Chosen for data availability and familiarity to readers.
● Ease of construction using Compustat database.
● Investment universe extended beyond S&P 500 to include top 1,500 U.S. stocks by market 

capitalization.



Backtesting: Selecting and Testing Factors for Backtesting
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● Factor Selection Process:
● Initial selection based on theoretical reasoning.
● Factors chosen to explain stock returns and generate α.

● Data Preparation and Cleaning:
● Ensuring data accuracy and consistency.
● Adjusting for correct dates to avoid look-ahead bias.
● Addressing survivorship bias by including extinct stocks.

● Factor Testing Approach:
● Computed historical factor exposures monthly, avoiding look-ahead bias.
● Used simple single-factor regressions and unidimensional zero-investment portfolio testing.
● Initial tests focused on 2006-2010.

● Criteria for Factor Inclusion:
● Return-exposure regression coefficient sign and statistical significance.
● Correspondence with theoretical expectations.
● Elimination of highly correlated factors.



Backtesting: Selecting and Testing Factors for Backtesting
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Backtesting: Selecting and Testing Factors for Backtesting
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● Fundamental factors:
a. regression coefficient sign in accordance with theory
b. regression coefficient statistically significant (t-stat>1.64). 

● Economic factors:
a. zero-investment portfolio return rZI in accordance with theory
b. t-statistic greater than 1.64. 



Backtesting: Final Selection of Factors for Stock Return Models

39 | Data Driven Methods in Finance

Fundamental Factor Model Selection:
● Initially, 19 factors met the selection criteria, including EBITDA-to-EV, asset growth, turnover ratios, 

liquidity measures, and confidence growth indicators.
● Reduced to 18 factors by excluding one from pairs with correlation above 0.75, based on smaller 

t-statistic.
● Final selection through multivariate analysis identified the five most significant factors.

Economic Factor Model Selection:
● 13 factors initially met criteria, including equity turnover, inflation, term premiums, and standardized 

unanticipated earnings.
● Narrowed down to 12 factors by excluding lesser factors in highly correlated pairs (correlation > 0.75).
● Five most significant factors selected based on their impact in a multivariate dummy variable regression 

(values 1 for high, 0 for low).
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Fundamental Factor Model Selection:
● Initially, 19 factors met the selection criteria, including EBITDA-to-EV, asset growth, turnover ratios, 

liquidity measures, and confidence growth indicators.
● Reduced to 18 factors by excluding one from pairs with correlation above 0.75, based on smaller 

t-statistic.
● Final selection through multivariate analysis identified the five most significant factors.

Economic Factor Model Selection:
● 13 factors initially met criteria, including equity turnover, inflation, term premiums, and standardized 

unanticipated earnings.
● Narrowed down to 12 factors by excluding lesser factors in highly correlated pairs (correlation > 0.75).
● Five most significant factors selected based on their impact in a multivariate dummy variable regression 

(values 1 for high, 0 for low).
Outcomes and Considerations:

● Selection process emphasized theoretical alignment, statistical significance, and uniqueness of factors.
● Multivariate analysis added robustness to factor selection.
● Aimed to comprehensively capture market dynamics influencing stock returns.

*EBITDA-to-EV= income from core business operations over total value



Backtesting: Final Selection of Factors for Stock Return Models
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● Parameter Stability Testing:
● Key to ensuring model reflects stable, persistent patterns.
● Pooled monthly regression analysis used to test factor premium stability over time.
● Specific tests for parameter stability across different time frames (quarterly, semi-annually, annually 

– all factor premium are identical/not-identical, and examining the p-value for the test).
● Rejection Rates Indicating Stability:

● Quarterly testing showed 55% rejection rate for the premium of long-term asset growth (indicating 
quarter-level stability).

● Higher rejection rates suggest frequent parameter changes.
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● Parameter Stability Testing:
● Key to ensuring model reflects stable, persistent patterns.
● Pooled monthly regression analysis used to test factor premium stability over time.
● Specific tests for parameter stability across different time frames (quarterly, semi-annually, annually 

– all factor premium are identical/not-identical, and examining the p-value for the test).
● Rejection Rates Indicating Stability:

● Quarterly testing showed 55% rejection rate for the premium of long-term asset growth (indicating 
quarter-level stability).

● Higher rejection rates suggest frequent parameter changes.
● Model Re-estimation Frequency:

● High quarterly rejection rates led to decision for monthly re-estimation of models.
● Ensures models stay aligned with current market conditions.



Historical Performance: Fundamental Factor Model
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Historical Performance: Economic Factor Model
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Historical Performance: Distribution of Results
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Historical Performance: Market Neutral
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Historical Performance: Market Neutral
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Disclaimer
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This course is for educational purposes only and does not offer investment advice or pre-packaged trading 

algorithms. The views expressed herein are not representative of any affiliated organizations or agencies. 

The main objective is to explore the specific challenges that arise when applying Data Science and 

Machine Learning techniques to financial data. Such challenges include, but are not limited to, issues like 

short historical data, non-stationarity, regime changes, and low signal-to-noise ratios, all of which 

contribute to the difficulty in achieving consistently robust results. The topics covered aim to provide a 

framework for making more informed investment decisions through a systematic and 

scientifically-grounded approach.


