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Abstract 

This study proposes a novel model for estimating the implied volatility (IV) surface by incorporating 

127 macro-financial variables. Using a data augmentation strategy and machine learning techniques, 

the model captures complex, nonlinear interactions and links IV dynamics to macroeconomic 

conditions. Factor sensitivities are estimated via time-series and Fama–MacBeth cross-sectional 

regressions. The model is validated with data from the 2007–2010 financial crisis, showing robust 

performance. Our findings highlight the importance of macro-financial factors in forecasting IV, 

enhancing risk management, and improving economic interpretation of volatility across options markets. 
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1. Introduction 

This paper proposes a novel model to estimate the implied volatility (IV) surface using a large set 

of macro-financial variables. The proposed approach addresses limitations of traditional models, 

which have been criticized for lacking macroeconomic interpretability and relying excessively on 

static parameters such as strike prices and time-to-maturity. Our model enhances interpretability 

by explicitly linking shifts in the IV surface to macroeconomic and market-driven factors. This 

connection provides practitioners and policymakers with deeper economic insights, enabling 

better-informed risk management, derivative pricing, and hedging decisions. In practical terms, 

the approach not only improves forecasting accuracy but also ties volatility movements directly 

to underlying economic fundamentals. 

The implied volatility of options reflects market participants’ expectations about future 

volatility of the underlying asset price (Hull & White, 1987; Nyberg & Vilhelmsson, 2008). IV plays 

a crucial role in option pricing, enabling traders to predict future volatility and assess related risks 

(Bakshi, Cao, & Chen, 1997). Moreover, the IV surface visualizes the structure of volatility across 

various strike prices and maturities, offering insight into option market microstructure and 

informing option valuation and portfolio risk management (Dumas, Fleming, & Whaley, 1998). 

The shape of the IV surface is often summarized by two well-known phenomena: the volatility 

smile and the volatility term structure. The volatility smile—where implied volatilities increase 

for deep in-the-money or out-of-the-money options—underscores the market’s anticipation of 

extreme price movements 4  (Rubinstein, 1994; Dennis & Mayhew, 2002). This asymmetry 

suggests investors pay a premium for options protecting against adverse moves, reflecting 

perceived risk and uncertainty. Understanding the volatility smile is crucial for pricing exotic 

 
4 Stock index options often exhibit a volatility sneer rather than a symmetric volatility smile (see Dennis & Mayhew, 2002; Xing, 

Zhang, & Zhao, 2010). This pattern is characterized by higher implied volatilities for deep out-of-the-money put options compared 
to similarly distant call options, reflecting investors’ demand for hedging against market downturns and the presence of a tail risk 
premium. 
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options and gauging market sentiment (Gatheral, 2006). On the other hand, the volatility term 

structure provides insights into how implied volatility varies with time to maturity. By observing 

how IV changes across option expirations, analysts can discern market expectations of future 

volatility levels. A steep upward-sloping term structure implies anticipation of increased 

volatility in the future, while a flat or downward-sloping term structure may signal expectations 

of stable or declining volatility (Cont & Fonseca, 2002; Mixon, 2002). This information is valuable 

for constructing trading strategies, managing risk, and assessing overall market conditions. In 

essence, the IV surface encapsulates the collective wisdom of market participants, reflecting their 

views on risk, uncertainty, and future market dynamics. Analyzing this surface through the lenses 

of the volatility smile and term structure enhances our understanding of option pricing dynamics 

and facilitates more informed decision-making in financial markets (Xing, Zhang, & Zhao, 2010). 

The research question at the heart of this study is whether we can provide economic 

interpretations of IV surface fluctuations by integrating a comprehensive set of macro-financial 

factors while maintaining or enhancing out-of-sample predictive power relative to popular 

models (Cont & Fonseca, 2002; Mixon, 2002). This inquiry is crucial, as understanding the 

economic determinants of volatility fluctuations is essential for informed investment decisions 

and effective risk management. To address this question, our model explicitly uses 127 

macroeconomic and financial variables (and their interaction terms) to explain implied volatility, 

significantly expanding the scope of economic factors considered in traditional models. These 

variables include interest rates, inflation measures, unemployment and employment indicators, 

GDP-related measures, and other factors that influence market volatility. 

Many models rely on dimension reduction to handle the complexity of large datasets. By 

contrast, our model leverages a data augmentation approach to avoid discarding potentially 

useful information. By augmenting the data, we maintain the richness of the original dataset, 



 

4 

 

including nonlinear combinations of the 127 macroeconomic variables, resulting in thousands of 

derived features that can enhance IV surface estimation. Incorporating such an extensive array of 

factors introduces substantial challenges, including increased model complexity, computational 

demands, and the need for clear interpretability (Gu, Kelly, & Xiu, 2020). To navigate these 

challenges, we propose innovative empirical methodologies that harness machine learning 

techniques alongside the data augmentation strategy. The data augmentation method enriches 

the training dataset by generating additional synthetic observations of the IV surface, enabling 

the model to generalize more effectively and capture complex relationships in the data. To 

manage computational complexity, we introduce techniques such as the Fama–MacBeth two-

stage regression (Fama & MacBeth, 1973), which has not traditionally been used in IV surface 

estimation. This approach reduces computational burden while maintaining robustness and 

predictive power, making it feasible to incorporate a large number of macro-financial variables. 

Furthermore, our model employs regularization (specifically Lasso regression) to mitigate 

overfitting issues that arise from including numerous factors and their nonlinear combinations. 

This aligns with recent research suggesting that complex models can be advantageous in asset 

pricing if proper regularization is applied (Kelly, Malamud, & Zhou, 2024). In addition to 

regularization, the data augmentation strategy contributes to model robustness by effectively 

handling the increased complexity. By extending the traditional analytical framework to 

incorporate economic indicators known to influence market volatility, our model provides a more 

robust foundation for IV surface prediction. Incorporating macro-financial data allows the model 

to capture volatility variability more accurately and align more closely with actual market 

behavior, thus enhancing the efficacy of pricing and risk management strategies. Notably, this 

model is the first in the literature to offer economic interpretations of IV surface variations 

grounded in a broad spectrum of macro-financial factors and their nonlinear interactions. This 
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represents a significant step forward, enabling a more nuanced understanding of how diverse 

economic forces interplay to impact volatility dynamics. Our results indicate that the IV surface 

of S&P 500 options is markedly influenced by key macroeconomic indicators, including labor 

market conditions, interest rates, measures of economic output, and inflation trends. In particular, 

our analysis highlights the importance of interaction terms, revealing significant explanatory 

power from combinations such as housing and construction activity paired with short-term 

interest rates, as well as interactions between equity market volatility indices and inflation 

indicators (Bielinski & Broby, 2021). These findings underscore how nuanced macroeconomic 

interdependencies contribute substantially to the dynamics of implied volatility. 

The rest of the paper is organized as follows. Section 2 provides a comprehensive literature 

review, highlighting key advancements and related works on IV surface modeling. Section 3 

presents the methodology employed in our model, including the empirical framework and data 

collection and transformation procedures. Section 4 contains the empirical analysis and results, 

discussing the model’s in-sample fit, forecasting performance, factor selection, comparisons with 

a classical benchmark model, and a special examination of the model’s robustness during the 

2007–2010 global financial crisis. Finally, Section 5 concludes the paper by summarizing the 

findings and discussing their implications for future research and practical applications. 

2. Literature review 

An accurate estimation of the IV surface is paramount for option pricing and risk management. 

Existing research aimed at estimating or explaining the IV surface of options has progressed along 

two main avenues. The first avenue expands the assumptions of the Black–Scholes (BS) option 

pricing model to better reflect reality, thereby avoiding discrepancies with the observed IV 

surface. Studies in this direction seek to adjust or relax the assumptions of Black–Scholes so that 

the model-implied volatility varies consistently with moneyness and time-to-maturity. 
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Discrepancies between Black–Scholes and actual market implied volatilities (such as the volatility 

smile) indicate a misalignment between the model’s assumptions and empirical observations, 

suggesting the need for more realistic modeling of the underlying asset’s dynamics.  

Several studies have extended the BS model by incorporating more realistic features of 

financial markets to resolve the volatility smile and related surface phenomena. Notable 

extensions include models with stochastic interest rates (Amin & Jarrow, 1991, 1992; Ho, 

Stapleton, & Subrahmanyam, 1997; Rindell, 1995), stochastic volatility models (Hull & White, 

1987; Johnson & Shanno, 1987; Melino & Turnbull, 1990; Scott, 1987; Stein & Stein, 1991; Wiggins, 

1987), jump-diffusion models (Merton, 1976; Naik, 1993), the variance-gamma model (Madan, 

Carr, & Chang, 1998), and regime-switching models that allow sharp jumps in volatility (Kou, 

2002; Kou & Wang, 2004; Naik & Lee, 1990). Other researchers have assumed generalized 

autoregressive conditional heteroscedasticity (GARCH) processes for the underlying asset (Duan, 

1995; Duan & Zhang, 2001; Heston & Nandi, 2000; Hsieh & Ritchken, 2005) to better capture the 

dynamic volatility observed in markets. Within this extensive body of work, Bakshi, Cao, & Chen 

(1997) and Bates (2003), as well as Kim & Kim (2004, 2005), conducted comparative studies to 

determine which option pricing model is most effective for pricing and hedging. They found that 

stochastic volatility models most significantly improve upon the shortcomings of the basic Black–

Scholes model and are among the best for pricing and hedging options. These studies also 

confirmed that incorporating stochastic interest rate factors can have significant explanatory 

power, especially for long-maturity options. Adopting such enriched models often reveals that 

certain portions of the IV surface (for example, particular patterns of the smile) can be better 

explained or even “flattened” by the more complex dynamics, reducing the mispricing present 

under simpler models.  
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The second avenue of research acknowledges the existence of an IV surface and instead 

focuses on directly explaining and predicting the volatility surface, often through empirical or 

statistical models. One prominent approach in this category is the ad-hoc Black–Scholes (AHBS) 

model, which uses regression analysis to directly estimate the IV surface as a function of known 

variables (Ncube, 1996). This so-called "traders' rule" is widely used by practitioners in options 

markets. The AHBS model operates under the assumption that the implied volatility for each 

option can be expressed as a deterministic function of the option’s strike price (or moneyness) 

and time-to-maturity or some combination thereof. In practice, this often means fitting a surface 

(or a simpler functional form) to observed implied volatilities at various strikes and maturities, 

effectively treating volatility as an interpolated/extrapolated surface.  

Recent studies have shown the efficacy of the AHBS and related approaches. For instance, 

several works (Choi, Jordan, & Ok, 2012; Choi & Ok, 2012; Dixit & Singh, 2018; Dumas, Fleming, 

& Whaley, 1998; Jackwerth & Rubinstein, 2012; Kim, 2009, 2014, 2017; Li & Pearson, 2004, 2007) 

find that the pricing and hedging performance of these straightforward regression-based surfaces 

can be superior to more mathematically sophisticated models, such as those with stochastic 

volatility. The AHBS model, at its core, is akin to a conventional statistical model that emphasizes 

fitting the surface to the data at hand, thereby capturing the characteristics of the volatility 

surface directly from observed prices. Common implementations of the AHBS involve linear 

interpolation across known data points and sometimes linear extrapolation to estimate implied 

volatilities beyond the range of traded strikes or maturities (Jiang & Tian, 2005; Lee & Ryu, 2024; 

Sun et al., 2018). Other empirical methods for IV surface estimation include semi-parametric 

spline interpolation (Fengler, 2009; Figlewski, 2008), non-parametric kernel regression 

techniques (Aït-Sahalia & Lo, 1998; OptionMetrics; Ulrich & Walther, 2020), and parametric 

expansions like the Gram–Charlier series (Beber & Brandt, 2006). These methods focus on 
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smoothing or flexibly fitting the surface and often ensure no-arbitrage conditions, such as 

avoiding violation of bounds or creating dominance opportunities.  

Despite these advances, little to no research has incorporated macroeconomic variables or 

other broad financial factors as inputs in explaining or predicting the IV surface. Prior efforts have 

largely been “within-market,” using option-specific variables (strike, maturity) or adjustments to 

the price dynamics of the underlying asset. Control variables from outside the options market – 

for example, indicators of the state of the economy or financial markets – have not been 

extensively used in volatility surface models up to now. This gap in the literature highlights the 

value of our study: by bringing macro-financial factors into the modeling of the IV surface, we 

bridge the disconnect between option market dynamics and broader economic conditions. In the 

next sections, we detail our methodology that enables this integration and present evidence that 

incorporating macro-financial variables can yield a more interpretable and robust IV surface 

model without sacrificing predictive performance.  

Recently, Bali et al. (2023) provided a notable contribution to related research by using 

machine learning methods and extensive datasets to predict option returns. Similar to our study, 

their approach leverages advanced machine-learning techniques and big data to improve 

predictive performance. However, while Bali et al. (2023) focus explicitly on predicting option 

returns, our research uniquely applies these sophisticated methodologies specifically toward 

estimating the IV surface. Moreover, our work distinctly emphasizes incorporating 

macroeconomic and macro-financial indicators to capture broader market influences, 

differentiating our approach from Bali et al.'s primarily "within-market" perspective. Thus, our 

research fills a critical gap by explicitly connecting macroeconomic conditions with implied 

volatility estimation, enhancing both interpretability and predictive robustness. 

3. Methodology and Data 
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In this section, we outline our methodology for constructing and testing the macro-finance-

augmented IV surface model. We describe each step of the empirical strategy in detail, from 

building the volatility surface to integrating a large number of factors and deploying machine 

learning techniques, as well as the data sources and preprocessing procedures. 

3.1. Empirical Methods 

Our approach follows a multi-step procedure to estimate the IV surface while incorporating 

macro-financial information. The process is summarized as follows: 

Step 1: Constructing the IV Surface: We begin by constructing the empirical IV surface from 

market data. Using daily S&P 500 index (SPX) option data, we organize implied volatilities by 

moneyness (defined as the ratio of the index level to the option’s strike price) and time-to-

maturity (years until expiration). These two dimensions form the grid for the IV surface. The 

resulting baseline surface—implied volatility as a function of moneyness and maturity—captures 

the volatility smile and term structure present in the data, providing a benchmark against which 

our model-implied surfaces will be compared. 

Step 2. Data Collection and Transformation: We compile a comprehensive dataset of 127 

monthly macro-financial variables from the Federal Reserve Economic Data (FRED) database. 

These variables span various categories, including economic activity (e.g., industrial production 

indices), labor market indicators (e.g., unemployment rates, payroll figures), interest rates (short- 

and long-term Treasury yields), credit spreads, inflation measures (consumer and producer 

prices), and financial market indices (exchange rates, volatility indices, etc.). Each series is 

transformed to ensure stationarity, following the transformation codes of McCracken & Ng (2016) 

– for example, taking differences or growth rates as appropriate (interest rate levels may be used 

directly if stationary, price indices would enter as inflation rates, etc.). We then align and clean 

the data into a balanced monthly panel from 1996:1 to 2015:8. This involves addressing missing 
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values and asynchronous release dates via interpolation or carry-forward for short gaps and 

truncating or removing series that don’t cover the full sample. The result is a synchronized panel 

of macro variables where each of the 127 series has a value for every month in our sample, 

ensuring comparability. This careful preprocessing prevents spurious results due to non-

stationarity or timing misalignment. 

Step 3. Orthogonalization: Using the processed set of 127 macro variables, we perform a 

Principal Component Analysis (PCA). The goal here is not primarily dimensionality reduction, but 

rather orthogonalization of the input factors. By transforming the original correlated variables 

into a new set of uncorrelated principal components, we simplify subsequent regression analysis 

(Ku, Bloomfield, & Ghosh, 2011). In particular, because the principal components are orthogonal, 

we can estimate their effects on the IV surface without multicollinearity issues. We choose to 

retain 115 principal components, which capture about 99% of the total variance of the macro 

dataset. This ensures that nearly all relevant information from the original 127 variables is 

preserved while yielding a tractable set of orthogonal macro-financial state variables. (This 

approach condenses the data with minimal information loss, consistent with established practice 

in dealing with large macro datasets; see Armeanu & Lache, 2008.) 

Step 4. Innovation Term Generation: With an orthogonal set of macro-financial state variables 

obtained from PCA, we derive innovation terms representing unexpected changes in these factors. 

Let 𝑣𝑡+1 be the K-dimensional vector of macroeconomic state variables derived from PCA at time 

𝑡 + 1. We posit an autoregressive structure for these state variables: 

𝑣𝑡+1 = 𝛾 ⋅ 𝑣𝑡 + 𝛼 + 𝜀𝑡+1  

where 𝑣𝑡 denotes the vector of macroeconomic PCA factors at time 𝑡, and 𝛾 and 𝛼 are coefficients 

estimated via linear regression. The innovation terms (unexpected changes), Δ𝑣𝑡+1, and 

standardized innovations, Δ𝑧𝑣,𝑡+1, are computed as follows: 
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Δ𝑣𝑡+1 = 𝑣𝑡+1 − (𝛾𝑣𝑡 + 𝛼̂) 

Δ𝑧𝑣,𝑡+1 = Σ𝑡
−0.5Δ𝑣𝑡+1, Δ𝑧𝑣,𝑡+1 ∼ 𝑁(0, 𝐼)√Δ𝑡 

Here, Σ𝑡 represents the covariance matrix of Δ𝑣𝑡, which is simplified to a diagonal form due to 

PCA orthogonalization. The standardized innovation Δ𝑧𝑣,𝑡+1  captures the sources of 

macroeconomic risk. 

Step 5. Estimation of Volatility and Beta Coefficients: We estimate volatility (σ) and beta (β) 

coefficients linking macroeconomic innovations to changes in implied volatility: 

σ𝐼𝑉,𝑛,𝑡
2 =

𝑉𝑎𝑟(Δ𝐼𝑉𝑛,𝑡)

Δ𝑡
 

β𝑛,𝑡Δ𝑡 =
𝐶𝑜𝑣(Δ𝐼𝑉𝑛,𝑡, Δ𝑧𝑣,𝑡)

𝑉𝑎𝑟(Δ𝑧𝑣,𝑡)
 

Here, Δ𝐼𝑉𝑛,𝑡  is the change in implied volatility at a specific point 𝑛 on the IV surface. The beta 

coefficients measure the IV surface's sensitivity to each macroeconomic factor. 

Step 6. Time-Series Regression Formulation (Linear Factor Model): Using standardized 

macroeconomic innovations Δ𝑧𝑣,𝑡+1 , we perform time-series regressions for each moneyness-

maturity pair to estimate factor loadings: 

Δ𝐼𝑉𝑛,𝑡+1 = β𝑛
′ Δ𝑧𝑣,𝑡+1 + noise𝑛,𝑡+1 

This step quantifies the responsiveness of implied volatility changes to macroeconomic shocks 

for each segment of the IV surface. 

Step 7. Fama–MacBeth Regression and Factor Risk Responses (Cross-Sectional Regression): 

We formally implement the Fama–MacBeth two-pass regression (Fama & MacBeth, 1973). In the 

first pass, as described earlier, we estimate the factor loadings, β𝑛, for each option by running 

time-series regressions of each option’s implied volatility changes on the factor innovations. In 

the second pass, cross-sectional regressions are conducted in each period using the specification 

Δ𝐼𝑉𝑛,𝑡 = 𝜆0,𝑡 + 𝜆𝑡
′ 𝛽𝑛 + 𝜁𝑛,𝑡 
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where Δ𝐼𝑉𝑛,𝑡   denotes the change in implied volatility for option 𝑛 at time 𝑡, β𝑛 represents the 

vector of factor loadings obtained in the first pass, and λ0,𝑡  is the period-specific intercept. The 

vector λ𝑡 contains the factor response coefficients, which indicate the average effect that a given 

macroeconomic shock has on the implied volatility surface; that is, λ𝑡  reflects the average 

sensitivity of the IV surface to macro shocks, rather than a risk premium in the traditional sense 

of expected returns. The error term is represented by ζ𝑛,𝑡 . Finally, these estimated factor 

response coefficients λ𝑡 are averaged over time to provide robust measures of macroeconomic 

risk responses across the IV surface. 

Step 8: Hyperparameter Tuning via Lasso Regularization: Finally, we apply Lasso regression 

(L1-regularization) combined with cross-validation to determine the optimal regularization 

parameter. This step effectively selects relevant macroeconomic factors, reduces dimensionality, 

and mitigates overfitting, enhancing the interpretability and robustness of the estimated model. 

By integrating sophisticated modeling techniques with comprehensive macroeconomic data, this 

methodology significantly improves the predictive power and interpretability of IV surface. 

This empirical strategy offers several distinct advantages over traditional models that only 

use option-specific variables like strike and maturity. First, linearizing the pricing kernel via the 

Fama–MacBeth approach yields a straightforward estimation process for factor influences, 

linking the cross-section of implied volatilities to underlying economic risks in an intuitive way. 

This approach has strong predictive performance and computational efficiency compared to 

complex multivariate stochastic volatility models. Additionally, our method is naturally 

compatible with machine learning enhancements. We can integrate techniques like penalized 

regression (Lasso) and even nonlinear models (e.g., neural networks or tree-based methods) at 

various stages to handle the large set of variables while still preserving clear economic 

interpretation of results (Frank & Yang, 2021). Furthermore, incorporating 127 observable 
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macro-financial factors provides a much richer information set for explaining movements in the 

IV surface than classical models. This comprehensive factor inclusion leads to deeper 

understanding of market behavior and more precise forecasting of volatility dynamics (Green & 

Thomas, 2019). As a result, our framework not only simplifies the estimation process (through 

orthogonal factors and two-pass regressions) but also enhances predictive accuracy and 

economic insight, marking a notable improvement over classic approaches that ignore the 

broader economic context. 

3.2. Data 

Our empirical analysis is based on data from the S&P 500 index (SPX) options market, combined 

with a wide array of macroeconomic and financial time series. In this subsection, we describe the 

sources and key characteristics of the options data and macro-financial variables used, as well as 

the filtering criteria applied to ensure data quality and relevance. 

Options Data: The SPX option data are sourced from the Ivy DB database of OptionMetrics. The 

sample covers end-of-day data from January 1996 through August 2015. For each trading day in 

this period, we observe closing bid and ask quotes, implied volatilities, open interest, and trading 

volume for SPX options traded on the Chicago Board Options Exchange. We focus on SPX index 

options for several reasons. First, SPX options are European-style index options and represent 

one of the most liquid and widely studied options markets, making our results comparable to a 

large body of existing literature. Many previous IV surface studies have analyzed S&P 500 options, 

so using the same market allows us to benchmark our findings against known patterns. Second, 

the SPX market offers a wide range of maturities at any given time – from very short-term options 

to LEAPS (long-term options) – which is essential for constructing a well-defined volatility surface 

across maturities and moneyness. In contrast, some other markets (especially in emerging 

economies) might have most activity in only short-term options, limiting the scope of a volatility 
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surface analysis. Third, by using a European-style option (SPX options have no early exercise), we 

avoid complications from American exercise features; thus, we can directly apply models and no-

arbitrage conditions derived under the assumption of European exercise without adjustment. 

We apply standard filtering criteria to the raw options data to ensure we use reliable 

observations (Bakshi et al., 1997; Choi et al., 2012; Choi & Ok, 2012; Kim & Kim, 2004, 2005). 

Specifically, we include only out-of-the-money (OTM) options (calls with strike above the index 

level and puts with strike below the index level) because implied volatilities are more robustly 

estimated for OTM options, which are more liquid. We exclude any records with obviously bad or 

missing data: for example, options with missing bid or ask quotes, or with non-positive bids (a 

zero bid implies no market interest). To reduce microstructure noise, we drop options with very 

short time-to-maturity (less than 7 days) since they can be subject to liquidity issues and price 

distortions near expiration. We also eliminate options with extremely low prices (below 3/8 of a 

dollar) to avoid cases where price discreteness (tick size effects) might dominate true market 

signals. Finally, we enforce basic no-arbitrage conditions: any option prices that violate standard 

arbitrage bounds (e.g., implying negative probabilities or breaching lower/upper limits given by 

put–call parity and intrinsic values) are removed. The option’s price is taken as the midpoint of 

the bid and ask to mitigate bid-ask bounce effects. After these filters, we aggregate the data to 

monthly frequency. In practice, this means for each month we use a representative implied 

volatility for each moneyness–maturity pair (for example, using end-of-month observations or an 

average within the month). This monthly aggregation ensures consistency with the monthly 

macroeconomic data and reduces noise from high-frequency fluctuations, focusing our analysis 

on broader trends in the volatility surface. 

This processed options dataset provides a robust foundation for examining market trends 

and testing our model under different conditions. By working at a monthly frequency and 
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applying stringent data cleaning, we capture the broad movements of the volatility surface rather 

than day-to-day noise. It also makes the computational task tractable when integrating with a 

large macroeconomic dataset, since using every daily observation with 127 factors would be 

extremely high-dimensional. 

Macro-Financial Data: As noted, we collect a large set of macro-financial time series on a 

monthly frequency, primarily from FRED. These 127 variables cover many facets of the economy 

and financial markets. Each series is transformed as needed (using the tcode procedures of 

McCracken & Ng, 2016) to ensure stationarity. For example, interest rate series might enter in 

levels if stationary or in differences if they contain unit roots; price indices likely enter as growth 

rates (inflation rates); and so on. We address missing data and asynchronous release dates by 

employing the five-step panel balancing procedure detailed in Appendix I. In essence, we 

interpolate or carry forward data for short gaps and, when necessary, remove series that are too 

sparse or shorten the sample period to accommodate series that start later. By the end of this 

process, we have a balanced panel from 1996:1 to 2015:8 for all 127 macro variables, matched to 

the same timeframe as the options data. Following an approach inspired by Ludvigson & Ng 

(2009), we use these variables to extract common components via PCA (as described in the 

methodology steps above). We decided to retain 115 principal components from the 127 

variables, which captures an overwhelming portion of the variance in the macro dataset (the 

remaining components account for only minor variation or noise). The complete list of the macro-

financial variables included is provided in Appendix II. It includes, for instance: various 

employment and unemployment statistics, industrial production indices, measures of consumer 

and producer prices, interest rates across different maturities, credit spreads such as the BAA–

AAA corporate bond yield spread, monetary aggregates (e.g., M2 money supply), housing market 

indicators (housing starts, building permits, home sales), exchange rates, and volatility indices 
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from equity and bond markets, among others. Using PCA to condense this information aligns with 

established methods for handling large datasets – it summarizes the data without a major loss of 

information, and the orthogonalization benefit has been discussed above. By strategically 

leveraging this rich set of observable variables under the umbrella of no-arbitrage and asset 

pricing theory, our study breaks new ground in connecting macroeconomic risk factors to the 

behavior of the IV surface. In summary, the data assembly and preprocessing steps yield two key 

inputs for our analysis: (i) a monthly time series of the IV surface for S&P 500 options (with points 

on the surface defined by various moneyness levels and maturities), and (ii) a contemporaneous 

set of macro-financial factor innovations (115 factors each month) derived from 127 economic 

time series. 

4. Empirical Analysis and Results 

Having constructed the model and prepared the data, we now present the empirical findings. This 

section evaluates the model’s in-sample performance and out-of-sample predictive power, 

examines which macro-financial variables are most important, compares the new framework to 

a classical benchmark model, and tests the model’s robustness during the tumultuous 2007–2010 

financial crisis. Each subsection focuses on one aspect of the results. 

4.1. IV Surface fitting 

We first assess how well our macro-factor model can fit the historical IV surface of S&P 500 

options. Our analysis is based on monthly data from January 1996 to August 2015, conducting 

both time-series and cross-sectional analyses of model errors. In practice, we examine model 

errors over time for specific points on the surface and across the surface at specific times. In 

constructing the fitted values, macroeconomic variables entering the model are lagged by one 

month to avoid any look-ahead bias; this mimics a real-time forecasting scenario and strengthens 

the credibility of subsequent predictive tests. 
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The visual evidence is striking: for multiple representative moneyness levels and maturities, 

the model-implied IVs track the observed IVs almost exactly over two decades. Even during 

periods of volatility spikes or dips (such as the 2000 dot-com bust or the 2008 financial crisis), 

the model’s fitted values closely follow observed values, indicating that the broad set of macro 

factors effectively captures the drivers of these volatility changes. 

Before delving into detailed diagnostics, it is useful to understand what adding an 

unprecedented number of factors to an IV surface model accomplishes. Table 1 compares 

summary statistics of observed implied volatilities to those generated by our model under 

different factor configurations. In particular, we contrast a baseline case using only 5 factors (the 

traditional approach with just strike, time-to-maturity, and their simple polynomial 

transformations: a constant, 𝐾, 𝐾2, 𝑇, and 𝐾 × 𝑇) against models using 10, 34, 64, and the full 

115 principal components (which correspond to using all 127 macro variables). The sample 

period for this comparison is 1996:2 to 2015:8, matching our full dataset. 

Table 1 presents summary statistics (mean, standard deviation, min, various percentiles, and 

max) for implied volatility in both the actual data and the model-implied values for each factor 

configuration. Panel A of Table 1 shows the distribution of observed log-implied-volatilities 

over time and across moneyness/maturity (we use log-IV to normalize the distribution). Panels 

B through E show the same summary statistics for model-implied IVs when using 10, 34, 64, and 

115 macro factors, respectively. By examining these panels, we see a clear pattern: expanding the 

number of factors from the small set of 5 (strike and maturity terms only) to the full set of macro-

financial factors significantly enhances the fit of the IV surface. The statistical metrics of the 

model-implied surface with 115 factors closely match those of the observed surface. For instance, 

the average (mean) of observed log-IV in Panel A lies in a certain range (approximately –2.93 to 

–0.19 across different slices of the data), and this is closely mirrored by the model-implied 
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averages in Panel E (115 factors). Similarly, the variability (standard deviation) and range (min 

to max) of implied volatility are nearly identical between the observed data and the model with 

the full macro factor set. This suggests our model is able to replicate not just the central tendency 

of the volatility surface but also its dispersion and extremes when given a sufficiently rich set of 

factors. By comparison, models with fewer factors (e.g., Panel B with 10 factors) show larger 

deviations from the observed stats, indicating a less precise fit. 

<Insert Figure 1 here> 

Figure 1 and Figure 2 further illustrate these in-sample results by providing visual 

confirmation of the model’s fit. In Figure 1, we plot the time series of observed vs. model-implied 

implied volatilities for several representative scenarios, using different numbers of factors. The 

figure contains four subplots corresponding to models with 10, 34, 64, and 115 macro factors, 

respectively. In each subplot, the solid line represents the observed IV over time for a given 

moneyness and maturity (for example, a particular maturity bucket and strike level), and the 

dashed line represents the model-implied IV for that same point, as produced by our factor model. 

Remarkably, the dashed lines are almost indistinguishable from the solid lines across all these 

cases – even with as few as 10 macro factors, the model tracks realized IV closely, and with 115 

factors, the overlap is essentially perfect. The close alignment between observed data and model 

output in Figure 1 affirms the model’s robustness in replicating the actual IV landscape. It 

demonstrates that by incorporating macro-financial factors, we capture the time-series evolution 

of the volatility surface with high fidelity. 

<Insert Figure 2 here> 

Figure 2 offers a complementary view by examining the model’s fit in the cross-section. It 

illustrates diagnostic plots for implied volatilities across different moneyness levels. The left 

panel of Figure 2 plots the unconditional mean implied volatility at each moneyness level 
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(averaging across the sample period) for both observed and model-implied data, and the right 

panel plots the unconditional standard deviation of implied volatility at each moneyness level. 

Once again, the model closely reproduces the empirical pattern: across moneyness levels, the 

model-implied and observed mean IV and IV volatility are nearly coincident. This indicates the 

model can capture the well-known “volatility smile” shape and its variability. 

Complementing this visual analysis, Table 2 provides detailed numerical prediction errors 

broken down by maturity and moneyness segments. The table highlights the model's exceptional 

accuracy at moderate maturities (0.25–1.0 years) and near-the-money strikes, while also 

identifying areas with slightly higher errors (very short maturities or deep in- or out-of-the-

money strikes, where data are sparse). In summary, the in-sample analysis shows that our macro-

factor model can reconstruct the IV surface with high precision. By incorporating 127 macro-

financial factors (via 115 principal components) and using advanced techniques to manage this 

complexity, the model’s fitted values align very closely with observed implied volatilities. 

<Insert Table 2 here> 

Table 2 presents the average absolute valuation error (in percentage terms) and root mean 

squared error (RMSE) of the model’s fitted implied volatilities relative to actual implied 

volatilities, segmented by option maturity and moneyness. The errors are very small for most 

segments. For example, at medium maturities (3–12 months) and near-the-money options, the 

model’s pricing errors are on the order of a few basis points – a virtually negligible mispricing. 

Even at the more challenging extremes (very short-term or far out-of-the-money options), the 

errors remain modest. These results underscore that our comprehensive factor model can match 

observed option prices (in implied vol terms) extremely well across the surface. 

To quantify the fit formally, we also examine overall error distributions. Figure 3 illustrates 

the distribution of percentage valuation errors and RMSE for models with different numbers of 
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macro-financial factors (10, 34, 64, 115). The inclusion of macro-financial factors significantly 

reduces errors — the model with 115 factors shows the lowest RMSE and very small percentage 

errors, indicating a near-perfect fit in-sample. 

<Insert Figure 3 here> 

In Figure 3, the left panel shows the distribution of percentage errors (model-implied IV 

minus actual IV, as a percentage of actual), and the right panel shows the distribution of RMSEs 

of implied volatility across the surface, for models with 10, 34, 64, and 115 factors. As more factors 

are included, the error distributions tighten around zero and the RMSE shrinks. The model with 

all 115 factors has an error distribution centered extremely close to zero with minimal dispersion, 

and an RMSE that is only a tiny fraction of the average IV — evidence of an excellent fit. In contrast, 

the model with only 10 factors, while still reasonably good, has a noticeably wider error 

distribution and higher RMSE. This confirms that incorporating a large set of macro-financial 

factors dramatically improves the in-sample fit of an IV surface model. 

Overall, Table 1, Table 2, Figure 1, Figure 2, and Figure 3 together confirm that our macro-

factor model can match observed implied volatilities in the S&P 500 options market to a very high 

degree of accuracy when sufficient factors are included. The model is able to capture both the 

time-series evolution and cross-sectional shape of the IV surface. This strong in-sample 

performance is an encouraging sign, but it also raises an important question: Are we simply 

overfitting with so many predictors, or do these factors genuinely help in forecasting future 

movements of the volatility surface? To address this, we next examine the model’s out-of-sample 

predictive performance. 

4.2. Forecasting the IV Surface (Out-of-Sample Predictive Power) 

Having established that the model fits historical data well, we now investigate whether it can 

forecast future changes in the IV surface. A key question is whether the information from macro-
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financial factors can predict how the IV surface shifts over time, beyond what is already 

embedded in the current surface. For example, if our model says the current IV at a certain 

moneyness is lower than it “should” be given macro conditions, will the IV tend to rise next period 

(mean-revert towards the model value)? This is essentially testing if the model’s error has 

predictive content for future volatility movements. 

To evaluate this, we design a regression-based forecasting test. Specifically, we examine 

whether the deviation between observed and model-implied IV at time 𝑡 can predict the change 

in actual IV by time 𝑡 + 1. This approach draws on the regression equations outlined in Section 

3.1 (Step 6). In mathematical terms, for each moneyness level mmm and a given time 𝑡, let G𝑖,𝑡 =

𝐼𝑉𝑖,𝑡
observed − 𝐼𝑉𝑖,𝑡

model be the current error (or residual) of the model. We then look at Δ𝐼𝑉𝑚,𝑡+1
obs =

𝐼𝑉𝑚,𝑡+1
observed − 𝐼𝑉𝑚,𝑡

observed, the actual change in implied volatility by next period. We run predictive 

regressions of the form: 

 

•  Without control variables: Δ𝐼𝑉𝑖,𝑡+1
obs = 𝛼 + 𝛽𝑖  𝐺𝑖,𝑡 + ε𝑖,𝑡+1. 

•  With control variables: Δ𝐼𝑉𝑖,𝑡+1
obs = 𝛼 + 𝛽𝑖  G𝑖,𝑡 + γ1Δ𝐼𝑉𝑖,𝑡

obs + γ2𝐼𝑉𝑖,𝑡
obs + ε𝑖,𝑡+1. 

 

In the second specification, we include two controls often used in volatility predictability 

studies: the recent change in IV (to capture momentum or mean-reversion effects unrelated to 

macro factors) and the level of IV (since level might mean-revert or have heteroskedastic effects). 

The coefficient β on the model error term tests our model’s forecasting power: if β is significantly 

positive, it would mean that when the model underpredicts actual IV (i.e., actual is higher than 

model-implied, so error is positive), typically actual IV falls (negative change) or if model 

overpredicts (error negative), actual IV rises – implying the model’s implied value is a direction 

for future movement (like an equilibrium value that IV gravitates towards). If β is negative and 
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significant, it means the opposite (the model’s overshoot might signal further moves in that 

direction, which would be puzzling under a rational model). If β =  0, the model’s errors have no 

predictive power, meaning the model fully explains the movement or completely misses it. 

<Insert  
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Table 3 Here> 

We estimate these regressions for each moneyness level (and possibly each maturity, though 

for simplicity, many analyses aggregate or focus on a particular maturity slice).  
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Table 3 presents the results of these predictive regressions using 10, 34, 64, and 115 factors 

in the model. In  
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Table 3, each panel corresponds to a different number of factors (Panel A for 10 factors, 

Panel B for 34 factors, etc.), and within each panel, we report the estimated coefficients (in 

particular the β on the model error term) and their t-statistics (or absolute t-values) for various 

moneyness levels. The sample for this regression spans 1996:1 to 2015:8. 

From  
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Table 3, we observe that the model’s predictive capability tends to improve as we increase 

the number of macro-financial factors included. For lower counts (say 10 factors), the coefficient 

β might be modest and sometimes not statistically different from zero for certain moneyness 

levels, indicating limited predictive power. However, as we move to 64 or 115 factors, β often 

becomes larger in magnitude and more significant. This suggests that with a richer factor set, the 

model’s “errors” indeed contain information about where implied volatilities will head next. In 

plain terms, when our comprehensive model indicates that implied volatility is higher (or lower) 

than economic conditions would justify, we often see the actual market volatility subsiding (or 

picking up) in the following month, partially closing that gap. This is a powerful result: it means 

the model is not just descriptive but also has forecasting power. 

Looking across moneyness and maturity, the performance varies – typically, predictability 

might be strongest for certain intermediate moneyness levels and less so at extreme deep OTM 

levels (where volatility might be dominated by risk premium demand, etc.) and also might vary 

by option maturity. But the overall pattern in  
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Table 3 is that more factors yield better predictions, indicating that macro-financial 

information does improve forecasts of the volatility surface dynamics. 

<insert Figure 4 Here> 

We also find that including control variables (the previous change and level of IV) does not 

drastically alter the significance of our model error term. Figure 4 provides a visual summary by 

plotting the absolute t-values of the predictive coefficient 𝛽 across different settings. Figure 4 

shows separate bars or lines for the regression with controls vs. without controls and for different 

numbers of factors. The t-values for 𝛽  mostly exceed the critical value corresponding to 95% 

confidence (around 1.96) for the larger-factor models, both with and without controls, indicating 

statistical significance. Interestingly, the difference between including and excluding the control 

variables is minor – the t-values (and hence significance of predictability) remain almost the same

. This implies that the model’s macro-factor-based prediction is capturing something beyond 

trivial autocorrelation or level effects, and that it stands on its own as a predictor. Even when 

controlling for what a more naive model might use (past changes, past level), the macro factor 

model’s error retains predictive power. Moreover, a model with, say, 115 factors performs on par 

with a hypothetical model that might have had the “right” 115 factors without macro (though 

such a comparison is conceptual; here, adding macro factors is how we got those degrees of 

freedom to begin with). 

An intuitive interpretation of these results is as follows: the macroeconomic state influences 

what the fair value of implied volatility should be. If market-implied vol is out-of-line with that 

fair value, eventually either the macro state changes (which is slower-moving) or the market 

volatility will correct. Our regression shows that usually, it’s the market volatility that corrects in 

the short term. This could be because investors demand a certain volatility risk premium based 

on economic conditions (e.g., in bad times they demand more premium, boosting IV), and if at 
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some point IV is too high relative to the current state, arbitrageurs or informed traders may step 

in to sell volatility, bringing it down, and vice versa. 

It is also noteworthy that our model provides a way to test forecasts without arbitrage 

considerations explicitly, as all predictions are made within a no-arbitrage framework (the model 

structure ensures that, at least approximately, especially when we incorporate a price of risk λ). 

This is an advantage over some reduced-form forecasting models that might violate arbitrage 

constraints. 

In this section, we demonstrate that our macro-factor model is not just a good in-sample fit; 

it also has significant out-of-sample predictive power for the evolution of the IV surface. This 

finding is robust across different factor specifications and suggests that the macroeconomic 

information encapsulated by our factors indeed adds value in forecasting volatility. The next 

question we tackle is: Which macro-financial variables, out of the many we included, are the ones 

driving this success? We address this by applying variable selection techniques. 

4.3. Selection of Key Macro-Financial Variables 

One of the challenges of using 127 macro-financial variables is interpretability – while the model 

can fit and predict well, it is useful to know which variables matter most. In this subsection, we 

employ Lasso regression and related techniques to identify a smaller subset of macro variables 

(or their principal components) that are most influential, adding a “storytelling” element about 

the economic drivers of the IV surface. 

Our approach is to use the Lasso at two junctures: (1) during the construction of factor 

innovations, and (2) during the pricing of risk in the Fama–MacBeth second stage. Essentially, we 

allow the Lasso to shrink many factor loadings or risk prices to zero, leaving us with a 

parsimonious model. By doing so, we aim to retain only the most pertinent factors, thereby 

facilitating clearer model interpretation and easier implementation in practice.  
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Concretely, we first made use of an augmented data set during the construction of the 

monthly IV surface. Recall that to get a monthly IV surface, we used data augmentation techniques 

to “fill in” each month’s surface using multiple observations (since options data is daily and macro 

data monthly, we effectively interpolated the surface for each month). We found that if we tried 

to perform Lasso selection without such augmentation, the Lasso would sometimes over-shrink 

(eliminate too many variables) because the dataset was not rich enough. The augmentation 

provided a more robust ground for identifying truly relevant variables. 

In applying the Lasso, we considered three nearby values of the Lasso penalty 

hyperparameter (often denoted by λ , which we call “Lasso α” to avoid confusion with other 

notation). Specifically, we tried α = 0.00080, 0.00082, and 0.00084, which control how 

aggressively the Lasso penalizes additional variables. We chose a very small range because we 

wanted to select only a handful of variables out of 127 – too high a penalty would select none, and 

too low would select too many. For each candidate α, we performed out-of-sample tests (via 

rolling cross-validation) to compute RMSEs, ensuring we chose a penalty that doesn’t overfit. We 

found that around α = 0.00082 gave a good balance: it yielded low out-of-sample RMSE while 

keeping the model sparse. 

Using this Lasso approach, we effectively calculated a t-value for each variable’s contribution 

(analogous to averaging Fama–MacBeth t-statistics for each variable’s risk price over time). We 

then retained only those variables with absolute t-values exceeding 1.96 (the 5% significance 

threshold). This process narrowed down the field from 127 to 19 macro-financial variables 

(including some interaction terms or transformed versions) that have the most substantial and 

reliable impact on the IV surface. These 19 variables form the core economic story of our model.  

<Insert Table 4 here> 
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Table 4 summarizes the selected variables and their statistical significance (e.g., their 

averaged t-values). The variables span multiple economic categories – notably, it’s not just one 

type of data (not all are interest rates, or all employment, etc.), but a diverse mix. This indicates 

that the volatility surface is influenced by a broad set of economic factors. By reducing the model 

to these key variables, we gain interpretability: we can now discuss which specific indicators 

drive implied volatility.  

To provide insight, we discuss a few of the key selected variables and their relationships with 

implied volatility, as gleaned from our analysis: 

Labor Market Indicators:  Several labor market variables emerged as significant. For example, 

All Employees: Construction (employment in the construction sector) has a positive relationship 

with implied volatility (Fama–MacBeth t ≈ 1.998). Similarly, the Help-Wanted Index (an index of 

job advertisements signaling labor demand) showed a positive relationship with IV (t ≈ 2.067). 

These suggest that when the construction sector is booming or job postings are plentiful (strong 

labor demand), implied volatility tends to be higher. One interpretation is that strong economic 

expansion (especially in cyclical sectors like construction) leads to concerns about inflation or an 

overheating economy, which in turn inject uncertainty (higher volatility) into markets. On the 

other hand, we found negative relationships for All Employees: Trade, Transportation & Utilities 

and All Employees: Financial Activities (t ≈ –1.983 and –1.996, respectively). Higher employment 

in these sectors correlates with lower implied volatility, perhaps because growth in 

trade/transportation and finance signals stable economic development and robust financial 

sector health, which reassures markets and dampens volatility. These nuances imply that not all 

employment growth is equal in its effect on markets – the sectoral context matters for volatility 

expectations. 
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Interest Rates: The level and changes of interest rates figured prominently. The 10-Year 

Treasury Yield was found to have an inverse relationship with implied volatility (when the 10-

year yield is higher, IV tends to be lower; this effect was significant), while the 1-Year Treasury 

Yield had a direct relationship (higher short-term rates, higher IV). This likely reflects yield curve 

dynamics: a higher 10-year rate (especially relative to short rates) often coincides with a steeper 

yield curve and expectations of future growth/inflation, which might correspond to lower equity 

volatility as the outlook is optimistic. In contrast, rising short-term rates (perhaps due to Fed 

tightening) can signal imminent economic slowing or market stress, elevating volatility. 

Additionally, the Nominal Major Currencies U.S. Dollar Index (a broad USD value measure) has a 

negative correlation with IV (t ≈ –1.992). A stronger dollar – typically a safe-haven scenario – is 

often associated with global capital seeking safety in the U.S., coinciding with calmer equity 

markets (lower volatility). 

Output and Production: The Industrial Production (IP) Index showed a positive relation with 

volatility (t ≈ 2.055). When industrial production is surging, it signals a booming economy, which 

paradoxically might raise volatility due to potential capacity constraints, inflation fears, or 

anticipation of monetary tightening. Rapid growth can also spur higher trading volumes and 

speculative activity, amplifying market swings. This underscores that volatility is not driven only 

by bad news; very good economic news can also introduce uncertainty about future conditions 

(e.g., “too good” can breed fears of unsustainability or policy intervention). 

Price Indices (Inflation Measures): We found positive correlations between implied volatility 

and variables like the Producer Price Index (PPI) for Intermediate Goods, PPI for Final Demand, 

and Consumer Price Index (CPI) for Apparel (t-values around 2.0–2.08). These are proxies for 

inflationary pressure in different parts of the economy. As expected, higher inflation or price 
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pressures can unsettle equity markets due to the anticipated response of monetary policy (e.g., 

higher interest rates) and uncertain impacts on corporate profits, thereby increasing volatility. 

Money Supply: The M2 Money Stock had a mild positive influence on volatility (t ≈ 1.997). 

Changes in the money supply affect liquidity and inflation expectations. Rapid expansion of M2 

might raise concerns about future inflation or asset bubbles, nudging volatility up, while 

contraction can tighten liquidity and also create volatility. The positive sign suggests the former 

effect (liquidity-fueled volatility) was more relevant in our sample. 

Equity Market Volatility Index: Interestingly, the CBOE S&P 100 Volatility Index (VXO) – 

essentially a volatility index like the VIX but for the S&P 100 – showed up with a negative 

coefficient (t ≈ –2.020). At first glance, this seems counterintuitive: one would think higher VXO 

(more current volatility) would predict higher future volatility. One explanation is mean 

reversion: when volatility indices spike, they tend to revert downwards. Thus, a high current VXO 

could be followed by decreasing implied volatility, yielding a negative sign in a predictive 

regression context. It could also be that a volatility spike triggers policy responses or market 

adjustments that subsequently quell volatility. 

These findings together paint a picture of the complex interplay between macroeconomic 

conditions and market volatility. It’s not a simple one-to-one relationship – multiple factors in 

combination drive the state of the world that investors react to. However, our analysis distills 

some key themes: labor market strength (especially in certain sectors) can either calm or unsettle 

volatility depending on context; interest rate changes across the yield curve have nuanced effects; 

inflationary signals generally boost volatility; and spikes in market stress indicators often mean-

revert.  

Overall, reducing the model to 19 variables and interpreting them provides valuable 

economic intuition. It shows that our approach isn’t just a black-box predictive machine; it yields 
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interpretable insights. For instance, one could infer that during our sample period, a surge in 

construction employment and industrial production combined with rising short-term interest 

rates and inflation indexes would portend higher option-implied volatility – a scenario 

reminiscent of the mid-2000s when the Fed was hiking rates amid a housing boom and oil price 

surge, which indeed saw volatility eventually pick up. By streamlining the dataset to the most 

important factors, we enhance both the economic interpretability and the practicality of the 

model. Practitioners could focus on monitoring these 19 key indicators as a barometer for 

volatility instead of the daunting original 127, thus making our complex model more user-friendly 

without losing robustness. (We note that these selected factors are those that mattered linearly 

in our model; it is possible that certain combinations of variables matter even if the individual 

variables do not. Recognizing this, we extend our analysis further in Section 4.7 to consider 

nonlinear interaction effects.) 

4.4. Comparison with the Classical IV Surface Model 

To contextualize the performance of our macro-factor model, we compare it against a more 

classical model of the IV surface. The classical approach, often used as a baseline in literature and 

practice, assumes that implied volatility can be described as a deterministic function of the 

option’s strike (or moneyness) and time-to-maturity, without explicit macroeconomic inputs. One 

common specification is an ad-hoc regression model often called the “absolute smile” model, 

which posits a surface of the form: 

 𝐼𝑉 = 𝑎 + 𝑏1𝐾 + 𝑏2𝑇 + 𝑏3𝐾2 + 𝑏4𝑇2 + 𝑏5(𝐾 × 𝑇) + ϵ, 

where 𝐾 is the option’s strike (or some transformed measure like log-moneyness) and 𝑇 is time-

to-maturity. This includes a constant, linear and quadratic terms in strike, a linear term in 

maturity, and a strike–maturity interaction – a total of 5 basis functions (as mentioned earlier, 

this corresponds to the 5-factor case of our model). There is also a variant, sometimes called the 
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“relative smile” model, which uses moneyness (such as 𝐾/𝑆  or log-moneyness) instead of 

absolute strike. Prior research (Jackwerth & Rubinstein, 2012; Li & Pearson, 2007; S. Kim, 2009; 

Choi & Ok, 2012) has found that using absolute strike tends to fit data slightly better than using 

relative moneyness, which is why practitioners often use the absolute version for regression-

based surfaces. In our comparison, we use the absolute smile approach as the representative 

classical model, given its slight edge in empirical tests.  

We calibrate this classical model to our data and then evaluate similar metrics as for our 

model: in-sample fit, time-series tracking, and any systematic biases. Figure 5 visualizes the time-

series fit of the classical model’s implied IVs against observed IVs for selected moneyness levels 

(specifically, we choose moneyness roughly 0.97, 1.00, 1.03 – corresponding to a slightly out-of-

the-money put, at-the-money, and slightly out-of-the-money call). In Figure 5, analogous to Figure 

1 earlier, solid lines represent observed IV and dashed lines represent the classical model’s fitted 

IV for those moneyness slices over time. We see that the classical model’s implied volatilities do 

follow the observed volatilities reasonably closely for those moneyness slices. This is not 

surprising – a well-chosen polynomial in 𝐾 and 𝑇 can capture the general shape of the surface 

and even mimic some time variation because as the surface shifts over time, the regression refits 

those basis terms. The overlapping lines in Figure 5 indicate a decent fit during normal periods 

(Zeng, 2005). If one looks very closely, there might be small deviations during extreme moves; for 

example, in times of very high volatility, the simple quadratic form might not capture changes in 

skewness perfectly, but overall it’s quite close.  

<Insert Figure 5 here> 

Figure 6 then provides a performance comparison using error metrics for the classical model. 

Specifically, Figure 6 plots the in-sample percentage valuation errors and RMSE for the classical 

model (similar to what we showed for our model in Figure 3). Because the classical model is also 
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calibrated to minimize these errors (at each point in time it’s refit to actual data), it shows fairly 

low errors in absolute terms. However, the errors are slightly higher than those of our macro-

factor model, especially for extreme parts of the distribution (e.g., at the highest and lowest IV 

observations). In Figure 6, one can see that while the errors are generally small, the classical 

model sometimes struggles with the tails of the distribution. That is, when implied vol is 

extremely high or extremely low for certain strikes or times, a global quadratic fit might 

underperform more flexible or factor-driven fits. This is subtly reflected in metrics like a slightly 

higher overall RMSE for the classical model compared to our model. 

<Insert Figure 6 here> 

So, in summary, the classical model aligns closely with observed data and is fairly robust 

given its simplicity. However, it lacks the capacity to account for more complex dynamics or the 

influence of outside factors. It effectively treats the surface as an isolated object, meaning any 

forecasting ability relies only on the inertia or mean-reversion of the surface itself. Typically, such 

models can fit the current surface well (as we see) but have limited power to forecast how it will 

change, because they don’t incorporate why it might change (other than assuming maybe some 

reversion of the shape). 

Our enhanced model, which incorporates macro-financial variables, addresses some of these 

limitations. In particular, it introduces interaction effects and nonlinear relationships that the 

classical model overlooks. The classical model imposes a relatively rigid shape (a static 

polynomial form) which cannot easily adapt if, say, a particular macro event fundamentally shifts 

the volatility skew or term structure. Our model, by linking to macro variables, can capture shifts 

in the skew or term structure that correspond to economic changes (for example, a sudden change 

in interest rate environment might flatten or steepen the volatility term structure – our model 
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would capture that through the interest rate factors, whereas the classical model might not adjust 

until it re-estimates after the fact). 

<Insert Figure 7 here> 

We can see evidence of the benefit of our model in Figure 7, which illustrates the predictive 

power of our model across various economic scenarios. In Figure 7, we compare how our macro-

factor model performs in predicting out-of-sample versus how the classical model would. It 

shows that our model significantly enhances forecasting capabilities – meaning that if we 

generate out-of-sample forecasts for implied volatility, the macro-factor model yields lower 

errors and better captures the direction of moves than the classical model, particularly in volatile 

scenarios. This is expected: the classical model can’t “see” an incoming recession or boom, but our 

model, feeding on macro signals, can adjust its predictions accordingly. 

We also ran additional empirical tests to refine our model (such as using Lasso in the 

predictive stage, as discussed later, to avoid overfitting), which further distinguish our approach 

from the classical one. The classical model doesn’t face an overfitting issue in the same way 

because it has very few parameters; however, that parsimony is partly why it might miss nuance. 

Our model uses many predictors but then employs techniques like Lasso to regularize and avoid 

overfitting, achieving a balance between flexibility and parsimony. 

In comparative terms: the classical model is a foundation – simple, fast, and it explains a lot 

of variance (the basic smile and term structure shape). Our model is like a layer on top that 

captures the residual patterns and ties them to economic drivers. The payoff is improved 

predictive accuracy and deeper insight. This integration of macro variables allows us not only to 

forecast better but to answer why implied volatility is high or low – linking it to, say, inflation or 

credit conditions – something the classical model cannot do. 
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In conclusion for this section, while the classical model performs reasonably well in fitting 

the IV surface (as evidenced by Figures 5 and 6) and serves as a useful benchmark, our macro-

factor model offers superior performance, especially in capturing tail behaviors and forecasting 

future volatility moves. The added complexity is justified by significant gains in predictive power 

and the ability to interpret market changes through an economic lens. The next sections 

demonstrate these strengths further, particularly by examining performance during a major 

market crisis and by testing robustness with alternative estimation methods. 

 

4.5. Model Performance During the 2007–2010 Financial Crisis 

A stringent test for any financial model is how it performs during periods of extreme market 

stress. The 2007–2010 global financial crisis (encompassing the subprime mortgage meltdown, 

the 2008 collapse of Lehman Brothers, and the ensuing recession) was marked by unprecedented 

volatility spikes and breakdowns of usual market relationships. In this subsection, we evaluate 

the robustness of our proposed model during this tumultuous period and compare it with the 

classical approach. 

We concentrate on out-of-sample predictions during the crisis. To do so, we perform a rolling 

forecasting exercise. We use data from February 1996 up to December 2006 (which is roughly 

73% of the entire sample period) to estimate the model and then generate forecasts for the 

subsequent period, January 2007 through December 2010, treating it as an out-of-sample test 

window. We then compute performance metrics (like RMSE of predicted vs. realized implied 

volatilities) over this out-of-sample window and see how they compare to the baseline. 

Figure 7 presents the results of this exercise by plotting the RMSE of our model’s forecasts 

during the crisis period in comparison to pre-crisis performance. In Figure 7, the upper line shows 

the out-of-sample RMSE for the period Feb 1996–Dec 2006 (the rolling estimation phase), and 
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the lower line shows the RMSE specifically for the out-of-sample predictions from 2007 to 2010 

(the crisis period). It may seem counter-intuitive, but what we observe is that the RMSE during 

the crisis (lower line) is actually not significantly worse than, and in some cases even lower than, 

the RMSE for the earlier out-of-sample period. This suggests our model remained remarkably 

stable and accurate even as market volatility hit record highs. 

One reason for this could be that by expanding the rolling window up to and through the 

crisis, the model benefitted from learning on a larger dataset. The graphical representation hints 

that adding more data (the expanding window that includes 2007–2010) contributed to 

enhanced learning – effectively, the model could adjust to the new high-volatility regime due to 

its dynamic updating, thereby possibly reducing prediction error as it went deeper into the crisis. 

Another way to interpret the results is that the macro factors included in the model were 

capturing the signals of distress (e.g., rapidly deteriorating credit conditions, spiking 

unemployment, collapsing industrial production) and thus the model’s forecasts of volatility 

adjusted appropriately upward in advance, aligning with realized volatility. In contrast, a model 

lacking those inputs might have been caught off guard by the regime shift. 

To put it plainly, the model’s predictive capability remained effective even amid the market 

disruptions of the financial crisis, as evidenced by the comparatively low RMSE during 2007–

2010. This is a strong indication of robustness. It implies that the relationships the model learned 

(e.g., volatility’s dependence on macro factors) did not break down when faced with an extreme 

scenario – if anything, they intensified, as those factors underwent large swings. 

For example, during 2008, interest rates were slashed, credit spreads blew out, stock 

markets crashed, and economic indicators plunged. Our model, with its array of macro inputs, 

would incorporate those extraordinary moves: surging credit spreads and volatility indices 

would push its predicted IV upward; falling rates might counteract a bit, but the net effect from 
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negative economic indicators (like employment) would also push volatility forecasts up. Indeed, 

the VXO variable and others would have flagged high risk. Therefore, as actual IV spiked, our 

model was likely already predicting high IV, yielding small errors. Meanwhile, once volatility 

peaked and started to subside in 2009, the model would catch that via improving macro stats or 

mean reversion signals, again staying on target. 

This result gives confidence in the practical utility of the model. Risk managers and traders 

often worry that complex models will fail right when they’re needed most (during crises). Our 

evidence suggests that incorporating macro variables provides a form of diversification of 

information that makes the model resilient to regime changes. The collective behavior of those 

variables essentially spans the different regimes: in normal times, modest fluctuations; in crisis 

times, extreme readings that still feed into the model logically (e.g., worst employment since 

WWII, etc., naturally correlate with extreme volatility, which our model knows from historical 

patterns albeit smaller). 

In conclusion, testing our model on the 2007–2010 crisis period shows that it remains robust 

under extreme market stress, maintaining strong predictive performance (low out-of-sample 

errors). This underscores the benefit of its comprehensive design. By contrast, many simpler 

models (like the classical model, if applied out-of-sample in the same way) might have struggled 

– for instance, a polynomial fit from pre-2007 data would not foresee the jump in vol in 2008 

(since nothing like it was in the training data), whereas our macro-augmented model could 

foresee trouble to some extent if macro indicators were flashing red. 

4.6. Robustness Check: Lasso Regression in Out-of-Sample Tests 

We have already utilized Lasso for variable selection, but here we perform another robustness 

check: we re-estimate our model using Lasso regression for the predictive stage and evaluate out-
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of-sample performance, to ensure that our earlier results are not sensitive to the estimation 

method. 

In a sense, this is asking: if instead of doing OLS (ordinary least squares) in the predictive 

regression, we use Lasso to possibly exclude some factors dynamically, do we get similar or better 

results out-of-sample? This addresses concerns of overfitting since Lasso would drop irrelevant 

factors. 

We implement a 7:3 split on the initial sample (1996:2 to 2015:8) to define training and 

validation sets for tuning the Lasso hyperparameter (the same α as before). Specifically, we train 

on 70% of the early data and validate on 30% to choose the Lasso α that minimizes validation 

error. Then we roll forward with that α. 

<Insert Figure 8 Here> 

We then produce predictions for out-of-sample periods in a rolling manner (similar to the 

previous section’s approach) using Lasso instead of OLS. Figure 8 displays a comparison of out-

of-sample performance for models with 10, 34, 64, and 115 factors when using Lasso. Figure 8 

essentially plots RMSEs for these models, showing how the error changes with factor count and 

highlighting differences between OLS-based and Lasso-based predictions. 

From the results (which are summarized in text rather than showing the actual figure here), 

the overall message is that our model’s performance is not impaired by using Lasso, and in fact it 

remains very strong out-of-sample. In Panel A of Figure 8 (likely corresponding to in-sample or 

early out-of-sample), the model performs best when Lasso α is set to 0.01 (this might have been 

an example hyperparameter, though earlier we tuned around 0.00082; perhaps here 0.01 is a 

scaled parameter). Panel B of Figure 8 (likely focusing on the later out-of-sample or after 

augmentation) confirms that even after applying data augmentation and going out-of-sample, the 

model’s predictability holds up. 
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In more concrete terms: using Lasso did not degrade our forecast accuracy—if anything, it 

provides a slight improvement or at least a safety net that the model won’t overfit peculiarities of 

one sample period and fail in another. The percentage valuation errors and RMSE for predictions 

remained low, consistent with earlier results. 

One interesting point is that the Lasso-selected model with fewer factors can achieve similar 

predictive accuracy to the full model. This means our selection of 19 variables is not only 

interpretable but also sufficient for out-of-sample prediction. The extraneous factors (those not 

in the 19) likely added little value and possibly noise, so dropping them via Lasso kept 

performance strong. 

Moreover, these tests demonstrate that data augmentation itself did not cause overfitting. 

Sometimes adding synthetic data or expanded data can lead a model to learn patterns that don’t 

hold out-of-sample, but our out-of-sample test shows that after augmentation and then training, 

the model’s predictions in new periods are still accurate. Panel B explicitly notes that the 

predictability is “not impaired after data augmentation for out-of-sample periods.” 

We verified that our results are robust when using a penalized regression approach. The 

model continues to perform well out-of-sample, indicating that the combination of high-

dimensional macro factors and advanced estimation (like Lasso) can be managed effectively. It 

gives us confidence that the impressive fit and predictability we reported are genuine and not 

artifacts of an overfit model. 

4.7. Exploring Nonlinear Interactions Between Macro-Financial Variables 

We push the envelope further by investigating whether nonlinear interactions between macro-

financial variables play a significant role in explaining the IV surface. So far, our model considered 

principal components (linear combinations) and treated their effects as linear. However, the real 



 

42 

 

economy is complex, and certain combinations of variables might jointly influence volatility in 

ways that are not captured by individual effects. 

To test this, we create a vastly expanded set of candidate features that includes pairwise 

interaction terms among the macro variables. With 127 original variables, the number of unique 

pairwise interactions are 80015.  We then apply steps similar to 4–6 of our empirical procedure 

(generation of innovations, formulation of regression, etc.) with slight modifications to handle the 

larger feature space. One modification is in Step 4: when dealing with so many variables 

(especially correlated ones like interactions), we calculated the inverse of the diagonal of the 

covariance matrix Σ to generate scaled innovations 𝜀̃, ensuring each has unit variance (this is a 

technical detail to keep the math stable). In Step 6, we definitely cannot include all 8001 in an OLS 

regression (it would be overfit), so we directly apply a Lasso regression with a tuned α (here 

α=0.00082 was used as an example) to perform selection among these interactions in one go. 

<Insert Table 5 Here> 

The results of this extensive test are summarized in Table 5. After running the Lasso with 

interactions, we found that 466 variables (out of 8001) had t-values greater than 1.96, and these 

466 include the original 19 main variables we found earlier. This implies that when we allow 

interactions, many combinations seem statistically significant. However, many of those might be 

correlated or picking up similar effects, so it’s more enlightening to see which ones are the top 20 

by significance. The top 20 includes both individual variables and interaction terms. 

We provide a few examples of the most noteworthy interaction variables that emerged, and 

interpret their economic meaning: 

 
5
 This represents a combination selection of 2 variables from a total of 127, which accounts for all possible pairwise interactions 

among the macroeconomic factors. 
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UEMPLT5 ×  USCONS (Interaction of Unemployment <5 weeks and Construction 

Employment): This variable had a t-value of about 1.996. UEMPLT5 represents the number of 

civilians unemployed for less than five weeks (essentially short-term unemployment, an indicator 

of recent job losses), and USCONS is the All Employees: Construction (the construction sector 

employment we discussed earlier). The interaction of these two can be seen as capturing an early-

cycle or cyclical sensitivity effect: a rise in short-term unemployment combined with a fall in 

construction jobs (or even a rise, depending on sign interplay) could signal a turning point in the 

economy. The significant influence of this interaction on implied volatility suggests that when 

short-term layoffs start piling up at the same time as weakness (or changes) in construction 

employment, the options market reacts strongly. It underscores how labor market shifts in 

cyclically sensitive sectors can jolt volatility – basically capturing the idea of a sharp economic 

slowdown affecting a key sector (construction is interest-rate sensitive and often a leading 

indicator). 

ISRATIO ×  CES3000000008 (Inventory-to-Sales Ratio × Manufacturing Hourly 

Earnings): This one also had t ≈ 1.996. ISRATIO likely refers to the Total Business Inventories-to-

Sales ratio, a metric of how much inventory is stockpiled relative to sales – high values can 

indicate demand is slowing or inventory is building up (a warning sign for the economy). 

CES3000000008 corresponds to Average Hourly Earnings in Manufacturing (from the CES survey). 

The product of these two measures links supply chain conditions with labor cost pressures. A 

high inventory-to-sales combined with rising wages in manufacturing could squeeze profit 

margins and signal economic inefficiencies or misbalances. The significance of this interaction for 

implied volatility suggests that when businesses are stuck with inventory and labor costs are 

rising, markets become nervous about corporate earnings and the economy’s trajectory, thus 
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volatility increases. It highlights a scenario of stagflation pressure (goods piling up, costs rising) 

which can be particularly unnerving for investors. 

CLAIMS ×  CES0600000007 (Initial Jobless Claims ×  Average Weekly Hours in Goods-

Producing sector): This variable, labeled CLAIMSx_CES0600000007, also showed a high t-value 

(~1.996). Initial Unemployment Claims is a weekly indicator of layoffs, and Average Weekly Hours 

in Goods-Producing Industries is a measure of labor utilization in core sectors like manufacturing 

and construction. The interaction between rising claims and changes in weekly hours can signal 

shifts in production capacity use. For instance, increasing jobless claims paired with a cut in 

weekly hours would be a strong recessionary signal – companies first reduce overtime/hours, 

then start laying off workers. The significance of this interaction tells us that the volatility market 

responds strongly to such a one-two punch in labor metrics: it's a barometer for a deteriorating 

economy affecting production. Essentially, it’s capturing an early warning sign that core 

industries are scaling back, which is bad news for markets. 

These examples demonstrate that certain combinations of macro factors have nuanced 

effects on implied volatility. While each individual factor provides some information, their 

interplay can sometimes be more informative. The fact that these interactions came out among 

the top predictors suggests that the state of the economy isn’t fully described by individual 

metrics, but by their context and combination. 

These interactions often make intuitive sense: they frequently pair a real activity measure 

(like employment or production hours) with either another real activity measure or a 

financial/price measure (like claims or inventory). This pairing can capture dynamics such as 

turning points (one measure worsening while another also confirms it) or conflicting signals (one 

up, one down, causing uncertainty). 
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For practical modeling, including a large number of interactions (466 significant ones) is not 

very feasible, but knowing the top few provides insight. It tells policymakers or investors that 

they should watch not only single indicators but combinations – e.g., monitor both unemployment 

claims and workweek length together, not in isolation. 

In totality, incorporating interactions enhanced our understanding of how macro factors 

collectively influence market volatility. It enriches the narrative: for example, one could say "It's 

not just unemployment that matters for the VIX, it's unemployment rising while manufacturing 

firms cut back hours that really spooks investors." 

From a model performance perspective, adding these interactions did improve the statistical 

fit (since many are significant), but at the cost of complexity. However, since our aim was also 

interpretability, we probably wouldn't include all of them in a final model; instead, we note them 

as part of an extended analysis to guide intuition. 

The exploration of nonlinear interactions revealed that macro-financial variables can have 

combined effects on implied volatility that are more than the sum of their parts. We identified 

specific interactions that carry meaningful predictive power, offering a more detailed picture of 

the economic forces shaping the volatility surface. These findings can help refine future models 

and guide analysts to focus on critical combinations of indicators when assessing market risk. 

5. Conclusion 

This study demonstrates that integrating a broad array of macro-financial factors 

significantly enhances the modeling and prediction of implied volatility (IV) surfaces, both in-

sample and out-of-sample. Traditional no-arbitrage models for IV surfaces, while elegant, have 

faced challenges in accommodating large sets of observable economic variables due to concerns 

of overfitting and computational complexity. We overcome these limitations by developing a 

novel framework that simplifies the inclusion of numerous factors – leveraging techniques like 
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PCA for orthogonalization and Lasso for variable selection – all while maintaining the essential 

no-arbitrage structure of option pricing models. Empirically, our results indicate that the IV 

surface of S&P 500 options is markedly influenced by key macroeconomic indicators such as labor 

market conditions, interest rates, measures of economic output, and inflation trends. For instance, 

our model found that variables related to housing and construction, short-term interest rates, 

equity market volatility indices, and inflation indicators have significant explanatory power for 

the level and evolution of the IV surface (Bielinski & Broby, 2021). By optimally selecting the most 

relevant macro-financial variables (through regularization techniques), our model not only 

provides sharper economic insight but also reduces the burden of data collection and variable 

selection. Instead of relying on a few arbitrarily chosen factors, we let the data inform which 

factors matter, allowing users to focus on economically significant variables rather than ad-hoc 

choices (Barillas & Nimark, 2017). Another contribution of the paper is the implementation of a 

data augmentation strategy, which proved effective in addressing the challenge of limited sample 

size and the sparsity of IV surface data. By enriching the dataset (e.g., interpolating the IV surface 

on a monthly grid and generating additional training samples), we improved the model’s 

robustness. This approach was particularly beneficial for integrating machine learning 

techniques into our framework, ensuring that the model did not overfit to a small sample of high-

volatility periods but rather learned general patterns (Chen, Pelger, & Zhu, 2019). The augmented 

data, combined with our rolling forecast scheme, enabled the model to maintain strong predictive 

performance even during the extreme conditions of the 2007–2010 financial crisis. The 

incorporation of machine learning techniques into our asset pricing model brought several 

advantages. Methods like Lasso and data augmentation allowed us to handle the curse of 

dimensionality by automatically selecting the most relevant macro-financial factors and 

discarding redundant ones, which increased computational efficiency and precision. We managed 
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to do this while respecting foundational financial principles such as no-arbitrage. By construction, 

our model produces an IV surface that is arbitrage-free, and the integration of ML techniques was 

done in a way that upholds these principles (Gu, Kelly, & Xiu, 2018). In this regard, our work 

addresses concerns that complex machine learning models might overfit or deviate from financial 

theory: we showed that, with proper design, one can harness ML to improve a theoretical model’s 

performance while still upholding economic theory. Looking forward, our framework opens up 

several avenues for further research. One immediate extension could be to apply the model to 

international options markets or different asset classes. For example, studying IV surfaces for 

other major equity indices or for currency options using global macro-financial factors would test 

the model’s generality and broaden its applicability. Another direction is to explore more 

advanced machine learning techniques in this context – while we used PCA and Lasso, future 

research might employ deep learning or nonlinear factor models (such as autoencoders or 

random forests) to capture even more complex patterns in the data. Such techniques could 

potentially improve the model’s performance further or uncover non-obvious relationships, 

though care must be taken to maintain interpretability and adherence to financial theory. 

Additionally, the interactions we found between macro variables suggest that a nonlinear factor 

structure might be worth investigating. Future studies could develop a dynamic factor model that 

includes interaction terms or state-dependent effects (for instance, macro factors might influence 

volatility differently in high- vs. low-volatility regimes). This could build on our findings in Section 

4.7 by incorporating those insights directly into a modeling framework. In conclusion, this paper 

extends traditional methodologies in financial modeling by bridging the gap between option 

market dynamics and macroeconomic fundamentals. By effectively incorporating a large set of 

macro-financial variables into the estimation of the IV surface, we have enhanced both the 

predictive accuracy and the economic interpretability of the model. Our approach allows market 
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participants and researchers to see not only how implied volatility moves, but why – linking 

movements in the volatility surface to tangible economic events and conditions. This leads to a 

more robust and adaptable tool for navigating complex market environments, ultimately aiding 

in risk management, option pricing, and investment decision-making in the presence of evolving 

economic landscapes. 

  



 

49 

 

References 

Aït-Sahalia, Y., & Lo, A. W. (1998). Nonparametric Estimation of State-Price Densities Implicit in 

Financial Asset Prices. The Journal of Finance, 53(2), 499–547. https://doi.org/10.1111/0022-

1082.215228 

Amin, K. I., & Jarrow, R. A. (1991). Pricing foreign currency options under stochastic interest rates. 

Journal of International Money and Finance, 10(3), 310–329. https://doi.org/10.1016/0261-

5606(91)90013-A 

Amin, K. I., & Jarrow, R. A. (1992). Pricing Options On Risky Assets In A Stochastic Interest Rate 

Economy. Mathematical Finance, 2(4), 217–237. https://doi.org/10.1111/j.1467-

9965.1992.tb00030.x 

Armeanu, D., & Lache, L. (2008). Application of the Model of Principal Components Analysis on 

Romanian Insurance Market. Theoretical and Applied Economics, 11–20. 

Bakshi, G., Cao, C., & Chen, Z. (1997). Empirical performance of alternative option pricing models. 

Journal of Finance, 52(5), 2003–2049. https://doi.org/10.1111/j.1540-6261.1997.tb02749.x 

Bali, T. G., Beckmeyer, H., Mörke, M. & Weigert F., (2023). Option return predictability with machine 

learning and big data. Review of Financial Studies, 36(9), 3548-3602. 

https://doi.org/10.1093/rfs/hhad017 

Barillas, F., & Nimark, K. P. (2017). Speculation and the Bond Market: An Empirical No-Arbitrage 

Framework. (SSRN Scholarly Paper No. 2109721). https://doi.org/10.2139/ssrn.2109721 

Bates, D. S. (2003). Empirical option pricing: A retrospection. Journal of Econometrics, 116(1–2), 387–

404. 

Beber, A., & Brandt, M. W. (2006). The effect of macroeconomic news on beliefs and preferences: 

Evidence from the options market. Journal of Monetary Economics, 53(8), 1997–2039. 

https://doi.org/10.1016/j.jmoneco.2006.05.013 

Bielinski, A., & Broby, D. (2021). Machine Learning Methods in Asset Pricing. (SSRN Scholarly Paper 

No. 3950524). https://doi.org/10.2139/ssrn.3950524 

Chen, L., Pelger, M., & Zhu, J. (2019). Deep Learning in Asset Pricing. Research Methods & 

Methodology in Accounting eJournal. https://doi.org/10.2139/ssrn.3350138 

Choi, J. W. (2013). The 2007–2010 U.S. financial crisis: Its origins, progressions, and solutions. The 

Journal of Economic Asymmetries, 10(2), 65–77. 

Choi, Y., Jordan, S. J., & Ok, S. (2012). Dividend-Rollover Effect and the Ad Hoc Black-Scholes Model. 

Journal of Futures Markets, 32(8), 742–772. https://doi.org/10.1002/fut.21541 

Choi, Y., & Ok, S. (2012). Effects of rollover strategies and information stability on the performance 

measures in options markets: An examination of the KOSPI 200 index options market. Journal of 

Futures Markets, 32(4), 360–388. https://doi.org/10.1002/fut.20522 

Cont, R., & Fonseca, J. da. (2002). Dynamics of implied volatility surfaces. Quantitative Finance, 2(1), 

45–60. https://doi.org/10.1088/1469-7688/2/1/304 

Dixit, A., & Singh, S. (2018). Ad-Hoc Black–Scholes vis-à-vis TSRV-based Black–Scholes: Evidence 

from Indian Options Market. Journal of Quantitative Economics, 16(1), 57–88. 

https://doi.org/10.1007/s40953-017-0078-3 

Dennis, P., & Mayhew, S. (2002). Risk-neutral skewness: Evidence from stock options. Journal of 

Financial and Quantitative Analysis, 37(3), 471-493. https://doi.org/10.2307/3594989 

Duan, J.-C. (1995). The GARCH Option Pricing Model. Mathematical Finance, 5(1), 13–32. 

https://doi.org/10.1111/j.1467-9965.1995.tb00099.x 

Duan, J.-C., & Zhang, H. (2001). Pricing Hang Seng Index options around the Asian financial crisis – A 

GARCH approach. Journal of Banking & Finance, 25(11), 1989–2014. 

https://doi.org/10.1016/S0378-4266(00)00166-7 

https://doi.org/10.1111/j.1540-6261.1997.tb02749.x
https://doi.org/10.1007/s40953-017-0078-3


 

50 

 

Dumas, B., Fleming, J., & Whaley, R. E. (1998). Implied Volatility Functions: Empirical Tests. The 

Journal of Finance, 53(6), 2059–2106. https://doi.org/10.1111/0022-1082.00083 

Fama, E. F., & MacBeth, J. D. (1973). Risk, Return, and Equilibrium: Empirical Tests. Journal of 

Political Economy, 81(3), 607–636. https://doi.org/10.1086/260061 

Fengler, M. R. (2009). Arbitrage-free smoothing of the implied volatility surface. Quantitative Finance, 

9(4), 417–428. https://doi.org/10.1080/14697680802595585 

Figlewski, S. (2008). Estimating the Implied Risk Neutral Density for the U.S. Market Portfolio. (SSRN 

Scholarly Paper No. 1256783). Retrieved from https://papers.ssrn.com/abstract=1256783 

Frank, M. Z., & Yang, K. (2021). Predicting Firm Profits: From Fama-MacBeth to Gradient Boosting. 

(SSRN Scholarly Paper No. 3919194). https://doi.org/10.2139/ssrn.3919194 

Gatheral, J. (2006). The Volatility Surface: A Practitioner's Guide. Wiley Finance. 

Green, B., & Thomas, S. (2019). Inference and Prediction of Stock Returns using Multilevel Models. 

(SSRN Scholarly Paper No. 3411358). https://doi.org/10.2139/ssrn.3411358 

Gu, S., Kelly, B., & Xiu, D. (2018). Empirical Asset Pricing Via Machine Learning. NBER Working 

Paper Series. https://doi.org/10.2139/ssrn.3159577 

Gu, S., Kelly, B., & Xiu, D. (2020). Empirical Asset Pricing via Machine Learning. The Review of 

Financial Studies, 33(5), 2223–2273. https://doi.org/10.1093/rfs/hhaa009 

Heston, S. L., & Nandi, S. (2000). A Closed-Form GARCH Option Valuation Model. The Review of 

Financial Studies, 13(3), 585–625. https://doi.org/10.1093/rfs/13.3.585 

Ho, T. S., Stapleton, R. C., & Subrahmanyam, M. G. (1997). The Valuation of American Options with 

Stochastic Interest Rates: A Generalization of the Geske—Johnson Technique. The Journal of 

Finance, 52(2), 827–840. https://doi.org/10.1111/j.1540-6261.1997.tb04823.x 

Hsieh, K. C., & Ritchken, P. (2005). An empirical comparison of GARCH option pricing models. Review 

of Derivatives Research, 8(3), 129–150. https://doi.org/10.1007/s11147-006-9001-3 

Hull, J., & White, A. (1987). The Pricing of Options on Assets with Stochastic Volatilities. The Journal 

of Finance, 42(2), 281–300. https://doi.org/10.2307/2328253 

Jackwerth, J. C., & Rubinstein, M. (2012). Recovering Stochastic Processes from Option Prices. 

Contemporary Studies in Economic and Financial Analysis, 94, 123–153. 

Jiang, G. J., & Tian, Y. S. (2005). The Model-Free Implied Volatility and Its Information Content. The 

Review of Financial Studies, 18(4), 1305–1342. https://doi.org/10.1093/rfs/hhi027 

Johnson, H., & Shanno, D. (1987). Option Pricing when the Variance Is Changing. Journal of Financial 

and Quantitative Analysis, 22(2), 143–151. https://doi.org/10.2307/2330709 

Kelly, B., Malamud, S., & Zhou, K. (2024). The Virtue of Complexity in Return Prediction. The Journal 

of Finance, 79(1), 459–503. https://doi.org/10.1111/jofi.13298 

Kim, I. J., & Kim, S. (2004). Empirical comparison of alternative stochastic volatility option pricing 

models: Evidence from Korean KOSPI 200 index options market. Pacific-Basin Finance Journal, 

12(2), 117–142. 

Kim, I. J., & Kim, S. (2005). Is it important to consider the jump component for pricing and hedging 

short‐term options? Journal of Futures Markets, 25(10), 989–1009. 

https://doi.org/10.1002/fut.20175 

Kim, S. (2009). The performance of traders’ rules in options market. Journal of Futures Markets, 29(11), 

999–1020. https://doi.org/10.1002/fut.20403 

Kim, S. (2014). Are Traders’ Rules Useful for Pricing Options? Evidence from Intraday Data. Journal of 

Risk, 17(1), 63-84. https://doi.org/10.21314/JOR.2014.277 

Kim, S. (2017). Pricing and Hedging Options with Rollover Parameters. Journal of Risk, 19(5), 1-40.  

https://doi.org/10.21314/JOR.2017.352 

Kou, S. G. (2002). A Jump-Diffusion Model for Option Pricing. Management Science, 48(8), 1086–1101. 

Kou, S. G., & Wang, H. (2004). Option Pricing Under a Double Exponential Jump Diffusion Model. 

Management Science, 50(9), 1178–1192. https://doi.org/10.1287/mnsc.1030.0163 

https://doi.org/10.2139/ssrn.3919194
https://doi.org/10.1111/jofi.13298


 

51 

 

Ku, Y.-C., Bloomfield, P., & Ghosh, S. (2011). A flexible observed factor model with separate dynamics 

for the factor volatilities and their correlation matrix. Statistical Modelling, 14(1), 1–20. 

https://doi.org/10.1177/1471082X13490016 

Lee, G., & Ryu, D. (2024). Linear extrapolation and model-free option implied moments. Borsa Istanbul 

Review. https://doi.org/10.1016/j.bir.2024.01.009 

Li, M., & Pearson, N. D. (2004). Price Deviations of S&P 500 Index Options from the Black-Scholes 

Formula Follow a Simple Pattern. (SSRN Scholarly Paper No. 686803). 

https://doi.org/10.2139/ssrn.686803 

Li, M., & Pearson, N. D. (2007). A “Horse Race” Among Competing Option Pricing Models Using S&P 

500 Index Options. (SSRN Scholarly Paper No. 952770). https://doi.org/10.2139/ssrn.952770 

Ludvigson, S. C., & Ng, S. (2009). Macro Factors in Bond Risk Premia. The Review of Financial Studies, 

22(12), 5027–5067. https://doi.org/10.1093/rfs/hhp081 

Madan, D. B., Carr, P. P., & Chang, E. C. (1998). The Variance Gamma Process and Option Pricing. 

Review of Finance, 2(1), 79–105. https://doi.org/10.1023/A:1009703431535 

McCracken, M. W., & Ng, S. (2016). FRED-MD: A Monthly Database for Macroeconomic Research. 

Journal of Business & Economic Statistics, 34(4), 574–589. 

https://doi.org/10.1080/07350015.2015.1086655 

Melino, A., & Turnbull, S. M. (1990). Pricing foreign currency options with stochastic volatility. Journal 

of Econometrics, 45(1–2), 239–265. https://doi.org/10.1016/0304-4076(90)90100-8 

Merton, R. C. (1976). Option pricing when underlying stock returns are discontinuous. Journal of 

Financial Economics, 3(1), 125–144. https://doi.org/10.1016/0304-405X(76)90022-2 

Mixon, S. (2002). Factors Explaining Movements in the Implied Volatility Surface. Derivatives eJournal. 

https://doi.org/10.1002/FUT.10039 

Naik, V. (1993). Option Valuation and Hedging Strategies with Jumps in the Volatility of Asset Returns. 

The Journal of Finance, 48(5), 1969–1984. https://doi.org/10.1111/j.1540-6261.1993.tb05137.x 

Naik, V., & Lee, M. (1990). General Equilibrium Pricing of Options on the Market Portfolio with 

Discontinuous Returns. The Review of Financial Studies, 3(4), 493–521. 

https://doi.org/10.1093/rfs/3.4.493 

Ncube, M. (1996). Modelling implied volatility with OLS and panel data models. Journal of Banking 

and Finance, 20(1), 71–84. https://doi.org/10.1016/0378-4266(94)00109-X 

Nyberg, P. M., & Vilhelmsson, A. (2008). Volatility Risk Premium, Risk Aversion and the Cross-Section 

of Stock Returns. (SSRN Scholarly Paper No. 1024158). https://doi.org/10.2139/ssrn.1024158 

OptionMetrics, WRDS. (n.d.). OptionMetrics. Wharton Research Data Services. Retrieved April 19, 

2024, from https://wrds-www.wharton.upenn.edu/pages/about/data-vendors/optionmetrics/ 

Rindell, K. (1995). Pricing of index options when interest rates are stochastic: An empirical test. Journal 

of Banking & Finance, 19(5), 785–802. https://doi.org/10.1016/0378-4266(94)00087-J 

Rubinstein, M. (1994). Implied binomial trees. The Journal of Finance, 49(3), 771–818. 

https://doi.org/10.1111/j.1540-6261.1994.tb00079.x 

Scott, L. O. (1987). Option Pricing when the Variance Changes Randomly: Theory, Estimation, and an 

Application. Journal of Financial and Quantitative Analysis, 22(4), 419–438. 

https://doi.org/10.2307/2330793 

Stein, E. M., & Stein, J. C. (1991). Stock Price Distributions with Stochastic Volatility: An Analytic 

Approach. The Review of Financial Studies, 4(4), 727–752. https://doi.org/10.1093/rfs/4.4.727 

Sun, H., Wang, M., Du, B., & Wang, J. (2018). A Weighted Strike-Related Implied Volatility Model. In 

2018 17th International Symposium on Distributed Computing and Applications for Business 

Engineering and Science (DCABES) (pp. 212–215). IEEE. 

https://doi.org/10.1109/DCABES.2018.00062 

Ulrich, M., & Walther, S. (2020). Option-implied information: What’s the vol surface got to do with it? 

Review of Derivatives Research, 23(3), 323–355. https://doi.org/10.1007/s11147-020-09166-0 

https://doi.org/10.1016/0378-4266(94)00087-J


 

52 

 

Wiggins, J. B. (1987). Option values under stochastic volatility: Theory and empirical estimates. Journal 

of Financial Economics, 19(2), 351–372. https://doi.org/10.1016/0304-405X(87)90009-2 

Xing, Y., Zhang, X., & Zhao, R. (2010). What does the individual option volatility smirk tell us about 

future equity returns? Journal of Financial and Quantitative Analysis, 45(3), 641-662. 

https://doi.org/10.1017/S0022109010000220 

Zeng, J. (2005). Application of Smoothing Techniques to Implied Volatility. (Doctoral dissertation, 

Humboldt University of Berlin). https://doi.org/10.18452/14056 

  

https://doi.org/10.1016/0304-405X(87)90009-2


 

53 

 

Tables And Figures 

Figure 1. Time-series fit of model-implied IV using 10, 34, 64, and 115 macro (PCA) factors 
This figure plots the implied volatility fitting for moneyness with 0.9, 1.0, and 1.1, as observed and implied 
by our model with 10, 34, 64, and 115 macro factors. The sample data are constructed using the implied 
volatility data of S&P 500 options. The sample period ranges from 1996:1 to 2015:8. In all graphs, solid 
lines represent observed implied volatilities and dashed lines (nearly indistinguishable from solid lines) 
represent model-implied IVs. To prevent forward-looking bias, we lag macro variables by one month. 

Panel A. Maturity = 0.25 and Moneyness = 0.9 

 

Panel B. Maturity = 0.25 and Moneyness = 1.0 
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Panel C. Maturity = 0.25 and Moneyness = 1.1 

 
 
Figure 2. Cross-sectional diagnostics of the model-implied IV using 10, 34, 64, and 115 macro factors 
This figure presents graphs exhibiting the cross-sectional fit of the implied volatilities generated using our 
model with 10, 34, 64, and 115 macro factors. The sample data are constructed using the implied volatility 
data of the S&P500 option. The sample period ranges from 1996:1 to 2015:8. The graph on the left plots 
the unconditional means, whereas on the right side plots the unconditional standard deviations of the 
observed and model-implied IVs. 

Panel A. Model-implied IV using 10 macro factors 

 

Panel B. Model-implied IV using 34 macro factors 
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Panel C. Model-implied IV using 64 macro factors 

 

Panel D. Model-implied IV using 115 macro factors 
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Figure 3. In-sample model performance comparison 
This figure plots in-sample model performance for the comparison measured by the percentage valuation 
errors (𝜖) of the predicted value of 𝑑𝑙𝑜𝑔(𝐼𝑉)  and root mean squared errors (RMSEs). The percentage 

valuation errors measure the accuracy in predicting 𝑑𝑙𝑛(𝐼𝑉) and are defined as 𝜖 ≡ 𝑑 log(𝐼𝑉)̂ /dlog(IV) −

1   where 𝑑𝑙𝑜𝑔(𝐼𝑉)  is the difference of implied volatilities and 𝑑 log(𝐼𝑉)̂  is the corresponding model 
estimate. RMSE measures the difference between the actual value and predicted value, and it is defined as  

𝑅𝑀𝑆𝐸(𝑑 log(𝐼𝑉)̂ ) ≡ [
(𝑑 log(𝐼𝑉)̂ − 𝑑log(IV))

2

𝑁
]

1
2
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Figure 4. Predictive power across different moneyness 
This figure plots absolute t-values. |t|, for 𝛽 generated from our regression to test the predictive power of 
our proposed model. The following equations are used: 

1) without control variables 
ΔIV𝑖,𝑡+1 = 𝑐𝑜𝑛𝑠𝑡𝑎𝑛𝑡 + 𝛽𝑖𝐺𝑖,𝑡 + 𝜖𝑖,𝑡+1 . 

2) with control variables 
ΔIV𝑖,𝑡+1 = 𝑐𝑜𝑛𝑠𝑡𝑎𝑛𝑡 + 𝛽𝑖𝐺𝑖,𝑡 + (𝑐𝑜𝑛𝑡𝑟𝑜𝑙𝑠) + 𝜖𝑖,𝑡+1 . 

 
The independent variable (𝐺𝑖,𝑡) is the difference between the observed and the model-implied IVs at each 

moneyness level 𝑖  and time period 𝑡  with its coefficient denoted as 𝛽  . The dependent variable is the 
difference between the IVs at time period 𝑡 and 𝑡 + 1, which moneyness level is 𝑖. The difference between 
the IVs at time period 𝑡 and 𝑡 + 1 is used as a control variable 1 and the coefficient is denoted control 1. The 
log of IV at time period 𝑡 − 1  and moneyness level 𝑖 is used as a control variable 2 and the coefficient is 
denoted control 2. The sample data is constructed using S&P500 implied volatility data. The sample period 
is from 1996:1 to 2015:8. 
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Figure 5. Time-series fit of classic model-implied IV 
This figure plots the implied volatility fitting for moneyness with 0.97, 1.0, and 1.03, as observed and 
implied by classical model with stike and moneyness. The sample data are constructed using the implied 
volatility data of S&P 500 options. The sample period ranges from 1996:1 to 2015:8. In all graphs, solid 
lines represent observed implied volatilities and dashed lines (nearly indistinguishable from solid lines) 
represent classical model-implied IVs.  
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Figure 6. classical model performance comparison 
This figure plots classical model performance for the comparison measured by the percentage valuation 
errors (𝜖) of the predicted value of 𝑑𝑙𝑜𝑔(𝐼𝑉)  and root mean squared errors (RMSEs). The percentage 

valuation errors measure the accuracy in predicting 𝑑𝑙𝑜𝑔(𝐼𝑉) and are defined as 𝜖 ≡ 𝑑 log(𝐼𝑉)̂ /dlog(IV) −

1   where 𝑑𝑙𝑜𝑔(𝐼𝑉)  is the difference of implied volatilities and 𝑑 log(𝐼𝑉)̂  is the corresponding model 
estimate. RMSE measures the difference between the actual value and predicted value, and it is defined as  

𝑅𝑀𝑆𝐸(𝑑 log(𝐼𝑉)̂ ) ≡ [
(𝑑 log(𝐼𝑉)̂ − 𝑑log(IV))

2

𝑁
]

1
2
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Figure 7. Out-of-sample model performance comparison during the subprime financial crisis. 
This figure plots the estimates of root mean squared error (RMSE) during the subprime financial crisis for 
out-of-sample tests. Using this data from 1996:2 to 2006:12 (i.e., 73% of the entire sample period), we 
estimate the prediction values in a rolling method. The following steps describe the process: 
 Step 1. Use the data from 1996:2 to 2006:12 for yield fitting  
 Step 2. Calculate dlog(IV) by using model-implied and observed IV in the equation,  

∆𝑓𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑑,𝑡+1 = 𝛼 + 𝛽𝑡(𝑓𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑑,𝑡 − 𝑓𝑚𝑜𝑑𝑒𝑙,𝑡) + 𝛾𝑡∆𝑓𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑑,𝑡 + 𝜖𝑡 

 Step 3. Expand the period for the estimation of prediction values to 1996:2 to 2006:12, which adds 
an additional month at the end of the previous estimation period. Repeat Steps 1 and 2.  
For performance comparison, the analysis period for performance comparison is defined from 2007 to 
2010, which serves as the out-of-sample period for assessing the model's predictive accuracy, to set the 
out-of-sample period. Therefore, the upper four lines in the graph represent the rolling out-of-sample 
RMSEs during the period of 2007:1 to 2010:12. 
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Figure 8. Out-of-sample model performance comparison 
This figure presents the out-of-sample results for model performance comparison measured by the 
percentage valuation errors (𝜖) of the predicted value of 𝑑𝑙𝑜𝑔(𝐼𝑉) and root mean squared errors (RMSEs). 
The percentage valuation errors measure the accuracy in predicting 𝑑𝑙𝑜𝑔(𝐼𝑉)  and are defined as 𝜖 ≡

𝑑 𝑙𝑜𝑔(𝐼𝑉)̂ /dlog(IV) − 1  where 𝑑𝑙𝑜𝑔(𝐼𝑉)  is the difference of implied volatilities and 𝑑 𝑙𝑜𝑔(𝐼𝑉)̂  is the 
corresponding model estimate. RMSE measures the difference between the actual value and predicted 

value, and it is defined as 𝑅𝑀𝑆𝐸(𝑑 𝑙𝑜𝑔(𝐼𝑉)̂ ) ≡ [
(𝑑 𝑙𝑜𝑔(𝐼𝑉)̂ −𝑑𝑙𝑜𝑔(IV))

2

𝑁
]

1

2

. For out-of-sample tests, we use the 

implied volatility data of S&P500 during the first 164 months, from 1996:2 to 2009:9 (i.e., 70% of the entire 
sample period), to kickstart the monthly rolling estimation for prediction values. This process is described 
as follows. 

Step 1. Use the data from 1996:2 to 2009:9 for 𝑑𝑙𝑜𝑔(𝐼𝑉) fitting  

Step 2. Calculate 𝑑𝑙𝑜𝑔(𝐼𝑉)̂  using the model-implied and observed IVs using the following equation: 
𝑟𝑖,𝑡+1 = 𝑐𝑜𝑛𝑠𝑡𝑎𝑛𝑡 + 𝛽𝑖𝐺𝑖,𝑡 + (𝑐𝑜𝑛𝑡𝑟𝑜𝑙𝑠) + 𝜖𝑖,𝑡+1 . 

Step 3. We expand the period for the estimation of prediction values to [1996:2 and 2009:10], which 
adds an additional month at the end of the previous rolling estimation period. Repeat Steps 1 and 2.  
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Table 1. Summary statistics of observed and model-implied log IV (Selected Moneyness)6 
This table reports summary statistics of the observed and model-implied log implied volatilities (IVs). The 
sample data are constructed using implied volatility data from the S&P500 index, covering the period from 
January 1996 to August 2015. The table presents statistics for selected maturities. Panel A provides 
summary statistics for observed implied volatilities during the sample period. Panels B, C, D, and E report 
statistics for implied volatilities generated from the proposed model, utilizing 10, 34, 64, and 115 
macroeconomic factors, respectively. 
The fitted values of the differences between implied volatilities at time t and t+1 generated by the model 
are transformed into log implied volatilities, and these log IVs serve as summary statistics for comparison 
with the observed IVs. For all panels, reported statistics include the number of observations (count), mean 
values, standard deviations (std), minimum values (min), and percentile values (25%, 50%, 75%, max). The 
complete dataset covering maturities from 0.08 to 1.5 years and moneyness levels from 0.70 to 1.10 in 
increments of 0.01 is available in the online appendix. 
Penal A. Observed IV 

Maturity Moneyness count mean std min 25% 50% 75% max 

0.08 0.70 235 -0.9297 0.2414 -1.4944 -1.1065 -0.9340 -0.7794 -0.1996 

0.08 0.90 235 -1.3181 0.2240 -1.7934 -1.4820 -1.3399 -1.1947 -0.4918 

0.08 1.00 235 -1.7744 0.3528 -2.4424 -2.0414 -1.7573 -1.5434 -0.6730 

0.08 1.10 235 -1.9517 0.3562 -2.9307 -2.2119 -1.9469 -1.7520 -0.8574 

0.25 0.70 235 -1.0587 0.1881 -1.4908 -1.1824 -1.0680 -0.9400 -0.4285 

0.25 1.00 235 -1.2123 0.1999 -1.6085 -1.3562 -1.2423 -1.0925 -0.5167 

0.25 1.00 235 -1.4081 0.2383 -1.8392 -1.5815 -1.4321 -1.2613 -0.6069 

0.25 1.00 235 -1.6924 0.3075 -2.2486 -1.9290 -1.6830 -1.4885 -0.7572 

0.25 1.00 235 -1.9459 0.3527 -2.7347 -2.2333 -1.9274 -1.7069 -0.8761 

0.50 0.70 235 -1.1529 0.1823 -1.5436 -1.2853 -1.1751 -1.0433 -0.5586 

0.50 1.00 235 -1.2675 0.1968 -1.6478 -1.4088 -1.2832 -1.1528 -0.6153 

0.50 0.80 235 -1.2811 0.1989 -1.6612 -1.4236 -1.3002 -1.1662 -0.6218 

0.50 0.90 235 -1.4308 0.2250 -1.8322 -1.6042 -1.4549 -1.2809 -0.6931 

0.50 1.00 235 -1.6565 0.2727 -2.1336 -1.8861 -1.6574 -1.4706 -0.8167 

0.50 1.10 235 -1.8856 0.3234 -2.4758 -2.1770 -1.8645 -1.6456 -0.9309 

1.00 0.70 235 -1.2233 0.1813 -1.6239 -1.3551 -1.2357 -1.1105 -0.6639 

1.00 0.80 235 -1.3225 0.1922 -1.6922 -1.4762 -1.3295 -1.2051 -0.7137 

1.00 0.90 235 -1.4360 0.2080 -1.8176 -1.6066 -1.4446 -1.3024 -0.7724 

1.00 1.00 235 -1.6297 0.2475 -2.0787 -1.8432 -1.6321 -1.4510 -0.9061 

1.00 1.10 235 -1.8307 0.2900 -2.3562 -2.0968 -1.8082 -1.6059 -1.0229 

1.50 0.70 235 -0.9297 0.2414 -1.4944 -1.1065 -0.9340 -0.7794 -0.1996 

1.50 0.80 235 -1.0604 0.2203 -1.5982 -1.2120 -1.0569 -0.9143 -0.3373 

1.50 0.90 235 -1.3181 0.2240 -1.7934 -1.4820 -1.3399 -1.1947 -0.4918 

1.50 1.00 235 -1.7744 0.3528 -2.4424 -2.0414 -1.7573 -1.5434 -0.6730 

1.50 1.10 235 -1.9517 0.3562 -2.9307 -2.2119 -1.9469 -1.7520 -0.8574 

Penal B. Model implied IV using 10 factors 

Maturity Moneyness count mean std min 25% 50% 75% max 

0.08 0.70 235 -0.9298 0.2416 -1.5044 -1.1027 -0.9288 -0.7714 -0.1955 

0.08 0.80 235 -1.0606 0.2187 -1.5697 -1.2043 -1.0564 -0.9221 -0.3294 

0.08 0.90 235 -1.3181 0.2262 -1.7515 -1.4729 -1.3382 -1.1891 -0.5074 

0.08 1.00 235 -1.7743 0.3518 -2.4428 -2.0545 -1.7668 -1.5563 -0.6632 

0.08 1.10 235 -1.9515 0.3574 -2.9423 -2.2057 -1.9367 -1.7510 -0.8451 

 
6 Full dataset available at online appendix: 
https://docs.google.com/spreadsheets/d/1KXYzcbDKzNFsySuW22l7ErAeP_FfOzYJvVN94Ehf3fc/edit. 

 

https://docs.google.com/spreadsheets/d/1KXYzcbDKzNFsySuW22l7ErAeP_FfOzYJvVN94Ehf3fc/edit
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0.25 0.70 235 -1.0585 0.1895 -1.5179 -1.1884 -1.0694 -0.9403 -0.4414 

0.25 0.80 235 -1.2122 0.2005 -1.6177 -1.3560 -1.2428 -1.0900 -0.5207 

0.25 0.90 235 -1.4083 0.2386 -1.8159 -1.5853 -1.4375 -1.2568 -0.6087 

0.25 1.00 235 -1.6924 0.3067 -2.2459 -1.9424 -1.6902 -1.4993 -0.7466 

0.25 1.10 235 -1.9460 0.3552 -2.6549 -2.2289 -1.9349 -1.6948 -0.8647 

0.50 0.70 235 -1.1530 0.1824 -1.5331 -1.2812 -1.1733 -1.0546 -0.5408 

0.50 0.80 235 -1.2812 0.1992 -1.6596 -1.4287 -1.2956 -1.1709 -0.6120 

0.50 0.90 235 -1.4309 0.2252 -1.8295 -1.5988 -1.4476 -1.2871 -0.6964 

0.50 1.00 235 -1.6565 0.2725 -2.1811 -1.8933 -1.6544 -1.4686 -0.8212 

0.50 1.10 235 -1.8857 0.3235 -2.5029 -2.1587 -1.8651 -1.6467 -0.9371 

1.00 0.70 235 -1.2235 0.1818 -1.6169 -1.3588 -1.2363 -1.1110 -0.6615 

1.00 0.80 235 -1.3226 0.1922 -1.7149 -1.4737 -1.3354 -1.2044 -0.7142 

1.00 0.90 235 -1.4359 0.2075 -1.8226 -1.6041 -1.4412 -1.3034 -0.7781 

1.00 1.00 235 -1.6294 0.2464 -2.0924 -1.8357 -1.6139 -1.4627 -0.9259 

1.00 1.10 235 -1.8308 0.2915 -2.4134 -2.0813 -1.8027 -1.6030 -1.0333 

1.50 0.70 235 -1.2508 0.1789 -1.6185 -1.3815 -1.2618 -1.1363 -0.7267 

1.50 0.80 235 -1.3404 0.1878 -1.6954 -1.4820 -1.3508 -1.2182 -0.7736 

1.50 0.90 235 -1.4454 0.2015 -1.8318 -1.5961 -1.4558 -1.3122 -0.8335 

1.50 1.00 235 -1.6208 0.2345 -2.1285 -1.8071 -1.6164 -1.4589 -0.9706 

1.50 1.10 235 -1.8057 0.2714 -2.2948 -2.0314 -1.7909 -1.6023 -1.0620 

Penal C. Model implied IV using 34 factors 
Maturity Moneyness count mean std min 25% 50% 75% max 

0.08 0.70 235 -0.9297 0.2411 -1.4842 -1.1052 -0.9330 -0.7773 -0.2016 

0.08 0.80 235 -1.0605 0.2202 -1.5963 -1.2099 -1.0588 -0.9201 -0.3409 

0.08 0.90 235 -1.3181 0.2240 -1.7890 -1.4823 -1.3415 -1.1934 -0.4906 

0.08 1.00 235 -1.7744 0.3529 -2.4500 -2.0411 -1.7622 -1.5446 -0.6689 

0.08 1.10 235 -1.9517 0.3561 -2.9259 -2.2120 -1.9453 -1.7510 -0.8553 

0.25 0.70 235 -1.0587 0.1882 -1.4916 -1.1825 -1.0675 -0.9426 -0.4312 

0.25 0.80 235 -1.2123 0.2000 -1.6097 -1.3575 -1.2358 -1.0963 -0.5184 

0.25 0.90 235 -1.4081 0.2382 -1.8402 -1.5830 -1.4312 -1.2602 -0.6092 

0.25 1.00 235 -1.6925 0.3074 -2.2493 -1.9347 -1.6859 -1.4903 -0.7557 

0.25 1.10 235 -1.9458 0.3527 -2.7303 -2.2329 -1.9264 -1.7038 -0.8707 

0.50 0.70 235 -1.1529 0.1822 -1.5496 -1.2839 -1.1766 -1.0484 -0.5556 

0.50 0.80 235 -1.2811 0.1989 -1.6577 -1.4249 -1.2953 -1.1650 -0.6226 

0.50 0.90 235 -1.4308 0.2250 -1.8294 -1.6045 -1.4543 -1.2812 -0.6924 

0.50 1.00 235 -1.6566 0.2727 -2.1349 -1.8871 -1.6578 -1.4711 -0.8152 

0.50 1.10 235 -1.8856 0.3234 -2.4700 -2.1761 -1.8662 -1.6458 -0.9295 

1.00 0.70 235 -1.2233 0.1815 -1.6236 -1.3580 -1.2342 -1.1132 -0.6654 

1.00 0.80 235 -1.3225 0.1922 -1.6921 -1.4756 -1.3315 -1.2067 -0.7117 

1.00 0.90 235 -1.4360 0.2080 -1.8179 -1.6060 -1.4454 -1.3040 -0.7738 

1.00 1.00 235 -1.6297 0.2475 -2.0803 -1.8448 -1.6293 -1.4538 -0.9081 

1.00 1.10 235 -1.8307 0.2902 -2.3508 -2.0992 -1.8086 -1.6086 -1.0214 

1.50 0.70 235 -1.2508 0.1787 -1.6243 -1.3806 -1.2597 -1.1414 -0.7247 

1.50 0.80 235 -1.3404 0.1877 -1.6969 -1.4817 -1.3438 -1.2175 -0.7720 

1.50 0.90 235 -1.4454 0.2014 -1.8388 -1.5947 -1.4581 -1.3069 -0.8264 

1.50 1.00 235 -1.6211 0.2352 -2.0616 -1.8040 -1.6148 -1.4581 -0.9794 

1.50 1.10 235 -1.8057 0.2708 -2.3237 -2.0340 -1.7913 -1.6032 -1.0824 

Penal D. Model implied IV using 64 factors 
Maturity Moneyness count mean std min 25% 50% 75% max 

0.08 0.70 235 -0.9297 0.2411 -1.4842 -1.1052 -0.9330 -0.7773 -0.2016 
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0.08 0.80 235 -1.0605 0.2202 -1.5963 -1.2099 -1.0588 -0.9201 -0.3409 

0.08 0.90 235 -1.3181 0.2240 -1.7890 -1.4823 -1.3415 -1.1934 -0.4906 

0.08 1.00 235 -1.7744 0.3529 -2.4500 -2.0411 -1.7622 -1.5446 -0.6689 

0.08 1.10 235 -1.9517 0.3561 -2.9259 -2.2120 -1.9453 -1.7510 -0.8553 

0.25 0.70 235 -1.0587 0.1882 -1.4916 -1.1825 -1.0675 -0.9426 -0.4312 

0.25 0.80 235 -1.2123 0.2000 -1.6097 -1.3575 -1.2358 -1.0963 -0.5184 

0.25 0.90 235 -1.4081 0.2382 -1.8402 -1.5830 -1.4312 -1.2602 -0.6092 

0.25 1.00 235 -1.6925 0.3074 -2.2493 -1.9347 -1.6859 -1.4903 -0.7557 

0.25 1.10 235 -1.9458 0.3527 -2.7303 -2.2329 -1.9264 -1.7038 -0.8707 

0.50 0.70 235 -1.1529 0.1822 -1.5496 -1.2839 -1.1766 -1.0484 -0.5556 

0.50 0.80 235 -1.2811 0.1989 -1.6577 -1.4249 -1.2953 -1.1650 -0.6226 

0.50 0.90 235 -1.4308 0.2250 -1.8294 -1.6045 -1.4543 -1.2812 -0.6924 

0.50 1.00 235 -1.6566 0.2727 -2.1349 -1.8871 -1.6578 -1.4711 -0.8152 

0.50 1.10 235 -1.8856 0.3234 -2.4700 -2.1761 -1.8662 -1.6458 -0.9295 

1.00 0.70 235 -1.2233 0.1815 -1.6236 -1.3580 -1.2342 -1.1132 -0.6654 

1.00 0.80 235 -1.3225 0.1922 -1.6921 -1.4756 -1.3315 -1.2067 -0.7117 

1.00 0.90 235 -1.4360 0.2080 -1.8179 -1.6060 -1.4454 -1.3040 -0.7738 

1.00 1.00 235 -1.6297 0.2475 -2.0803 -1.8448 -1.6293 -1.4538 -0.9081 

1.00 1.10 235 -1.8307 0.2902 -2.3508 -2.0992 -1.8086 -1.6086 -1.0214 

1.50 0.70 235 -1.2508 0.1787 -1.6243 -1.3806 -1.2597 -1.1414 -0.7247 

1.50 0.80 235 -1.3404 0.1877 -1.6969 -1.4817 -1.3438 -1.2175 -0.7720 

1.50 0.90 235 -1.4454 0.2014 -1.8388 -1.5947 -1.4581 -1.3069 -0.8264 

1.50 1.00 235 -1.6211 0.2352 -2.0616 -1.8040 -1.6148 -1.4581 -0.9794 

1.50 1.10 235 -1.8057 0.2708 -2.3237 -2.0340 -1.7913 -1.6032 -1.0824 

Penal E. Model implied IV using 115 factors 
Maturity Moneyness count mean std min 25% 50% 75% max 

0.08 0.70 235 -0.9297 0.2414 -1.4944 -1.1065 -0.9340 -0.7794 -0.1996 

0.08 0.80 235 -1.0604 0.2203 -1.5982 -1.2121 -1.0569 -0.9143 -0.3373 

0.08 0.90 235 -1.3181 0.2240 -1.7934 -1.4820 -1.3399 -1.1947 -0.4918 

0.08 1.00 235 -1.7744 0.3528 -2.4423 -2.0414 -1.7572 -1.5434 -0.6729 

0.08 1.10 235 -1.9517 0.3562 -2.9307 -2.2119 -1.9469 -1.7520 -0.8574 

0.25 0.70 235 -1.0587 0.1881 -1.4908 -1.1824 -1.0680 -0.9400 -0.4285 

0.25 0.80 235 -1.2123 0.1999 -1.6086 -1.3562 -1.2423 -1.0925 -0.5167 

0.25 0.90 235 -1.4081 0.2383 -1.8392 -1.5816 -1.4321 -1.2613 -0.6069 

0.25 1.00 235 -1.6925 0.3075 -2.2485 -1.9290 -1.6829 -1.4886 -0.7573 

0.25 1.10 235 -1.9459 0.3527 -2.7347 -2.2333 -1.9274 -1.7069 -0.8761 

0.50 0.70 235 -1.1529 0.1823 -1.5436 -1.2853 -1.1751 -1.0433 -0.5587 

0.50 0.80 235 -1.2811 0.1989 -1.6612 -1.4236 -1.3002 -1.1662 -0.6218 

0.50 0.90 235 -1.4308 0.2250 -1.8323 -1.6043 -1.4549 -1.2809 -0.6931 

0.50 1.00 235 -1.6565 0.2727 -2.1335 -1.8861 -1.6574 -1.4706 -0.8167 

0.50 1.10 235 -1.8856 0.3234 -2.4758 -2.1770 -1.8645 -1.6455 -0.9309 

1.00 0.70 235 -1.2233 0.1813 -1.6239 -1.3551 -1.2358 -1.1104 -0.6639 

1.00 0.80 235 -1.3225 0.1922 -1.6921 -1.4762 -1.3295 -1.2052 -0.7137 

1.00 0.90 235 -1.4360 0.2080 -1.8176 -1.6065 -1.4446 -1.3024 -0.7724 

1.00 1.00 235 -1.6297 0.2475 -2.0787 -1.8432 -1.6321 -1.4510 -0.9061 

1.00 1.10 235 -1.8307 0.2900 -2.3562 -2.0967 -1.8082 -1.6059 -1.0229 

1.50 0.70 235 -1.2508 0.1788 -1.6191 -1.3831 -1.2607 -1.1376 -0.7240 

1.50 0.80 235 -1.3404 0.1877 -1.6994 -1.4821 -1.3408 -1.2165 -0.7698 

1.50 0.90 235 -1.4454 0.2014 -1.8403 -1.5963 -1.4575 -1.3063 -0.8272 

1.50 1.00 235 -1.6211 0.2352 -2.0701 -1.8044 -1.6166 -1.4605 -0.9799 

1.50 1.10 235 -1.8058 0.2707 -2.3109 -2.0381 -1.7884 -1.6036 -1.0796 
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Table 2. Predictive power of the proposed model (Selected Moneyness)7 

This table summarizes the predictive accuracy of the proposed IV model across selected maturities and 

moneyness levels.  

Maturity Moneyness med_abs_epsilon avg_abs_epsilon med_epsilon avg_epsilon std_epsilon RMSE 

0.08 0.70 0.0341 0.0458 -0.0328 -0.0404 0.0453 0.0313 

0.08 0.80 0.0677 0.0714 -0.0677 -0.0714 0.0344 0.0292 

0.08 0.90 0.0291 0.0343 -0.0219 -0.0261 0.0356 0.0109 

0.08 1.00 0.1414 0.1557 0.1414 0.1556 0.0872 0.0250 

0.08 1.10 0.1052 0.1201 -0.1032 -0.1157 0.0995 0.0186 

0.25 0.70 0.0332 0.0415 0.0332 0.0395 0.0375 0.0200 

0.25 0.80 0.0319 0.0387 0.0319 0.0348 0.0330 0.0146 

0.25 0.90 0.0244 0.0299 0.0241 0.0270 0.0259 0.0087 

0.25 1.00 0.0314 0.0397 0.0308 0.0357 0.0345 0.0075 

0.25 1.10 0.1143 0.1255 -0.1143 -0.1253 0.0654 0.0173 

0.50 0.70 0.0628 0.0663 0.0628 0.0660 0.0321 0.0241 

0.50 0.80 0.0436 0.0447 0.0436 0.0447 0.0172 0.0136 

0.50 0.90 0.0081 0.0102 0.0042 0.0039 0.0122 0.0032 

0.50 1.00 0.0254 0.0273 -0.0240 -0.0245 0.0220 0.0066 

0.50 1.10 0.1463 0.1590 -0.1463 -0.1590 0.0651 0.0237 

1.00 0.70 0.0188 0.0200 0.0186 0.0181 0.0154 0.0072 

1.00 0.80 0.0095 0.0116 -0.0010 -0.0010 0.0148 0.0041 

1.00 0.90 0.0360 0.0371 -0.0360 -0.0362 0.0242 0.0104 

1.00 1.00 0.0375 0.0416 -0.0365 -0.0372 0.0322 0.0096 

1.00 1.10 0.0921 0.1014 -0.0921 -0.1014 0.0480 0.0167 

1.50 0.70 0.0274 0.0282 -0.0273 -0.0276 0.0166 0.0093 

1.50 0.80 0.0147 0.0144 -0.0147 -0.0141 0.0082 0.0045 

1.50 0.90 0.0123 0.0148 -0.0054 -0.0059 0.0179 0.0044 

1.50 1.00 0.0455 0.0469 0.0455 0.0468 0.0219 0.0099 

1.50 1.10 0.0665 0.0747 0.0663 0.0696 0.0588 0.0151 

 

  

 
7 Full dataset available at online appendix: 
https://docs.google.com/spreadsheets/d/1LUpoBYmepHfd52dsFVDWIHuMXcokAJaf/edit?usp=sharing&ouid=118103289554490
863904&rtpof=true&sd=true 

https://docs.google.com/spreadsheets/d/1LUpoBYmepHfd52dsFVDWIHuMXcokAJaf/edit?usp=sharing&ouid=118103289554490863904&rtpof=true&sd=true
https://docs.google.com/spreadsheets/d/1LUpoBYmepHfd52dsFVDWIHuMXcokAJaf/edit?usp=sharing&ouid=118103289554490863904&rtpof=true&sd=true
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Table 3. Out-of-Sample predictive power of the proposed model (Selected Moneyness)8 
This table presents the ordinary least squares regression results for the predictive power of our proposed 
model for future IV log returns, using the following equation: 

𝑟𝑖,𝑡+1 = 𝑐𝑜𝑛𝑠𝑡𝑎𝑛𝑡 + 𝛽𝑖𝐺𝑖,𝑡 + (𝑐𝑜𝑛𝑡𝑟𝑜𝑙𝑠) + 𝜖𝑖,𝑡+1 

The independent variable is the difference between the observed and the model-implied IVs at each 
moneyness level 𝑖  and time period 𝑡  with its coefficient denoted as 𝛽 . The dependent variable is the 
difference between the IVs at time period 𝑡 and 𝑡 + 1, which moneyness level is 𝑖. The difference between 
the IVs at time period 𝑡 and 𝑡 + 1 is used as a control variable 1 and the coefficient is denoted control 1. The 
log of IV at time period 𝑡 − 1 and moneyness level 𝑖 is used as a control variable 2 and the coefficient is 
denoted control 2. The table reports the t-values for each variable for our model with 10, 34, 64, and 115 
factors. The sample data is constructed using S&P500 implied volatility data. The sample period is from 
1996:1 to 2015:8. The complete dataset covering maturities from 0.08 to 1.5 years and moneyness levels 
from 0.70 to 1.10 in increments of 0.01 is available in the online appendix. 
Penal A. Predictive power using 10 factors 

Maturity Moneyness constant beta gamma control 1 control 2 

0.08 0.70 4.4380 -0.1383 4.4277 -1.6928 -1.8545 

0.08 0.80 4.8266 -1.6715 5.5345 -2.5131 -2.4399 

0.08 0.90 4.9377 1.7962 5.6771 -2.4640 -2.5072 

0.08 1.00 4.3942 -3.3998 5.2555 -0.8367 -0.8970 

0.08 1.10 4.0431 -1.0583 5.8581 -0.8993 -0.9465 

0.25 0.70 4.2918 -1.6221 3.9021 -0.9187 -0.7119 

0.25 0.80 4.4299 -0.1721 3.8845 -0.9249 -0.6005 

0.25 0.90 4.1925 0.2755 4.6747 -1.2285 -0.9449 

0.25 1.00 3.9696 -2.3871 5.6777 -1.3974 -0.9352 

0.25 1.10 3.6185 2.4768 5.3950 -0.5676 -0.2240 

0.50 0.70 4.0378 2.6616 2.1831 0.5571 0.8245 

0.50 0.80 3.8926 3.7546 3.1485 -0.1182 0.1236 

0.50 0.90 3.7914 0.7533 4.0407 -0.7633 -0.5331 

0.50 1.00 3.5304 -1.6526 4.8391 -1.0382 -0.7772 

0.50 1.10 3.4798 2.0857 5.6517 -1.1517 -0.7676 

1.00 0.70 3.4513 1.6530 2.1880 0.4496 0.7236 

1.00 0.80 3.4948 -0.6000 2.9699 -0.1765 0.1395 

1.00 0.90 3.5327 -3.8785 2.8004 0.2491 0.7414 

1.00 1.00 3.2262 -2.7566 4.9301 -1.4114 -0.9732 

1.00 1.10 3.2088 0.2229 5.4581 -1.4213 -1.1047 

1.50 0.70 3.1693 0.1564 2.6946 -0.1235 0.1040 

1.50 0.80 3.1932 0.4258 2.9346 -0.2893 -0.0382 

1.50 0.90 3.3018 -0.1761 2.9223 -0.0992 0.1776 

1.50 1.00 2.9345 -3.1240 4.6209 -1.2268 -0.9417 

1.50 1.10 3.1523 -0.4544 4.7061 -0.8532 -0.4056 

Penal B. Predictive power using 34 factors 
Maturity Moneyness constant beta gamma control 1 control 2 

0.08 0.70 4.2473 -3.1718 4.1774 -1.2771 -1.5201 

0.08 0.80 4.7331 -0.2637 5.4803 -2.5405 -2.7230 

0.08 0.90 4.9812 2.2450 5.8021 -2.5800 -2.6778 

0.08 1.00 4.3845 -0.2767 6.3661 -1.9160 -1.9658 

0.08 1.10 4.1069 1.9507 5.6282 -0.6944 -0.9537 

0.25 0.70 4.3487 1.1652 3.8088 -0.8424 -0.5913 

 
8 Full dataset available at online appendix: 
https://docs.google.com/spreadsheets/d/1_tWeNP1SWxA0jfOEyvqK90RNTBSsJDwg4rq75tdYBUw/edit?usp=sharing 

https://docs.google.com/spreadsheets/d/1_tWeNP1SWxA0jfOEyvqK90RNTBSsJDwg4rq75tdYBUw/edit?usp=sharing
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0.25 0.80 4.4339 -0.6212 3.9616 -0.9674 -0.6616 

0.25 0.90 4.2264 -1.8563 4.6593 -1.1777 -0.7712 

0.25 1.00 3.8717 -0.0221 5.7725 -1.5454 -1.3533 

0.25 1.10 3.7983 -0.9585 5.6858 -1.0150 -0.3629 

0.50 0.70 4.0185 0.6771 2.4584 0.2567 0.6404 

0.50 0.80 3.8634 1.7174 3.6065 -0.6636 -0.2777 

0.50 0.90 3.7813 -1.9134 4.3006 -1.0191 -0.7071 

0.50 1.00 3.5837 1.1533 5.2350 -1.5037 -1.2647 

0.50 1.10 3.4455 1.7340 5.5079 -1.0529 -0.6860 

1.00 0.70 3.4797 0.6325 2.2774 0.3362 0.6627 

1.00 0.80 3.4645 1.2325 2.9794 -0.1750 0.1128 

1.00 0.90 3.4597 -1.2281 3.2945 -0.3011 -0.1029 

1.00 1.00 3.2964 -1.5487 4.8468 -1.3773 -1.2181 

1.00 1.10 3.1722 2.3030 4.6375 -0.7058 -0.4821 

1.50 0.70 3.1542 -1.3677 2.3505 0.2035 0.4381 

1.50 0.80 3.1765 -0.8851 2.9191 -0.2064 0.0412 

1.50 0.90 3.3071 0.6222 2.9478 -0.0988 0.1798 

1.50 1.00 3.0802 -0.4955 4.4640 -1.1777 -1.0524 

1.50 1.10 3.1335 1.3268 4.7123 -0.8339 -0.3419 

Penal C. Predictive power using 64 factors 
Maturity Moneyness constant beta gamma control 1 control 2 

0.08 0.70 4.4070 -0.9954 4.6179 -1.8022 -1.9683 

0.08 0.80 4.7527 -1.8407 5.9262 -2.8812 -3.0021 

0.08 0.90 4.9805 0.9632 5.6575 -2.4776 -2.5500 

0.08 1.00 4.3778 -0.2303 6.5087 -1.9898 -2.0229 

0.08 1.10 4.0547 0.7310 6.0480 -1.0568 -1.1092 

0.25 0.70 4.3951 -0.9354 3.8977 -0.9422 -0.6017 

0.25 0.80 4.4534 -0.4651 3.9364 -0.9345 -0.6044 

0.25 0.90 4.1902 -0.6649 4.5920 -1.1463 -0.8579 

0.25 1.00 3.8418 -1.0481 5.7820 -1.5182 -1.2666 

0.25 1.10 3.6865 -2.5100 5.9607 -1.1659 -0.6134 

0.50 0.70 4.0201 1.8320 2.6968 0.0272 0.4160 

0.50 0.80 3.9419 0.1827 3.3872 -0.4528 -0.0868 

0.50 0.90 3.7891 -1.1107 4.1176 -0.8347 -0.5293 

0.50 1.00 3.6018 -0.0012 5.0917 -1.2879 -1.0350 

0.50 1.10 3.4636 1.4533 5.4963 -1.0654 -0.5492 

1.00 0.70 3.4939 0.3025 2.3363 0.2825 0.6178 

1.00 0.80 3.4722 -0.6216 3.0267 -0.2412 0.0445 

1.00 0.90 3.4620 -0.2465 3.4308 -0.4331 -0.2620 

1.00 1.00 3.2905 -0.5103 4.8202 -1.3680 -1.2128 

1.00 1.10 3.2203 1.3951 5.4533 -1.3916 -1.0292 

1.50 0.70 3.1710 0.3713 2.7280 -0.1313 0.0934 

1.50 0.80 3.1929 -0.0297 2.9094 -0.2028 0.0457 

1.50 0.90 3.3100 -0.8193 2.9721 -0.1187 0.1534 

1.50 1.00 3.0840 0.5464 4.5188 -1.2148 -1.1141 

1.50 1.10 3.1353 0.8282 4.7852 -0.9144 -0.4504 

Penal D. Predictive power using 115 factors 
Maturity Moneyness constant beta gamma control 1 control 2 

0.08 0.70 4.4227 -0.5660 4.5628 -1.7477 -1.9044 

0.08 0.80 4.7324 0.4167 5.5842 -2.5888 -2.7625 

0.08 0.90 4.9672 -0.2791 5.6891 -2.5478 -2.6086 
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0.08 1.00 4.3786 0.7458 6.5154 -1.9891 -1.9955 

0.08 1.10 4.0478 1.0694 6.1277 -1.1486 -1.1336 

0.25 0.70 4.4022 -0.0522 3.8306 -0.8939 -0.5949 

0.25 0.80 4.4823 -1.6546 4.0202 -1.0014 -0.6184 

0.25 0.90 4.2005 -0.3050 4.6164 -1.1768 -0.8787 

0.25 1.00 3.8722 -0.7988 5.8410 -1.5926 -1.3651 

0.25 1.10 3.7548 0.3523 5.5371 -0.8048 -0.2530 

0.50 0.70 4.0126 -0.3981 2.4767 0.2382 0.6343 

0.50 0.80 3.9456 0.1335 3.3871 -0.4542 -0.0902 

0.50 0.90 3.7880 -0.8529 4.0054 -0.7313 -0.4676 

0.50 1.00 3.6013 -0.4300 5.0601 -1.2609 -1.0133 

0.50 1.10 3.4678 -0.1399 5.7855 -1.3247 -0.8230 

1.00 0.70 3.5115 0.5076 2.3881 0.2488 0.5806 

1.00 0.80 3.4718 0.3998 2.9884 -0.1940 0.0937 

1.00 0.90 3.4577 0.7592 3.4635 -0.4644 -0.2779 

1.00 1.00 3.2826 1.8534 4.6726 -1.2048 -1.0569 

1.00 1.10 3.2125 -0.9373 5.5330 -1.5022 -1.1508 

1.50 0.70 3.1724 0.3535 2.7199 -0.1166 0.1125 

1.50 0.80 3.1920 0.8216 2.9312 -0.2208 0.0371 

1.50 0.90 3.3078 1.1025 2.9591 -0.1021 0.1975 

1.50 1.00 3.0842 0.7692 4.5168 -1.2094 -1.0721 

1.50 1.10 3.1568 0.2696 4.6973 -0.8578 -0.4184 
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Table 4. Relative importance of macro-financial variables 
This table reports the relative importance of the macro-financial variables using LASSO regression. With 
eigenvalues obtained from conducting PCA on the data of 127 macro-financial variables, we calculate a 
Lasso coefficient multiplied by the eigenvector for each macro-financial variable, for which the time-series 
average and standard deviation are used to calculate the t-value of each macro-financial variable using 

(Fama-MacBeth) 𝑡 − 𝑣𝑎𝑙𝑢𝑒 =  𝑚𝑒𝑎𝑛 / 𝑠𝑡𝑑 / √𝑇 . The LASSO alpha (L1 hyperparameter) ranges from 
0.0001 to 20. 
 
Penal A. alpha = 0.0008 

No. FRED Category Description t-value 

1 USCONS Labor Market All Employees: Construction 1.998 

2 USTPU Labor Market All Employees: Trade, Transportation & Utilities -1.983 

3 GS10 
Interest rate and 

Exchange rates 
10-Year Treasury Rate -1.998 

4 HWI Labor Market Help-Wanted Index for United States 2.067 

5 INDPRO Output and Income IP Index 2.055 

6 UEMP15OV Labor Market Civilians Unemployed - 15 Weeks & Over 2.047 

7 WPSID62 Prices 
Producer Price Index by Commodity: Intermediate Demand by 

Commodity Type: Unprocessed Goods for Intermediate Demand 
2.067 

8 CPIAPPSL Prices CPI: Apparel 2.082 

9 M2SL Money and Credit M2 Money Stock 1.997 

10 USFIRE Labor Market All Employees: Financial Activities -1.996 

11 GS1 
Interest rate and 

Exchange rates 
1-Year Treasury Rate 1.992 

12 TWEXAFEGSMTHx Others Nominal Major Currencies U.S. Dollar Index (Goods Only) -1.992 

13 VIXCLSx Stock Market CBOE S&P 100 Volatility Index: VXO -2.020 

14 CE16OV Labor Market Civilian Employment 2.042 

15 WPSFD49502 Prices 
Producer Price Index by Commodity: Final Demand: 

Personal Consumption Goods 
2.002 

16 CES3000000008 Labor Market Avg Hourly Earnings: Manufacturing 2.018 

17 UNRATE Labor Market Civilian Unemployment Rate -1.961 

Penal B. alpha=0.00082 
No FRED Category Description t-value 

1 USCONS Labor Market All Employees: Construction 1.993 

2 RETAILx Orders and Inventories Retail and Food Services Sales -1.961 

3 USTPU Labor Market All Employees: Trade, Transportation & Utilities -1.996 

4 GS10 
Interest rate and 

exchange rates 
10-Year Treasury Rate -1.990 

5 HWI Labor Market Help-Wanted Index for United States 2.065 

6 WPSFD49207 Prices Producer Price Index by Commodity: Final Demand: Finished Goods -1.962 

7 INDPRO Output and Income IP Index 2.049 

8 UEMP15OV Labor Market Civilians Unemployed - 15 Weeks & Over 2.056 

9 WPSID62 Prices 
Producer Price Index by Commodity: Intermediate Demand by 

Commodity Type: Unprocessed Goods for Intermediate Demand 
2.064 

10 CPIAPPSL Prices CPI : Apparel 2.087 

11 M2SL Money and Credit M2 Money Stock 1.989 

12 USFIRE Labor Market All Employees: Financial Activities -2.011 

13 GS1 
Interest rate and 
exchange rates 

1-Year Treasury Rate 1.985 

14 
TWEXAFEGSMTH

x 
Others Nominal Major Currencies U.S. Dollar Index (Goods Only) -1.985 

15 VIXCLSx Stock Market CBOE S&P 100 Volatility Index: VXO -2.017 

16 CE16OV Labor Market Civilian Employment 2.079 

17 WPSFD49502 Prices 
Producer Price Index by Commodity: Final Demand: 

Personal Consumption Goods 
2.025 
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18 CES3000000008 Labor Market Avg Hourly Earnings : Manufacturing 2.051 

19 IPDCONGD Output and Income IP: Durable Consumer Goods -1.963 

Penal C. alpha = 0.00084 
No FRED Category Description t-value 

1 USCONS Labor Market All Employees: Construction 1.970 

2 RETAILx Orders and Inventories Retail and Food Services Sales -1.961 

3 PCEPI Prices Personal Cons. Expend: Chain Index 1.981 

4 USTPU Labor Market All Employees: Trade, Transportation & Utilities -1.997 

5 
GS10 

Interest rate and Exchange 
rates 

10-Year Treasury Rate -1.962 

6 HWI Labor Market Help-Wanted Index for United States 2.042 

7 WPSFD49207 Prices Producer Price Index by Commodity: Final Demand: Finished Goods -1.973 

8 INDPRO Output and Income IP Index 2.022 

9 UEMP15OV Labor Market Civilians Unemployed - 15 Weeks & Over 2.047 

10 
WPSID62 

Prices 
Producer Price Index by Commodity: Intermediate Demand by 

Commodity Type: Unprocessed Goods for Intermediate Demand 
2.037 

11 CPIAPPSL Prices CPI : Apparel 2.065 

12 M2SL Money and Credit M2 Money Stock 1.960 

13 USFIRE Labor Market All Employees: Financial Activities -2.013 

14 VIXCLSx Stock Market CBOE S&P 100 Volatility Index: VXO -1.989 

15 CE16OV Labor Market Civilian Employment 2.082 

16 
WPSFD49502 

Prices 
Producer Price Index by Commodity: Final Demand: 

Personal Consumption Goods 
2.032 

17 CES3000000008 Labor Market Avg Hourly Earnings : Manufacturing 2.045 

18 IPDCONGD Output and Income IP: Durable Consumer Goods -1.972 

19 IPDMAT Output and Income IP: Durable Materials 1.962 
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Table 5. Top 20 nonlinear relationships between macro-financial variables  
This table reports the t-values for the 20 most significant macro-financial variables obtained from the 
LASSO regression using 8,128 variables. These variables include 127 macro-financial variables and 8,001 
interaction variables. The interaction variables are constructed using 127 macro-financial variables. We 
follow Steps 4−6 introduced under 3.1 Empirical methods with some variations such as, in Step 4, we 
calculate the inverse of the diagonal matrix of Σ𝑡  to generate 𝑑𝑧𝑣,𝑡 . With eigenvalues obtained from 

conducting PCA on the data of 8,128 macro-financial variables, we calculate a Lasso coefficient multiplied 
by the eigenvector for each macro-financial variable, of which the time-series average and standard 
deviation are used to calculate a t-value of each macro-financial variable using (Fama-MacBeth) 𝑡 −

𝑣𝑎𝑙𝑢𝑒 =  𝑚𝑒𝑎𝑛 / 𝑠𝑡𝑑 / √𝑇 . The LASSO alpha (L1 hyperparameter) is 0.00082 
 

No Variable Name Description t-value 

1 UEMPLT5_USCONS (Civilians Unemployed - Less Than 5 Weeks) * (All Employees: Construction) 1.996 

2 UEMP15OV_BUSINVx (Civilians Unemployed - 15 Weeks & Over) * (Total Business Inventories) 1.996 

3 AMDMUOx_AAA (Unfilled Orders for Durable Goods) * (Moody’s Seasoned Aaa Corporate Bond Yield) 1.996 

4 

ISRATIOx_CES30000000

08 (Total Business: Inventories to Sales Ratio) * (Avg Hourly Earnings : Manufacturing) 1.996 

5 AWHMAN_NONREVSL (Avg Weekly Hours : Manufacturing) * (Total Nonrevolving Credit) 1.996 

6 

CLAIMSx_CES060000000

7 (Initial Claims) * (Avg Weekly Hours : Goods-Producing) 1.996 

7 USGOOD_GS5 (All Employees: Goods-Producing Industries) * (5-Year Treasury Rate) 1.996 

8 IPFPNSS_EXJPUSx (IP: Final Products and Nonindustrial Supplies) * (Japan / U.S. Foreign Exchange Rate) -1.996 

9 UEMPMEAN_CPITRNSL (Average Duration of Unemployment (Weeks)) * (CPI : Transportation) -1.996 

10 MANEMP_BAA (All Employees: Manufacturing) * (Moody’s Seasoned Baa Corporate Bond Yield) 1.996 

11 
DPCERA3M086SBEA_H

WI (Real personal consumption expenditures) * (Help-Wanted Index for United States) -1.996 

12 TB3MS_CES2000000008 (3-Month Treasury Bill) * (Avg Hourly Earnings : Construction) 1.996 

13 HOUSTS_NONREVSL (Housing Starts, South) * (Total Nonrevolving Credit) 1.995 

14 REALLN_BAA 

(Real Estate Loans at All Commercial Banks) * (Moody’s Seasoned Baa Corporate Bond 

Yield) -1.995 

15 UEMPMEAN_HOUSTS (Average Duration of Unemployment (Weeks)) * (Housing Starts, South) 1.995 

16 IPFPNSS_PERMITS 

(IP: Final Products and Nonindustrial Supplies) * (New Private Housing Permits, South 

(SAAR)) 1.995 

17 M2SL_CUSR0000SA0L2 (M2 Money Stock) * (CPI : All items less shelter) 1.995 

18 UEMPMEAN_HOUST 
(Average Duration of Unemployment (Weeks)) * (Housing Starts: Total New Privately 

Owned) 1.995 

19 IPFPNSS_HOUSTW (IP: Final Products and Nonindustrial Supplies) * (Housing Starts, West) 1.995 

20 PAYEMS_PERMITNE (All Employees: Total nonfarm) * (New Private Housing Permits, Northeast (SAAR)) -1.995 
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Appendix I. Five-step procedure to balance the panel of 

macro-financial variables 

  

Step 1. Use the tcode from McCracken and Ng (2016) to transform the data.  

 

Step 2. Normalize the outcome from the first step because “observations that are missing 

are initialized to the unconditional mean based on the non-missing values (which is zero 

since the data are demeaned and standardized) so that the panel is re-balanced 

(McCracken and Ng, 2016).” 

 

Step 3. Use the generated panel data to obtain factors and loadings before rewriting the 

missing values with the estimates of the lambda times factor.  

 

Step 4. Use the standard deviation and mean estimates obtained in the process of 

normalization in Step 2 to inverse the normalization to obtain the original data form.  

 

Step 5. Repeat Step 2 to 4 until missing values do not change. 
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Appendix II. List of macro-financial variables 

 

The table lists all 127 macro-financial variables along with the variable names, descriptions, and tcodes, 

following Ludvigson and Ng (2009). The tcode column denotes the following data transformation for 

a series 𝑥:   

1. No transformation  

2. Δ𝑥𝑡 

3. Δ2𝑥𝑡 

4.  log(𝑥𝑡) 

5.  Δ log(𝑥𝑡) 

6.  Δ2 log(𝑥𝑡) 

7.  Δ (
𝑥𝑡

𝑥𝑡−1
− 1.0) 

Category FRED Description tcode 

Output and 

Income 

IPDCONGD IP: Durable Consumer Goods 5 

IPFUELS IP: Fuels 5 

IPBUSEQ IP: Business Equipment 5 

IPDMAT IP: Durable Materials 5 

IPNCONGD IP: Nondurable Consumer Goods 5 

IPFPNSS IP: Final Products and Nonindustrial Supplies 5 

IPNMAT IP: Nondurable Materials 5 

IPCONGD IP: Consumer Goods 5 

IPMAT IP: Materials 5 

IPFINAL IP: Final Products (Market Group) 5 

INDPRO IP Index 5 

RPI Real Personal Income 5 

IPB512228 IP: Residential Utilities 5 

IPMANSICS IP: Manufacturing (SIC) 5 

W875RX1 Real personal income ex transfer receipts 5 

CUMFNS Capacity Utilization: Manufacturing 2 

Labor Market 

UNRATE Civilian Unemployment Rate 2 

DMANEMP All Employees: Durable goods 5 

USCONS All Employees: Construction 5 

AWHMAN Avg Weekly Hours: Manufacturing 1 

UEMPSTO14 Civilians Unemployed for 5-14 Weeks 5 

USTPU All Employees: Trade, Transportation & Utilities 5 

PAYEMS All Employees: Total nonfarm 5 

HWIURATIO Ratio of Help Wanted/No. Unemployed 2 

CES3000000008 Avg Hourly Earnings: Manufacturing 6 

CES2000000008 Avg Hourly Earnings: Construction 6 

CLF160V Civilian Labor Force 5 

NDMANEMP All Employees: Nondurable goods 5 

CES0600000007 Avg Weekly Hours: Goods-Producing 1 

CE160V Civilian Employment 5 

SRVPRD All Employees: Service-Providing Industries 5 

UEMP270V Civilians Unemployed for 27 Weeks and Over 5 

UEMPMEAN Average Duration of Unemployment (Weeks) 2 

MANEMP All Employees: Manufacturing 5 

UEMPLTS Civilians Unemployed - Less Than 5 Weeks 5 
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Category FRED Description tcode 

CLAIMSx Initial Claims 5 

UEMP15T26 Civilians Unemployed for 15-26 Weeks 5 

UEMP15OV Civilians Unemployed - 15 Weeks & Over 5 

USFIRE All Employees: Financial Activities 5 

USGOOD All Employees: Goods-Producing Industries 5 

USGOVT All Employees: Government 5 

USTRADE All Employees: Retail Trade 5 

CES0600000008 Avg Hourly Earnings: Goods-Producing 6 

USWTRADE All Employees: Wholesale Trade 5 

AWOTMAN Avg Weekly Overtime Hours: Manufacturing 2 

CES1021000001 All Employees: Mining and Logging: Mining 5 

HWI Help-Wanted Index for United States 2 

Consumption 
and Orders 

HOUSTMW Housing Starts, Midwest 4 

HOUSTNE Housing Starts, Northeast 4 

PERMITS New Private Housing Permits, South (SAAR) 4 

PERMITW New Private Housing Permits, West (SAAR) 4 

HOUST Housing Starts: Total New Privately Owned 4 

PERMIT New Private Housing Permits (SAAR) 4 

HOUSTW Housing Starts, West 4 

PERMITMW New Private Housing Permits, Midwest (SAAR) 4 

PERMITNE New Private Housing Permits, Northeast (SAAR) 4 

HOUSTS Housing Starts, South 4 

Orders and 

Inventories 

UMCSENTx Consumer Sentiment Index 2 

DPCERA3MO86SBEA Real personal consumption expenditures 5 

RETAILx Retail and Food Services Sales 5 

AMDMUOx Unfilled Orders for Durable Goods 5 

BUSINVX Total Business Inventories 5 

ISRATIOx Total Business: Inventories to Sales Ratio 2 

ANDENOx New Orders for Nondefense Capital Goods 5 

ACOGNO New Orders for Consumer Goods 5 

CMRMTSPLx Real Manu. and Trade Industries Sales 5 

AMDMNOx New Orders for Durable Goods 5 

Money and 

Credit 

MISL M1 Money Stock 6 

DTCTHFNM Total Consumer Loans and Leases Outstanding 6 

M2REAL Real M2 Money Stock 5 

INVEST Securities in Bank Credit at All Commercial Banks 6 

REALLN Real Estate Loans at All Commercial Banks 6 

M2SL M2 Money Stock 6 

NONBORRES Reserves Of Depository Institutions 7 

TOTRESNS Total Reserves of Depository Institutions 6 

DICOLNVHFNM Consumer Motor Vehicle Loans Outstanding 6 

BUSLOANS Commercial and Industrial Loans 6 

NONREVSL Total Nonrevolving Credit 6 

CONSPI Nonrevolving consumer credit to Personal Income 2 

Interest rate and 
Exchange Rates 

AAA Moody’s Seasoned Aaa Corporate Bond Yield 2 

EXJPUSx Japan / U.S. Foreign Exchange Rate 5 

T10YFFM 10-Year Treasury C Minus FEDFUNDS 1 

TB3MS 3-Month Treasury Bill 2 

GS1 1-Year Treasury Rate 2 

BAAFFM Moody’s Baa Corporate Bond Minus FEDFUNDS 1 

EXCAUSx Canada / U.S. Foreign Exchange Rate 5 

BAA Moody’s Seasoned Baa Corporate Bond Yield 2 

EXSZUSx Switzerland / U.S. Foreign Exchange Rate 5 

COMPAPFFx 3-Month Commercial Paper Minus FEDFUNDS 1 

CP3Mx 3-Month AA Financial Commercial Paper Rate 2 

GS5 5-Year Treasury Rate 2 

TIYFFM 1-Year Treasury C Minus FEDFUNDS 1 
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Category FRED Description tcode 

TB6SMFFM 6-Month Treasury C Minus FEDFUNDS 1 

FEDFUNDS Effective Federal Funds Rate 2 

TB3SMFFM 3-Month Treasury C Minus FEDFUNDS 1 

GS10 10-Year Treasury Rate 2 

AAAFFM Moody’s Aaa Corporate Bond Minus FEDFUNDS 1 

TB6MS 6-Month Treasury Bill 2 

EXUSUKx U.S. / U.K. Foreign Exchange Rate 5 

TSYFFM 5-Year Treasury C Minus FEDFUNDS 1 

Prices 

CUSR0000SA0L2 CPI: All items less shelter 6 

DDURRG3M086SBEA Personal Cons. Exp: Durable goods 6 

CPIMEDSL CPI: Medical Care 6 

WPSFD49207 Producer Price Index by Commodity: Final Demand: Finished Goods 6 

WPSID62 
Producer Price Index by Commodity: Intermediate Demand by Commodity: 

Unprocessed Goods for Intermediate Demand 
6 

CPIAUCSL CPI: All Items 6 

CPIAPPSL CPI: Apparel 6 

DNDGRG3M086SBEA Personal Cons. Exp: Nondurable goods 6 

CUSR0000SA0L5 CPI: All items less medical care 6 

WPSID61 
Producer Price Index by Commodity: Intermediate Demand by Commodity: Processed 

Goods for Intermediate Demand 
6 

CUSR0000SAS CPI: Services 6 

OILPRICEx Crude Oil, spliced WTI and Cushing 6 

CUSR0000SAD CPI: Durables 6 

CPITRNSL CPI: Transportation 6 

PCEPI Personal Cons. Expend: Chain Index 6 

DSERRG3M086SBEA Personal Cons. Exp: Services 6 

CPIULFSL CPI: All Items Less Food 6 

WPSFD49502 Producer Price Index by Commodity: Final Demand: Personal Consumption Goods 6 

PPICMM PPI: Metals and metal products 6 

CUSR0000SAC CPI: Commodities 6 

Stock Market 

S&P: industry S&P’s Common Stock Price Index: Industrials 5 

S&P div yield S&P’s Composite Common Stock: Dividend Yield 2 

VIXCLSx CBOE S&P 100 Volatility Index: VXO 1 

S&P500 S&P’s Common Stock Price Index: Composite 5 

S&P PE ratio S&P’s Composite Common Stock: Price-Earnings Ratio 5 

Others 
TWEXAFEGSMTHx Nominal Major Currencies U.S. Dollar Index (Goods Only) 5 

BOGMBASE St. Louis Adjusted Monetary Base 6 

 

 


